
 

 

 
Copyright Undertaking 

 

This thesis is protected by copyright, with all rights reserved.  

By reading and using the thesis, the reader understands and agrees to the following terms: 

1. The reader will abide by the rules and legal ordinances governing copyright regarding the 
use of the thesis. 

2. The reader will use the thesis for the purpose of research or private study only and not for 
distribution or further reproduction or any other purpose. 

3. The reader agrees to indemnify and hold the University harmless from and against any loss, 
damage, cost, liability or expenses arising from copyright infringement or unauthorized 
usage. 

 

 

IMPORTANT 

If you have reasons to believe that any materials in this thesis are deemed not suitable to be 
distributed in this form, or a copyright owner having difficulty with the material being included in 
our database, please contact lbsys@polyu.edu.hk providing details.  The Library will look into 
your claim and consider taking remedial action upon receipt of the written requests. 

 

 

 

 

 

Pao Yue-kong Library, The Hong Kong Polytechnic University, Hung Hom, Kowloon, Hong Kong 

http://www.lib.polyu.edu.hk 



i 
 

 

THE LONG-TERM SPATIOTEMPORAL 

DYNAMICS OF SAND DUNES IN ARID 

ENVIRONMENT STUDIED WITH OPTICAL 

SATELLITE IMAGERY 
 

 

 

SALEH ESLAM ALI HUSSEIN  

 

 

PhD  

 

 

 

The Hong Kong Polytechnic University 

2022 



ii 

The Hong Kong Polytechnic University 

The Department of Land Surveying and Geo-Informatics 

The Long-Term Spatiotemporal Dynamics of Sand Dunes in 
Arid Environment Studied with Optical Satellite Imagery 

SALEH ESLAM ALI HUSSEIN 

A thesis submitted in partial fulfillment of the requirements 

for the degree of Doctor of Philosophy 

January 2022



iii 

CERTIFICATE OF ORIGINALITY 

I hereby declare that this thesis is my own work and that, to the best of my knowledge and belief, it 

reproduces no material previously published or written, nor material that has been accepted for the 

award of any other degree or diploma, except where due acknowledgment has been made in the text. 

Signature:  

Name of Student: SALEH ESLAMALI HUSSEIN 



iv 
 

Dedication 
 

I would like to dedicate this work and Ph.D. dissertation to the following:  

• I would like to dedicate this work to the soul of my father Ali Saleh. I ask God to bless you 

with mercy and forgiveness and be in heaven’. How I wish you were with me now and testified 

to what has been achieved. I hope this will be in the balance of your good deeds, who gave me 

life. 

• I would like to dedicate this work to my mother, the great lady who taught and raised me, and 

she has credit for everything I have reached now. I ask God to give you health and wellness and 

to be able to answer even a small part of what you did for me. 

• I would also like to dedicate this work to my dear uncle Imam Saleh whom I consider my 

second father. You have done so many things for us. I ask God to give you health and wellness 

and to extend your life and bless you. 

• Finally, I would like to dedicate this work to my younger brother Mustafa Ali and sister Omnia 

Ali. I ask Almighty God to always unite us brothers in love, to bless you in your lifetime, and to 

see you as the best of people. You are my source of support. 



v 
 

Acknowledgments 
 I would like to thank my GOD for guiding me to all the great things I have accomplished 

in my life. 

 One of the great things about the journey of Ph.D. is working with so many enthusiastic 

and intelligent people. I have been fortunate to meet many of them, and they have played 

an essential role in the completion of my Ph.D. On the eve of my Ph.D., I would like to 

thank those who have helped and guided me along the way. 

 Firstly, I would like to thank my advisor Prof. Wenbin Xu for everything he has taught me 

on my way to the Ph.D. I would like to thank him for his valuable guidance, encouragement, 

and insights throughout the process. Thank you for everything, and I wish you all the best 

with more papers, funds, and awards. I hope we will keep in touch in the future and work 

together. 

 Secondly, I would like to thank my supervisor, Prof. Xiaoli Ding, for accepting me into his 

group and giving me support, guidance, and encouragement. Thank you, Professor, for 

allowing me to be one of your students. I hope we will keep in touch in the future and work 

together. 

 My special thanks to Dr. Waleed Darwish and Dr. Wael Mohamed, who were the first 

Egyptians to study in the department and who, as potential candidates, paved the way for 

us to come here and start a Ph.D. Personally, I would like to thank both for their advice, 

help, support, and guidance. I wish you all the best for successful collaboration in the future. 

 Special thanks to my office mate and group mate Lei Xie. It was a lovely time to work with 

you in a group. I hope we will keep in touch in the future. 



vi 
 

 I would like to express my gratitude and profound thanks to my comrades in struggle, who 

came with me on the same flight to start our Ph.D. in the LSGI department, Ahmed 

Mansour, Amr El-Demery, and Ahmed Senussi. It was great to be with you, and I wish you 

all the best. 

 Special thanks to my dear and close friend Ahmed Mansour for his help, support, patience, 

and great soul. I wish you all the best and hope our friendship last forever. May Allah bless 

you. 

 I would also like to thank all my Friends in the LSGI department, Reda Fekry, Mahmoud 

Adam, Dr. Sarah Hassan, and Dr. Sawid Abbas.  

 I would like to express my gratitude and profound thanks to Dr. Abdelrahman El-Toukhy, 

for his help and support. I wish you all the best with more papers, funds, and awards.  

 I would like to show my great thanks to my Board of an examination chair, Dr. Wallace Wai 

Lok LAI, and my external examiners Prof. Mohamed Hereher, and Prof. FUNG Tung. 

  Finally, I could not gather my thoughts and feelings to express my gratitude and 

appreciation for my family. My most profound appreciation goes to those who always 

encouraged me. My sincere appreciation goes to my mother, brother, sisters, and uncle for 

their moral support and encouragement, although my father could not see me this day. 

 

 

 

 

 

 

 



vii 
 

Abstract 
 

Dunes are considered the most common landform in terrestrial and extraterrestrial deserts. In several 

desert areas on Earth, dune and sand sheet instabilities pose a significant threat to transportation 

networks, water supply routes, urban areas, and cultural sites. Monitoring dune migration in the 

spatiotemporal domains can, therefore, contribute to a deeper understanding of the underpinning aeolian 

processes and their interaction with environmental change. Moreover, information on dune migration 

can be used as an indicator of large-scale trends in windiness over large deserts (e.g., the Sahara). The 

scarcity of metrological stations in vast deserts hinders drawing a complete picture of dynamic dune 

behavior. Additionally, scaling measurements of single dunes at a specific time scale to a large 

spatiotemporal domain are considered a problem. Optical image cross-correlation (OICC) is considered 

a valuable tool for semi-automatic monitoring of deformation at the Earth's surface (i.e., earthquakes, 

glaciers, landslides, and dunes) with dense spatiotemporal resolution down to 1/10th of the pixel. 

However, limited studies using OICC to monitor dune migration by adjacently matching dozens of 

images over several years do not provide a complete picture of the temporal evolution of dune migration, 

especially over short timescales, due to sparse temporal coverage. Additionally, the dependency on 

adjacent matching with low redundancy levels would affect the solution uncertainty and spatial coverage. 

Previous studies that monitored other moving targets (i.e., landslides and glaciers) employed the inversion 

of OICC measurements; however, the inversion of time series is in its infancy. Time series inversion by 

constructing the full network of OICC measurements is considered promising in reducing signal-to-noise 

ratio (SNR), enhancing spatial coverage, and reducing uncertainty. However, the full network inversion 

suffers from the following: 1) high computational cost and data overhead, especially for free archives 

that provide images with a high temporal resolution, 2) the inversion results are affected by low-quality 

images and temporal decorrelation, and 3) false displacements may occur especially for targets with 
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uniform albedo and apparent topographic fluctuations (e.g., dunes and glaciers). In response to these 

limitations, this work is strongly motivated by the availability of the free Landsat-8 and Sentinel-2 archives, 

which offer data with enhanced radiometric, spatial resolutions, co-registration, and orthorectification 

accuracies. Thus, the main objective of this work is to introduce new quantitative methods for measuring 

dune velocity using these free archives with high spatiotemporal resolution and reliability based on optical 

image matching.  

The thesis is divided into three main parts: In part one, the improved optical image matching selection 

and inversion (OPTSI) algorithm is introduced to monitor the temporal evolution of dune movement in 

the Northwest Sand Sea of North Sinai (NSSS). This method is considered a small baseline subset (SBAS) 

simulation used extensively in the synthetic interferometric aperture radar (InSAR) domain. The 

methodological workflow of the OPTSI algorithm includes two main steps: (1) defining the baselines of 

the optical image matching and weighting these baselines according to their respective contribution to 

the uncertainty of the matching measurements, and (2) applying selection criteria that limit the baseline 

thresholds, especially the solar angles disparities while maintaining the connectivity of the network to 

reduce the oscillation of the singular value decomposition (SVD) inversion. To test the relationship 

between the baselines and the uncertainties, approximately 576 matching measurements are established 

over stable targets. The results show that the baselines can be weighted as follows: sun azimuth difference, 

sun elevation difference, temporal baseline, and spatial baseline. The OPTSI algorithm significantly 

reduces uncertainty on average up to 25% and improves spatial coverage on average up to 15% with low 

data overhead, especially for free image archives. 

In part two, a broader application of the OPTSI is performed with the merit of fusion between offset 

maps from two sensors before inversion to condense the temporal sampling to a weekly time scale. 

Condensing the temporal sampling of time series is considered of great importance for fast-moving 

targets that require matching images with short temporal span to preserve the surface changes and keep 
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updating about the dynamic behavior; however, short span pairs are more suspectable to geolocation 

errors. Moreover, the presence of cloud cover, dust storms, or haze would inherently affect the number 

of images and, consequently the temporal sampling of time series. Therefore, the OPTSI algorithm was 

extended and applied to monitor the fastest barchan dunes of northern Chad's fastest barchan dunes in 

the Bodélé Depression (BD). This builds on a previous study by Vermeesch and Leprince (2012)  that 

introduced 26 years of time-series data (1984 to 2010) but did not provide information on the short-term 

behavior of dune migration and associated wind patterns in this region due to sparse temporal sampling. 

Furthermore, the adjacent paring criterion of matching images used to produce a time series fails to 

provide high spatial coverage and low uncertainty. The inversion algorithm first selects the appropriate 

images by constraining cloud coverage. However, the number of available scenes is primarily limited by 

cloud cover, especially during the rainy seasons prevalent in tropical regions, resulting in lower temporal 

sampling. Therefore, the fusion of two or more sensors is feasible for improving temporal sampling 

resolution and revealing complex deformation patterns at weekly timescales. The results show a recent 

deceleration occurred in the recent decade in the activity of aeolian features in the Bodélé Depression 

compared to the previous decade.  

In part three, the work is extended to monitor the spatiotemporal variability of dune velocities and 

corresponding uncertainties for the entire NSSS and demonstrate their determination from the matched 

measurements. Matched pairs are selected so that the differences in solar angles are small and span at 

least one year. Such a selection scheme helps reduce shadowing artifacts in the deformation fields and 

the error budget in converting displacements to annual velocities. The fusion of individual velocities 

allows the estimation of final velocities for approximately 98.8% of the studied dune areas. The stable 

regions are used to estimate 95% confidence intervals for the final velocities and extend these calculations 

to the dune targets. The coherence of the final velocity vectors is then estimated, which is used as an 

indicator of the homogeneity of migration directions between offset maps. The process of selecting high-
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quality pairs and then merging individual maps shows high performance in terms of spatial coverage and 

reliability of the extracted velocities.  

In summary, the following points can be concluded: 1) the OPTSI algorithm shows promise for 

evaluating the temporal evolution of dune movement with low uncertainty, low data burden, and high 

spatial coverage. More broadly, the algorithm can be applied to dune studies with different environmental 

conditions and other mobile targets (e.g., glaciers and landslides), 2) the fusion of offset maps from two 

sensors before the inversion would help condense the temporal sampling up to a weekly time scale, 

especially for fast-moving targets and regions where the number of images is limited by the presence of 

haze, dust, or cloud cover, 3) the selection criteria before pairing images helps control artificial 

deformation and shadowing artifacts, 4) the fusion of groups of individual offset maps helps estimate the 

average annual rates (AAR) of dune velocities, prevailing migration direction (PMD) and the 

corresponding uncertainties. The spatial uncertainties of the final velocities after fusion of individual 

offset maps help investigate the seasonal patterns of dune migration and consequently understand the 

variability of wind regimes. To sum up, information obtained on migration rates and directions from the 

matching measurements with large spatiotemporal resolution can be used as a proxy for windiness, 

especially given the paucity of metrological records in many desert regions and compensate for the 

scarcity of wind data. Additionally, such information can be used to prioritize field studies, especially in 

high-risk areas, to implement stabilization procedures.  

Keywords: Dune dynamics; dune migration; dune mobility; image cross-correlation; optical image 

matching; COSI-Corr; Landsat-8; Sentinel-2; Sentinel-1; time series inversion; North Saini Sand Sea; 

Bodélé Depression. 
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Chapter 1. Introduction
 

1.1 Research Background  

Dunes are the most common landforms in terrestrial and extraterrestrial deserts. In several desert areas 

on Earth, dune and sand instability poses a significant threat to transportation networks, water supply 

routes, urban areas, cultural sites, and human activity (e.g., Ahmady-Birgani et al., 2017; Ding et al., 2020; 

Middleton and Sternberg, 2013). Furthermore, monitoring dune migration in time and space contributes 

to a deeper understanding of the underpinning aeolian processes and their relationships to 

environmental change (Hugenholtz et al., 2012). In addition, information on dune migration can be used 

as an indicator of large-scale trends in windiness over large deserts (e.g., the Sahara), which can influence 

the global dust budget (Vermeesch and Leprince, 2012). Most previous studies have used on-site 

measurements, yet while these measurements provide an accurate solution, such data have typically only 

been used to monitor individual dunes. They are often hampered by higher time and cost requirements 

(Hugenholtz et al., 2012). Scaling measurements made on individual dunes, at a specific time scale, to 

large spatial and temporal scales is seen as a challenge, particularly for studies related to modeling the 

spatial patterns of dunes (Scheidt and Lancaster, 2013).  

The revolution in remote sensing (RS) techniques since the 1970s opened the door for the transition 

from monitoring individual dunes to dune-field-scale studies (Hugenholtz et al., 2012). Indeed, the use 

of RS data and spatial analysis (SA) techniques has enabled the study of various aspects of dune activity, 

patterns, dynamics, and hierarchies (Hugenholtz et al., 2012). The development of RS data, including 

optical and radar imagery and digital elevation models (DEMs), allows the study of geomorphological 

change based on dense spatiotemporal measurements. Several approaches to optical imagery analysis 

have been used to capture information about dune dynamics at different resolutions, including classical 
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methods and visual interpretation (e.g., Hamdan et al., 2016; Mohamed and Verstraeten, 2012), GIS 

strategies (e.g., El-magd et al., 2013; García-Romero et al., 2021), and optical image cross-correlation 

(OICC) (e.g., Hermas et al., 2012; Scheidt and Lancaster, 2013; Vermeesch and Drake, 2008). In some 

studies, volumetric changes of dunes have been monitored using multitemporal DEMs obtained from 

either LiDAR (Dong et al., 2021; Grohmann et al., 2020) or unmanned aerial vehicles (UAVs) (e.g., 

Laporte-Fauret et al., 2019; Pagán et al., 2019). These multitemporal DEMs can provide accurate 

information on erosion and deposition rates but are hampered by cost and limited spatial coverage.  

With the rapid development of OICC, mapping the surface displacement of large areas with high spatial 

and temporal resolution is now possible and reliable (Stumpf et al., 2016, 2017). Various types of data 

have been used to perform such correlations, including optical and synthetic aperture radar (SAR) 

images and DEMs. Optical imagery is most commonly used due to the availability of accessible archives 

(Dille et al., 2021). To reveal temporal patterns of Earth surface change, multitemporal optical image 

cross-correlation (MT-OICC) and interferometric SAR (MT-InSAR) measurements have been 

combined/inverted into time series datasets (e.g., Dehecq et al., 2015; Derkacheva et al., 2020; 

Fahnestock et al., 2016; Millan et al., 2019; Mouginot et al., 2017). The inversion of time series datasets 

is a common practice in the case of InSAR (Berardino et al., 2002; Casu et al., 2011), with Small Baseline 

Subset (SBAS) (Berardino et al., 2002) being the most used method to select interferogram networks, 

constraining their temporal and spatial baselines to improve temporal decorrelation. Although InSAR 

measurements are not affected by solar irradiance or cloud conditions, other limitations make them 

unsuitable for monitoring the Earth's surface deformation. These limitations include the intrinsic 

properties of the phase signal and the temporal decorrelation associated with vegetation or moisture 

changes, deformation rate, and surface geometry (Dille et al., 2021). Therefore, image cross-correlation 

(feature tracking) dependence on optical or SAR images is considered feasible. Optical images are most 

often used as the inputs to the correlation process. OICC inversion of time-series data has recently been 



Chapter 1. 5BIntroduction 

3 
 

used to monitor the temporal evolution of various targets, including landslides and glaciers (e.g., Altena 

et al., 2019; Bontemps et al., 2018; Derkacheva et al., 2020; Lacroix et al., 2019). While the inversion of 

optical image matching measurements is considered in its infancy, this approach shows promising 

performance in reducing measurement uncertainty and maintaining spatial coverage (Bontemps et al., 

2018).  

1.2 Problem Statement and Research Gaps 

Classical remote sensing methods from arial or satellite images are handicapped by reproducibility, low 

accuracy, time-consuming, and affected by the shadows and seasonal illuminations. The dependency on 

DEMs from either LIDAR or UAVs provides a promising technique to monitor the spatiotemporal 

variability of sand erosion and deposition and the sand mass balance. Additionally, the crest lines’ 

separation method may be used to estimate the dune migration between two adjacent dates. However, 

the potentiality of the LIDAR DEMs is marred by the low spatial coverage and high cost. It is worth 

mentioning that dune dynamics are highly correlated to the wind regime whereas the scarcity of 

metrological stations in vast desert hinders drawing a complete picture of dune dynamics and seasonal 

variation of dune movement. OICC has not been widely used to monitor dune migration velocities; 

however, the potential performance of the technique in retrieving earth surface deformation for targets 

deforming from a few pixels up to dozens of pixels with accuracy up to 1/10 of the pixel size. Limited 

studies (e.g., Hermas et al., 2012; Scheidt and Lancaster, 2013; Vermeesch and Drake, 2008) have 

employed the OICC to monitor the dune migration in several dune fields, and they reported the 

potential of the matching techniques for determining dune migration rates at the subpixel scale. Until 

the beginning of this work and to the best of the author’s knowledge, previous studies have not used 

OICC along with accessible archives of optical images (i.e., L8 and S2) to monitor dune movement. In 

addition, no other study introduced historical monitoring of dune movement except the study by 
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Vermeesch and Leprince (2012), where they used only seven images from different archives to monitor 

the historical dune movement at the Bodélé depression, which consequently affected the temporal 

sampling and led to losing information about the aeolian activity behavior. It is worth mentioning that 

previous studies (e.g., Hermas et al., 2012; Scheidt and Lancaster, 2013; Vermeesch and Drake, 2008) 

have not given sufficient attention to the uncertainty and sources of error associated with the matching 

measurements. 

On the other hand, some studies (e.g., Altena et al., 2019; Bontemps et al., 2018; Derkacheva et al., 2020; 

Lacroix et al., 2019) have investigated the temporal patterns of different targets (e.g., glaciers and 

landslides) by employing either the OICC or the InSAR technique and have considered the redundancy 

of the deformation measurements before combining or inverting to produce a time series. Notably, the 

dependency on redundant measures to evaluate the temporal patterns of earth surface leads to enhanced 

spatial coverage and decreased uncertainty. In principle, the InSAR measurements are not suitable for 

monitoring dune migration because the temporal decorrelation being lost with fine-scale movements. 

The inversion of optical image time-series datasets is considered a valuable tool for determining 

deformation at the Earth's surface; however, the application of inversion together with optical imagery 

remains in its infancy, and limited studies have been employed (e.g., Altena et al., 2019; Bontemps et al., 

2018; Lacroix et al., 2019). Bontemps et al. ( 2018) firstly introduced the inversion of OICC 

measurements with SPOT-5 images to monitor the dynamics of slow-moving landslides. They exploited 

the whole redundancy level by generating the full network to increase the redundancy levels of the 

matching measurements to help decrease the signal-to-noise ratio. From the previous discussion, we 

divided our investigation into three branches as follows  (see Figure 1-1): 1) investigating studies that 

employed OICC to monitor dune migration, 2) investigating the studies that introduced historical 

monitoring of dune migration employing OICC measurements, and 3) investigating the studies that 
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introduced inversion of time series employing OICC measurements to monitor other moving targtes 

(e.g., Landslides and glaciers).  

 

Figure 1-1: schematic diagram represents the four aspects considered to define the research gaps 

After investigating the three branches as mentioned before and to the best of my knowledge, the 

following knowledge gaps can be identified:  

 Limited studies have employed the OICC to monitor the dune movements; however, the 

potentiality of the technique in estimating the surface deformation from a few pixels to dozens 

of pixels.  

 Few studies have focused on developing time-series datasets of dune migration using OICC 

measurements in terrestrial and extraterrestrial deserts. 
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 Many existing studies have generally used a limited number of images with adjacent matching 

schemes to monitor the temporal evolution of dune movement. The adjacent paring criterion 

has the following limitations: 

 Loss of spatial coverage and high solution uncertainty due to the limited number of 

matched measurements shared in generating the time series.  

 Loss of complex dynamic behavior, especially over short timescales (i.e., monthly to 

weekly). 

 Higher geolocation errors when pairing images with short baselines to monitor fast 

targets over short temporal scales. 

 Few studies have employed OICC-based time series inversion as a valuable tool for monitoring 

Earth surface deformation. 

 Previous studies that have employed OICC time-series inversion to monitor other targets (i.e., 

glaciers and landslides) have established full networks of matched pairs for either commercial 

or accessible archives and reported the presence of seasonal signals and temporal decorrelation 

due to significant differences in solar angles and time intervals. Moreover, the creation of a 

complete network is considered time-consuming and data-intensive, especially for free archives 

that provide a large number of images. Moreover, large changes in solar illumination for 

moving targets with uniform albedo and with topographic shadowing fluctuations (e.g., dunes) 

may lead to false displacements. 

 Few studies have addressed the spatiotemporal variability of dune velocity and the associated 

uncertainty at the dune-field scale depending on the matching results.  
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 Few studies have introduced a comprehensive framework to capture quantitative 

measurements of spatiotemporal variability of dune velocity and corresponding uncertainty at 

the dune-field scale. 

1.3 Research Objectives and Motivation  

OICC is considered a robust method that can contribute to monitoring dune activity by measuring the 

sub-pixel movement of dunes down to 1/10th of a pixel resolution. This technique provides accurate 

spatiotemporal monitoring of dunes at the dune-field scale when using medium-resolution imagery. 

Moreover, spatiotemporal tracking can be achieved at the macroscopic level using high-resolution 

imagery. The era of big data and the availability of free satellite imagery (i.e., Landsat-8 and Sentinel-2) 

motivate to develop a comprehensive methodology by exploiting the redundancy of OICC datasets for 

monitoring the complex patterns of Earth surface deformation. This work introduced a new framework-

based methodology to monitor the temporal evolution of dune migration using OICC-based inversion 

of time-series datasets from free optical image archives. The proposed methodology's overall purpose 

is to provide a suitable solution for monitoring the temporal evolution of dune migration (or any other 

mobile target) using freely available optical images while minimizing uncertainty and data burden and 

maximizing spatial and temporal resolution. To achieve these goals, the research objectives of this thesis 

can be summarized as follows : 

 To extend the application of OICC to monitor dune migration by employing the free optical image 

archives to monitor dune velocities with high reliability. 

 To deeply investigate the error sources associated with the OICC of optical images and find a 

solution to avoid it at the early beginning or try to reduce its effect in the filtering procedure.  

 To define the baselines associated with OICC and weight them according to their effect on the 

correlations process.  
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 To introduce a time-series-based inversion considering the high redundancy of the OICC 

measurement and matching only pairs with predefined baselines according to the weight of the 

baselines to monitor the historical movement. It is worth mentioning that limiting the baselines 

according to their weight and the high redundancy help decrease the uncertainty of the solution and 

enhance the spatial coverage. 

 To evaluate the performance of a time-series-based inversion algorithm in terms of spatial coverage 

and uncertainty compared to the inversion of a full pairing network introduced by Bontemps et al. 

(2018).  

 To extend and validate the application of the introduced algorithm (with suitable modification) to 

monitor other dune fields with different environmental and morphological conditions; and to 

evaluate the performance of the fusion between offset measurements from two sensors when 

condensing time-series data to weekly timescales, especially in regions where images are prone cloud 

or haze contamination. 

 To introduce a framework for monitoring the spatiotemporal variability of dune velocity and 

corresponding uncertainty based on matching measurements. It is worth mentioning that the 

spatiotemporal variability of dune movement/migration is nature in dune fields and sand seas. 

Therefore, it is expected to have variability in dune velocities between individual matching 

measurements. Therefore, assessing the degree of variability in dune velocity magnitudes and 

directions helps understand the wind regimes and compensate the absence of meteorological 

stations records. 

1.4 Research Significance and Value 

This work introduces a quantitative measurement methodology for dune migration rates and 

measurement uncertainty based on optical image matching. The importance of the work can be divided 



Chapter 1. 5BIntroduction 

9 
 

into two main aspects: (1) consistency and compatibility with existing scientific research, and (2) 

significance for environmental engineering. 

 Scientific significance: Dune movement is gaining importance as one of the most essential 

aspects of dune research, especially given advances in numerical modeling that allow a better 

understanding of dune dynamics and interactions. These advances compensate for the lack of field 

measurements, overcome temporal limitations, and help inform hypotheses about the gap between 

simulated and real-world geomorphological phenomena.  

 Environmental engineering significance: Monitoring dune mobility is a significant branch of 

dune research. Information on the temporal evolution of dune migration provides insight into high-

risk regions that must be considered when planning new engineering projects. For example, after the 

pilot study by Vermeersch and drake (2008), hydrocarbon companies have used the Co-registration 

of Optically Sensed Images and Correlation (COSI-Corr) technique to estimate the sand flux of dunes 

in their tender documents due to its importance for determining the safest and the most economical 

locations for the desert infrastructure, especially petroleum pipelines. In addition, time-series dune 

migration datasets can be used as an indicator of windiness, which is especially useful when no 

metrological stations are available. Finally, monitoring dune movement can inform the detection, 

mapping, and evaluation of desertification issues. 

1.5 Structure of the Thesis  

The component chapters are summarized below. Note that Chapters 4, 5, and 6 are based on stand-

alone papers that have been published in scientific journals. 

 Chapter 2 focuses on the background of dunes, including their distribution in terrestrial deserts, 

their dynamic patterns, and RS's contribution to the study of dunes. Standard methods for 

characterizing dune activity, patterns, and hierarchies are then reviewed alongside various dune 
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mobility indices. As the thesis's core purpose is to characterize dune activity using the cross-

correlation of optical images, optical image matching is then discussed as a tool for monitoring 

the deformation of the Earth's surface. Finally, time-series methods and trends based on the 

cross-correlation of images are discussed.  

 Chapter 3  introduces the research strategy used in this research. It is worth mentioning that 

the core of this research is the OICC together with  free archives from Landsat-8 and Sentinel-

2 to introduce a method that can monitor the spatiotemporal variability of dune velocities with 

high spatial coverage and low uncertainty. The comprehensive flow chart is presented, and the 

rationale behind each method is summarized in this chapter.  

 Chapter 4 introduces the OPTSI algorithm and its application to assess dune migration in the 

North Sinai Sand Sea (NSSS). First, an introduction describes previous studies and research 

gaps and how these gaps were filled. Second, a detailed description of the study area is provided. 

Third, the core mechanics of the OPTSI algorithm are presented, involving (1) defining and 

weighting the baselines; (2) generating a network based on limiting the baselines according to 

their weights and maintaining the connectivity of the network; and (3) matching the selected 

network and the inversion of the offset maps to estimate the time series of dune migration. 

Finally, the algorithm was validated, evaluated, and compared with a previous inversion 

algorithm using the full pairing network. This work has been published in the ISPRS Journal of 

Photogrammetry and Remote Sensing (Ali et al., 2020). 

 Chapter 5 presents the application of optical image matching selection and inversion of 

Landsat-8 and Sentinel-2 data to study dune migration patterns in the Bodélé Depression in 

northern Chad. Dune migration is compared to local wind speed and direction records, and 

migration patterns are examined weekly to decadal timescales. Multi-spatial coherence (MSC) is 
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estimated from Sentinel-1 interferograms to distinguish between active and stagnant regions. 

Matched measurements from the two sensors (i.e., Landsat-8 and Sentinel-2) are combined in 

overlapping areas to increase the temporal coverage of the observations without incurring 

excessive computational burden. This work contributes significantly to the literature due to its 

dense temporal sampling, low uncertainty, high spatial coverage, and low data overhead. This 

work is currently under review in Frontiers in Environmental Science 

 Chapter 6 presents the full coverage of dune velocities at the NSSS using optical image 

matching from the free Landsat-8 and Sentinel-2 archives. To improve the spatial coverage of 

the solution and control uncertainty, the velocities obtained from the individual matching 

results are combined. Before combining the matching results, the matching pairs with good 

radiometric and temporal baselines are selected to reduce the impact of shadows and 

geolocation errors when converting the displacements into annual velocities. Given the stable 

regions, the 95% confidence interval of the final velocities is calibrated, and the calibrated 

models are then used to estimate uncertainty for other targets. This work shows that the fusion 

of the individual velocities is beneficial for monitoring Earth surface displacements, such as 

dunes, glaciers, and landslides, with high spatial coverage and low uncertainty. This work has 

been published in the Journal of Remote Sensing (Ali et al., 2021). 

 Chapter 7 summarizes the research work, discussion, key findings, and, finally, 

recommendations for future work. 
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Chapter 2. Sand Dunes Dynamics and Optical 
Imagery Matching to Monitor Dune 

Migration 
 

2.1 Dune  Morphology and Dynamics   

2.1.1 Background of Dune Generations  

Deserts cover approximately one-third of Earth's land area. Earth's deserts are extremely diverse and 

each unique, but they all receive less than 250 mm of precipitation per year (Lancaster, 2009). According 

to this definition, deserts can be divided into the following sub-regions: subtropical, cool coastal, cold 

winter, and polar deserts. Figure 2-1 shows the distribution of these different types of deserts worldwide. 

Most dunes occur in contiguous areas where aeolian deposits are present, called "ergs" or "sand seas", 

with areas exceeding 100 km2 (Lancaster, 1997). Dune areas of a lesser extent may be called dune fields 

(Lancaster, 2009). Most sand seas occur in the ancient deserts of the Sahara, Arabia, Central Asia, and 

South Africa, where the coverage of sand seas ranges from 20% to 45% of the drylands. In the northern 

and southern deserts of the Americas, there are very few sand seas, covering less than 1% of dryland. 

The geochemical composition of most dunes is quartz and feldspar, while some dunes may also be 

composed of gypsum, carbonate, volcanic dust, and clay (Lancaster, 2009). The formation of dune areas 

is controlled by several factors, including the presence of sediment sources, the prevailing effective wind 

conditions, and the wind transport capacity. Important sediment sources include the ocean and beaches, 

lake bottoms after lakes dry up, floodplains of rivers, and deltas. Sediment availability is controlled by 

soil moisture content, precipitation, vegetation cover, and the presence of soil crusts. Wind transport 
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capacity is considered the most important factor in dune dynamics, with dune velocity proportional to 

the cubic effective wind speed (Lancaster, 1997). 

 

Figure 2-1: Desert distribution across the world. Red, green, and blue areas denote subtropical, coastal, 
and cold and polar deserts, respectively. Reproduced from 
https://www.whatarethe7continents.com/deserts-of-the-world/. 

Figure 2-2 illustrates the complex interaction between the dune morphology, air flow, and the sand 

transport system. In principle, the frequent interaction between these three factors plays a crucial role 

in pattern formation and change. Broadly speaking, dunes are formed in self-organized patterns that 

develop and organize over time as a response of the sand surface to the prevailing wind regime, especially 

wind direction variability and sediment supply (Lancaster, 2009). The development of dune patterns can 

be modulated by variations in climatic conditions and the influence of sea level on sand supply, dune 

mobility, and wind properties (Lancaster, 1997). The development of such dune patterns leads to the 

formation of different generations of dunes. The characteristics of dune patterns can be described by 

https://www.whatarethe7continents.com/deserts-of-the-world/
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several factors including heights, spacing, spatial variation of dune species in a given dune field, 

orientation, and sand flux (Lancaster, 2009, 1997; Lancaster et al., 2013). The orientation of dunes 

according to the wind regime is considered another factor that supports the self-organizing nature of 

dune systems, with dunes adjusting their orientation to maximize sand transport perpendicular to the 

dune crest (Hugenholtz et al., 2012). 

 

Figure 2-2: A simple representation of the complex relationships and interactions between aeolian 
processes. The figure is reproduced from (Lancaster, 2009). 

 

2.1.2 Dune Morphology 

Dunes always have different morphological types with different heights, distances, and widths. 

Depending on the wind regime and prevailing wind direction, sediment supply, and interactions with 

wind topography, dunes can be classified into three main groups: unidirectional wind regimes, 
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bidirectional wind regimes, and multidirectional wind regimes (Hugenholtz et al., 2012) (see Figure 2-

3A). On the other hand, dunes can be classified into six groups based on the shape and orientation of 

the dune crest (Lancaster, 2009) (see Figure 2-3B). Broadly speaking, dune patterns are the product of 

a group of factors, including sediment layer thickness, airflow, and wind regime (Lancaster, 2009). 

 

 

Figure 2-3: A) six types of dunes according to the crest orientation with respect to the wind direction. 
b) relationship between dune type and the variability of wind direction and sand supply. A and B are 
from (Ali madan Al-Ali, 2015) and (Paris et al., 2019), respectively. 

 

2.1.3 Dune Dynamics in Arid Environment  

In dune migration, sand particles (usually consisting of grains eroded from the windward slope) are 

carried by the wind across the dune, where they fall down the slip face and settle. The next set of grains 

is often transported across the dune and settles on the previously transported grains. This process 

frequently repeats until the wind strength decreases, and the wind can no longer carry the grains (see 

Figure 2-4A). The transport of sand grains can be divided into three processes of (1) saltation, (2) creep, 
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and (3) suspension (du Pont, 2015; see Figure 2-4B). Saltation is characterized by "jumping" grains, 

creep by rolling grains (which are often displaced by salting grains), and suspension involves "airborne" 

grains, which can be transported over long distances. The first two processes are strongly related to the 

dynamics of dunes (du Pont, 2015). Different types of dunes have different characteristics that influence 

their speed and direction of migration. Tsoar et al. (2004) and El-Magd et al. (2013) classified dunes into 

(1) traveling dunes (e.g., transverse dunes and barchan dunes), (2) net elongating dunes (e.g., linear 

dunes), and (3) net accumulating dunes (e.g., star dunes) based on wind regime and topography. 

Migrating dunes (shifting dunes) are present when the entire dune body moves without any remarkable 

change in the shape or dimensions of the dune (El-magd et al., 2013; Tsoar et al., 2004). Shifting dunes 

are the most active group of dunes and can pose a threat to infrastructure and land cover/use (e.g., El-

magd et al., 2013; Ghadiry et al., 2012). Elongating dunes experience an increase in length over time due 

to migration patterns parallel to the wind direction. Star dunes have an accumulating pattern while they 

may increase in height but not necessarily increase in width nor migrate from one location to another 

(El-magd et al., 2013; Tsoar et al., 2004). Transverse dunes generally advance in the direction of the 

prevailing wind perpendicular to the orientation of the dune crest; linear dunes expand with a migration 

pattern parallel to the orientation of the crest in the direction of the prevailing wind; and oblique dunes 

(barchans) both migrate and expand (du Pont, 2015). Due to the dynamic nature of dunes, which is 

controlled by the effects of the wind regime, sand supply, vegetation cover, and the interaction between 

topography and wind, the spatiotemporal variability of dune migration or change in morphology varies 

between different dune fields and even within the same dune field depending on the dune type (Levin 

et al., 2004, 2006). Sand transport is primarily controlled by several factors, including precipitation and 

surface moisture, evaporation, wind strength, sand supply, grain-size characteristics, and vegetation 

cover (Levin et al., 2004, 2006). Wind speed and direction can be influenced by topography, vegetation 

cover, biogenic crusts, surface moisture content, the water table's position, and the presence of fine 
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particles (Levin et al., 2004, 2006, 2012). Indices of dune mobility/activity are generally closely related 

to climatic variables such as temperature, evapotranspiration, wind energy, precipitation, and sediment 

supply (Levin et al., 2012). 

 

Figure 2-4: A) Downwind succession of transverse dunes; B) A schematic representation of the 
different modes of transport of sand grains. A) and B) are replicated from Huggett (2007) and Masselink 
et al. (2011), respectively. 

2.2 Remote Sensing Domains of Sand Dunes  

2.2.1 Overview  

Scientific research in dunes is considered one of the most branching topics, whereas it can be outlined 

from different perspectives, including its geological formation, chemical composition, 

geomorphological patterns, the vegetation cover on dunes’ surface, the geological genesis of sand seas, 

and the relationship of vegetations on the surfaces of the moving dunes with the presence of rain or the 

proximity of groundwater and its migration, movement, and dynamic nature. In this study, I focused on 
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monitoring the dynamics of moving dunes, especially from available satellite images. Therefore, in the 

next parts of the chapter, I address some topics related to the relationship between remote sensing and 

what will lead you to follow the movement and migration of sand. Figure 2-5 shows the keywords related 

to two big groups: remote sensing and dune dynamics. It is worth mentioning that we screened the 

articles come from the results of Scopus search using these keywords and only included the most 

relevant topics. The following sections briefly outline the dune research domain and the advances in the 

SA and RS applications based on Hugenholtz et al. (2012), focusing on dune activity/mobility and dune 

patterns and hierarchies (See Figure 2-5). 

 

Figure 2-5: keywords used to focus on the studies related to the relation between remote sensing and 
dune dynamics. Notably the categorization proposed by Hugenholtz et al. (2012) 
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Since the early 1970s, RS imagery has helped reveal various aspects of dune field patterns on terrestrial 

and extraterrestrial dune fields. RS played an important role in the transition from the study of individual 

dunes to dune-field-level studies that depend on SA techniques, including the activity of dunes, dune 

patterns, structures and hierarchies, and dune-dune interactions (e.g., Bishop, 2010; Ewing et al., 2010, 

2006; Hugenholtz and Barchyn, 2010; Hugenholtz and Wolfe, 2005; Kocurek et al., 2010; Kocurek and 

Ewing, 2005; Mitsova, 2004; Tsoar and Blumberg, 2002; Wilkins and Ford, 2007). Early RS focused on 

studying two main areas, namely the mapping and taxonomy of dunes (McKee, 1979). Dunes were 

classified based on influencing variables such as sand supply, vegetation cover, and wind direction 

variability ( Fryberger, 1979; Wasson and Hyde, 1984). Since the 1990s, advances in computational 

capabilities and breakthroughs in software have enabled a transition to the study of the surface 

reflectance of dunes (e.g., Blumberg, 1998; Lancaster et al., 1992; Paisley et al., 1991; Pease et al., 1999; 

Walden and White, 1997; White et al., 1997) and the quantification of spatiotemporal changes in dune 

activity (Anthonsen et al., 1996; Brown and Arbogast, 1999). Recently, aeolian science has made 

considerable progress in the quantitative analysis of dune morphodynamics (e.g., Bourke et al., 2009; 

Levin and Ben-Dor, 2004; Necsoiu et al., 2009; Vermeesch and Drake, 2008) and the analysis of dune-

field patterns (e.g., Bishop, 2010, 2007; Ewing et al., 2010; Ewing and Kocurek, 2010; Hugenholtz and 

Barchyn, 2010; Kocurek et al., 2010; Kocurek and Ewing, 2005). Recent advances in the spectral, spatial, 

and temporal resolution of data obtained from RS have allowed the capturing of more detailed dune 

patterns and taxonomy compared to previous aerial imagery. The advances in both the spectral and 

spatial resolution of data from RS have helped discover new information not captured by previous 

missions. The dissemination of RS products and SA techniques in geosciences has been further driven 

by the development and dissemination of global datasets, which are often freely available (see Table 2-

1). However, RS and SA applications remain underdeveloped in the domain of aeolian dune research, 
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although several advances and contributions have already revolutionized the research in this area, 

especially regarding dynamic dune morphometry and dune structure and organization.  

2.2.2 Characterizing Dune Activities 

Dune activity can be considered an index of the potential for aeolian sand transport (Ash and Wasson, 

1983; Fryberger, 1979) and covers a continuum from bare dunes characterized by unimpeded erosion 

and deposition (active) to fully fixed dunes not subject to surface change (stabilized). Stabilized dunes 

are usually covered by lush vegetation. The terms dune activity and dune mobility are often used 

interchangeably, but there are arguments for treating them in a more nuanced way (Hugenholtz et al., 

2012). For example, if a dune is described as highly mobile or simply mobile, this can be interpreted to 

mean that the dune exhibits migratory movements. However, not all dune types migrate, with linear 

dunes generally expanding and star dunes accumulating (Hugenholtz et al., 2012). Therefore, mobility 

may not be the most appropriate term to describe the dynamics of all dune types. Expressing the 

dynamic status of a dune in terms of "activity" is perhaps less ambiguous (Hugenholtz et al., 2012). Sand 

transport may affect the activity of a dune field in situ, without any migration. Indeed, the redistribution 

of sand on dunes by the forces of effective winds may result in active morphological change but does 

not necessarily imply migration. Dune activity monitoring, for this reason, is based on observing and 

qualifying surface changes in the dune field due to aeolian sand transport. Several studies have used the 

dune mobility index (MI) proposed by Lancaster (1988) as an indicator of dune activity. Monitoring 

dune activity is, therefore, closely related to sand transport rates, which in turn are influenced by the 

variability of sand fluxes on individual dunes. Kocurek and Lancaster (1999) proposed a workflow to 

better investigate and understand dune activity as a function of the integration of three main factors, 

namely sand supply and availability and effective wind transport capacity. The interaction between these 

three factors is considered a major control on the extent of sand transport in dune fields. However, 
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dune activity is not directly correlated with climatic processes. This can be interpreted as a nonlinear 

response, and other factors also play important roles, which in turn may delay the response of dune 

fields to these effects. The presence of vegetation or crusts is the main factor affecting the availability 

of sand and the corresponding activity of dunes. Previous studies based on field measurements have 

found an inverse relationship between vegetation and aeolian sand transport. The complex relationship 

between vegetation cover and sand availability forces dune fields to be either active or immobile 

(Hugenholtz et al., 2012). More broadly, dune activity is considered a geo-indicator of environmental 

and climate change. Thus, the variability in dune activity over time provides insight into the dynamic 

evolution of dune systems in response to factors such as climate change. Studies using RS products and 

SA techniques to quantify dune activity at the dune-field level have focused on three aspects 

(Hugenholtz et al., 2012): (1) measuring sand availability, (2) monitoring dune movement and surface 

changes, and (3) monitoring three-dimensional (3D) changes using topographic data. Sand availability is 

measured mainly by monitoring vegetation cover and crusts as indicators of sand transport. Dune 

movement is monitored mainly using multi-time images and measuring the position of dune crest lines 

in two consecutive images. Three-dimensional surface changes on dunes are considered the most 

accurate representation of dune activity and can distinguish between their movement and sand 

accumulation. In the literature, DEMs from free archives (e.g., SRTM, ASTER, etc.), LiDAR and UAVs 

have been used to study topographical changes on dune surfaces.  

2.2.2.1 Dune Form Movement  

Monitoring dune movement is considered unambiguous proof of the activity of sand transport. The 

most common quantitative representation of dune movement is the 2D-displacements between two 

lines representing a dune’s positions at two adjacent time epochs (Gay, 1999). Generally, dune slip faces 

are the most common landmarks used to represent dune position (Jimenez et al., 1999; Levin et al., 
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2009). Previous authors (e.g., Hamdan et al., 2016; Jimenez et al., 1999) generated points on each dune 

line and then several arrows/lines were constructed to connect the two lines, from which the average 

movement magnitude and direction were estimated. This method of using two lines has also been 

applied to moderate and high-resolution multispectral images as well as high-resolution DEMs extracted 

from LiDAR ( e.g., Dong, 2015; Dong et al., 2021) or UAVs ( e.g., Laporte-Fauret et al., 2019; Pagán et 

al., 2019). This approach provides a simple workflow for quantifying dune movement, yet it is limited 

by several reproducibility concerns, including (1) determination of the best density of created points per 

line, and (2) determining the starting and end points of each selected arrow. Additionally, this method 

presumes that dunes migrate and/or advance as one unit at the same rate, which may not be the case in 

longitudinal and star dunes. Moreover, this method tends to overestimate movement rates, as reported 

by Levin and Ben-Dor (2004). An improved method, the “area integration method,” was introduced by 

Levin and Ben-Dor (2004) to overcome some of the limitations outlined. This approach connects the 

two lines representing the dune slip faces to form a polygon, which is used as the indicator of dune 

movement. Bailey and Bristow (2004) proposed the ‘linear method’ as an improved version of the 

classical nose-to-nose method, for which a linear least squares fit is applied to best represent the points 

generating the polylines denoting the crest lines. The method of two lines has been applied to even 

multispectral images with moderate and high-resolution or high-resolution DEMs extracted from 

LIDAR (e.g., Dong, 2015; Dong et al., 2021) or UAVs (Laporte-Fauret et al., 2019; Pagán et al., 2019). 

Recent advances in optical image cross-correlation (OICC) methods show potential in extracting sub-

pixel measurements of dune movement with high spatial coverage and high accuracy (Vermeesch and 

Drake, 2008; Necsoiu et al., 2009). Additionally, the horizontal displacement of dune movement can be 

integrated with topographic data to measure sand flux (further details on OICC and its application in 

dune studies can be found in Section 2.3). Some studies have monitored the volumetric changes of 

dunes depending on multitemporal DEMs derived from either LiDAR (e.g., Dong, 2015; Dong et al., 
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2021; Grohmann et al., 2020) or UAVs (e.g., Laporte-Fauret et al., 2019; Pagán et al., 2019) as an 

indicator to dune activity. Such multitemporal DEMs provide accurate information on erosion and 

deposition rates; however, they are limited by their cost and spatial coverage. Remote-sensing-based 

approaches offer the ability to monitor the dune dynamics in large spatial and long temporal domains; 

however, there remains a growing gap between the measurements from simulation models and their 

validation based on geomorphological evidence due to the paucity of real-world data. To help address 

this, multitemporal images and historical aerial photographs enable monitoring of the long temporal 

baselines required as model inputs to evaluate dune system interactions, and for bridging the gap 

between simulated and actual dune dynamics. 

EOP = Earth observation photographs, EOI = Earth observation imagery, and EED = Earth elevation data. 

Table 2-1: Low-cost/ free satellite images and DEMs used in the literature to study dune dynamics. 
Adapted from Hugenholtz et al. (2012). 

Data source Description Period Spatial 

resolution 

Spectral 

bands 

Corona EOP 1960–1972 2–7.5 m Panchromatic 

Landsat EOI 1972–present 15–120 m up to 8 bands 

MODIS — Moderate Resolution 

Imaging Spectroradiometer 

EOI 1999–present 250–1,000 m 36 bands 

ASTER — Advanced Spaceborne 

Thermal Emission and Reflection 

Radiometer  

EOI 1999–present 15–90 m 14 bands 

SRTM — Shuttle Radar Topography 

Mission 

EED  \ 90 m  \ 

ASTER GDEM — ASTER Global 

Digital Elevation Model 

EED  \ 30 m  \ 
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2.2.2.2 Morphological Surface Changes  

Effective winds are considered the only way sand can be transported to dunes' surfaces. Therefore, 

monitoring dune-surface change can be regarded as an indicator of dune activity and aeolian sand 

transport. Several techniques (e.g., Dong, 2015; Dong et al., 2021; Grohmann et al., 2020)  have been 

employed using RS data, including photogrammetry, LiDAR, OICC, and UAVs. Several studies have 

focused on extracting topographic information using printed aerial photographs (e.g., Brown and 

Arbogast, 1999; Ojeda et al., 2005). Recent advances in topographic data acquisition techniques allow 

spatiotemporal monitoring of surface changes. Several studies have used multitemporal LiDAR DEMs 

to estimate the volumetric changes and rates of erosion and deposition. Woolard and Colby (2002) used 

LiDAR data to estimate volumetric changes in coastal dunes in North Carolina, USA, between 1996 and 

1997. Mitasova et al. (2004) integrated annual data from LiDAR with RTK GPS measurements to 

monitor the short-term dune activity at Jockey's Ridge, North Carolina. These authors tracked changes 

in dune volume over time and demonstrated the potential of mitigation strategies (e.g., fences) for 

controlling dune activity and elevation. Reitz et al. (2010) monitored erosion and deposition rates using 

multitemporal LiDAR in the White Sands Dune field. In general, these examples showed that LiDAR 

data are useful in monitoring changes in dune activity. Cross-correlation of optical images provides a 

robust alternative for monitoring dune activity by quantifying 3D changes following the introduction of 

the COSI-Corr software (Leprince et al., 2007, 2008). Vermeesch and Drake (2008) gave a practical 

example of integrating dune heights from ASTER imagery and horizontal displacement extracted from 

cross-correlation to monitor the sand flux of the fastest barchan dune in the Bodélé Depression in 

northern Chad. They reported the potential of cross-correlation for the spatial monitoring of dune 

migration and recommended using high-resolution imagery to capture greater detail about smaller dunes. 

It is worth noting that monitoring dune surface changes using field-based techniques is considered more 

effective in some circumstances, but this is often hindered by low spatial and temporal resolutions and 
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accessibility issues in vast and harsh deserts. Moreover, LiDAR data are considered expensive in some 

cases, especially when large areas need to be covered. In this context, several studies have relied on 

advanced RS technologies, including UAVs ( e.g., Fabbri et al., 2021; Fairley et al., 2020; Guisado-

Pintado et al., 2019; Hilgendorf et al., 2021), to overcome these shortcomings in terms of cost, time, 

and data resolution. 

2.2.2.3 Monitoring the Controlling Factors of Dune Activities 

Advances in RS and SA have helped broaden the scope of research to assess the factors that influence 

changes in dune activity. The wind regime energy, the climatic condition, the presence of sand transport 

and biological soil crusts are considered the major factors that control the dune activity. Gaylord and 

Stetler (1994) were the first to examine the relationship between climate variability and dune activity. 

After 2002, similar research has focused on documenting the relationship between dune activity and 

drought. Marín et al. (2005) measured parabolic dune migration at the Great Sand Dunes National Park, 

USA, and found that migration rates increased during period of drought. Hugenholtz and Wolfe (2005) 

monitored the stabilization status of several dune fields and found that stabilization could be explained 

to some extent by the deterioration of drought levels, especially toward the end of the 20th century. 

Thomas et al. (2005) acquired Landsat Thematic Mapper (TM) data for both dry and wet seasons in 

1984 and 1993, respectively, to examine the spatiotemporal patterns of dune activity in the southwestern 

Kalahari. They demonstrated the spatial dynamics of temporally variable linear dune activity, and 

showed that in areas where vegetation cover decreases due to drought, sufficient vegetation could 

recover in wet years to limit the spatial extent of aeolian transport on dune ridges. Levin (2011) attributed 

the stabilization of dunes on Australia's Fraser Sand Island to the remarkable decline in the frequency 

and strength of tropical cyclones in eastern Australia since the 1980s. In addition to climatic change, 

several studies have focused on anthropogenic activities as a triggering factor for dune activity, especially 
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in Israel (e.g., Kutiel et al., 2004; Levin and Ben-Dor, 2004; Muhs et al., 2013; Roskin et al., 2011; Tsoar 

and Karnieli, 1996). These studies identify the relationships between dune stabilization in the second 

half of the 20th century and changes in land management, including vegetation mowing, grazing, and 

trampling. Hugenholtz and Wolfe (2005) reported that dune reactivation was observed at one of the 

seven sites they studied and attributed this to trampling and overgrazing. Despite this evidence of the 

importance of climatic conditions and anthropogenic activity, dune activity cannot be considered as 

being linearly related to any other factor as dune fields respond differently to climatic variability and, 

furthermore, interactions are known to occur between these factors and the dune field. One of the most 

important factors affecting dune activity is dune topography (i.e., dune spacing and sizes). The 

arrangement of dunes in a dune field plays a crucial role in defining the activity status, and it is assumed 

that smaller dunes migrate faster than larger dunes under a given sand-transport condition. Therefore, 

it could be assumed that stabilizing smaller dunes requires less time than larger dunes. The most 

important question arising from this understanding is whether and to what extent the spatial variability 

in dune size and organization, which can be substantial in many dune fields, can be ignored. The 

interaction among the wind regime, sand supply and vegetation over the sand dunes is considered of 

great interest in understanding the dune patterns and activities. Fryberger 1979 classified the 

environments of the wind energies into three zones based on the drift potential, 1) low energy wind 

regime that prevails when the DP is lower than 200, 2) moderate wind energy when the DP ranges from 

200 to 400, and 3) high energy wind regime when DP exceeds 400.  
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Table 2-2: classification of dune form, wind energy, and sand drift according to Fryberger (1979) 

Drift potential  

(VU)  

Drift potential a 

(m3 m-1 year -1)  

RDP/DP WIND Energy  wind regime  Dune form b  

< 200 < 13 < 0.3 Low Obtuse bimodal  Star 

200-400 13-28 0.3-0.8 Intermediate  Acute bimodal  Linear  

> 400 > 28 > 0.8 High  Uni-Modal Barchan  

a Fryberger et al., 1984 & b Lancaster, 1995  

2.2.3  Dune Patterns and Hierarchies  

2.2.3.1 Metrics of Dune Field Pattern  

Determining the patterns of dune fields has long been one of the most important goals of 

geomorphologists. Most studies concerned with monitoring the patterns of dune fields rely on aerial or 

satellite optical imagery. Al-Dabi et al. (1997) and Bullard et al. (1995) were the first to contribute to 

quantifying dune field patterns using satellite imagery and aerial photography, respectively. Bullard et al. 

(1995) mapped and classified the linear variability of dune patterns in the Kalahari Desert, southern 

Africa, using aerial photographs. They developed five classes of linear dunes and statically validated four 

variable linear dune patterns. Subsequent application of their classification to the entire dune field 

allowed the identification of trends in dune patterns. These authors' proposed statistical analysis 

approach provided new insights and supported previous studies (Thomas, 1986; Wasson et al., 1988). 

Complementing this, Al-Dabi et al. (1997) used TM imagery from before and after the Gulf War along 

with image enhancement techniques (i.e., edge detection and contract stretching) to monitor the 

spatiotemporal variability in sand dune patterns in northwestern Kuwait. They reported a significant 

increase in dune area, particularly between 1989 and 1992, and an increase in dune formation and growth 

shortly after the Gulf War. They suggested that surface disturbance during the war contributed 

significantly to an increase in sand supply. Ewing et al. (2006) used remote sensing imagery along with 
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digitization to conduct a comprehensive pattern analysis, including dune spacing, crest orientation, and 

crest length in the White Sands in New Mexico, the Namibian Sand Sea in Namibia, the Agneitir in 

Mauritania, and the Algodones in California. In their study, digitized points represented the dune fields, 

and lines denoted dune crests, which were used to measure dune orientation, distance, and length. The 

cumulative probability distributions (CPDs) were subsequently extracted to describe the differential 

dune formations; gaps and kinks in the CPDs were assumed to characterize different dune forms. These 

authors reported that the absence of gaps and inflection points in the CPD curve in the White Sands 

indicated a single dune generation, while at least two generations were observed in the other three dune 

fields. Subsequently, several studies (e.g., Ewing et al., 2010; Ewing and Kocurek, 2010) have focused 

on applying these metrics to investigate the boundary conditions of dune fields as well as dune 

interactions. Dune interactions likely control the direct relationships between bedform patterns and the 

development. For example, Wilkins and Ford (2007) proposed a nearest neighbor approach to observe 

dune-field scale spatiotemporal variability in dune patterns and determine the "degree of randomness of 

patterns" in the Coral Pink Sand Dunes State Park, USA. Here, dune patterns were represented by a 

population of points spatially arranged to denote individual dunes within the dune field. Their analysis 

revealed a non-random pattern of organization. Bishop (2007) extended the nearest neighbor approach 

to study dunes on Mars and reported that the relationship between the level of dune organization and 

dune morphology can be described qualitatively. Bishop (2010) further suggested that the nearest 

neighbor index can denote a dimensionless signature of the mega-barchan dunes in the Rub' al Khali 

Desert in Saudi Arabia. 

2.2.3.2 Topographic Measurements for Dunes 

a) Free Topographic data  
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Beginning in the 1970s, the satellite imagery revolution opened the possibility of collecting information 

about dunes, including their movement, organization, and physical characteristics. However, satellite 

imagery did not provide information on the 3D characteristics of dunes. Levin et al. (2004) proposed a 

method for extracting dune aspect and slope derivatives from free-vegetated dune surfaces based on the 

shadow effect between two TM images with large differences in solar angles (i.e., solar azimuth and 

solar elevation). This method showed promising performance but has not been widely used to extract 

dune derivatives. Since the availability of global topographic datasets in the 2000s, many limitations 

associated with the study of dunes have been overcome, and a remarkable revolution has taken place in 

geomorphometric research. The first near-global topographic dataset was provided by the National 

Aeronautics and Space Administration’s (NASA) Shuttle Radar Topography Mission (SRTM) (Farr and 

Kobrick, 2000; Rabus et al., 2003), which provides data at 3 arc-second (~90 m) resolution for most of 

the Earth's surface beginning in 2001. In parallel, the Advanced Spaceborne Thermal Emission and 

Reflection Radiometer (ASTER) was launched as a global DEM with a 1 arc-second (~30 m) resolution 

(Reuter et al., 2009). SRTM data has subsequently been available at a resolution of 1 arc-second since 

2015. Both ASTER and SRTM are suitable for sand dune studies, especially large and medium-sized 

dunes (Bubenzer and Bolten, 2008), but have some notable drawbacks. SRTM data are mainly hampered 

by poor spatial coverage and the empty pixels in sandy desert areas due to the loss of coherence and 

signal penetration of the applied interferometric radar technology (Rodriguez et al., 2006). A notable 

drawback of ASTER data is that it is generated from the automatic processing of satellite imagery, which 

can be contaminated by numerous artifacts (Tachikawa et al., 2011). Nevertheless, the availability of 

ASTER and SRTM datasets opened the door for dune studies (Telbisz and Keszler, 2018). Blumberg 

(2006) demonstrated the ability of SRTM topographic data to characterize mega-dune patterns, 

estimating the parameters describing both simple and complex dune patterns. Potts et al. (2008) applied 

the B-spline wavelet decomposition method along with SRTM to analyze linear dunes in the Taklimakan 
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and Namib Deserts by inferring the paleo topography of the large wavelength areas studied. Ehsani and 

Quiel (2008) presented a method based on unsupervised nonparametric clustering of yardangs. Bishop 

(2010) applied the nearest neighbor scheme along with SRTM to resolve the dune hierarchies of mega-

barchanoid dunes in the Rub' al Khali Desert in Arabia. In the same desert, Al-Masrahy and Mountney 

(2013) used the same SRTM data to extract the morphological features of dune and inter-dune areas. 

Effat et al. (2011) used SRTM derivatives (i.e., slope and aspect) along with wind speed and direction to 

create a sand intrusion risk map for the Western Desert in Egypt. Hugenholtz and Barchyn (2010) 

employed residual relief separation (RRS) and equivalent sand thickness (EST) methods to resolve dune 

generations and quantify spatiotemporal variability in sand supply. RRS was applied to separate the 

topography of smaller overlying dunes from their underlying basal forms. These basal forms were often 

denoted as mega dunes, which are common in large sand seas and are characterized by high sand supply 

and represent a hierarchical system of basic forms that develop at different levels. In comparison, EST 

can be considered an indicator of sand supply to a dune field. This approach is based on the application 

of filtering techniques to smooth the dataset and arrange them in different layers denoting the 

topography of the sub-dunes and the dune height. The EST method was subsequently used by Yang et 

al. (2011) to study the formation of the highest sand dunes on Earth in China. Telbisz and Keszler (2018) 

employed a combined DEM based on both SRTM and ASTER data to apply a regression model to 

investigate the functional interactions between dune characteristics. Additionally, the same authors used 

topographic information to delineate dune ridges and orientations, and estimated sand volumes based 

on equivalent sand thickness methods.  

b) LIDAR and UAVs Topographic data  

LiDAR DEMs are considered a promising alternative for monitoring dunes; however, their availability 

is still limited and they considered costly, especially when covering large areas ( e.g., Baitis et al., 2014; 
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Dong, 2015; Dong et al., 2021; Reitz et al., 2010). Nevertheless, LiDAR DEMs are particularly well 

suited for the morphometric analysis of small-scale dune forms, and if surveys are frequent, they can be 

used to study changes in dune forms over time. Reitz et al. (2010) employed multitemporal LiDAR 

DEMs from White Sands Dune Field, New Mexico, to validate numerical models. LiDAR DEMs are 

extremely promising for analyzing dunes as 3D objects and for studying dune morphodynamics. For 

example, Baitis et al. (2014) employed LiDAR-derived DEM to extract dune filed parameters (i.e., dune 

crest line length, spacing, and height) for the White Sands Dune Field. Dong (2015) employed a 

multitemporal LiDAR-based DEM to monitor dune migration magnitudes and directions in the same 

dune field and introduced an automatic method entitled ‘Pairs of Source and Target Points’ (PSTP) in 

a geographical information system (GIS) environment. This method was mainly based on extracting 

dune slip faces, and random target points were generated to search for the corresponding point in the 

source line, to estimate the magnitude and direction of movement.  

Recent advances in sensor technology such as Structure from Motion (SFM), camera-equipped UAVs, 

and terrestrial laser scanning (TLS) provide other alternatives for acquiring high-resolution spatial data 

on land-surface topography. As the cost of LiDAR and DEM generation is very high, especially for large 

areas, UAVs can now be used to monitor geomorphic processes, especially based on 3D digital surface 

models (DSMs) ( e.g., Carvalho et al., 2020; Fabbri et al., 2021; Fairley et al., 2020; Grottoli et al., 2021; 

Guisado-Pintado et al., 2019; Hilgendorf et al., 2021). For example, Guisado-Pintado et al. (2019) 

investigated a representative section of costal dunes in Ireland using UAV-based SFM, TLS, and baseline 

DGPS data. Their study compared the estimated erosion and deposition volumes using these different 

approaches, finding that performance was highly correlated with terrain characteristics including slope, 

vegetation cover, acquisition resolution (i.e., point density), and interpolation. In addition, the 

performance of TLS was better in flatter, shallow-slope areas with sparse/no vegetation compared to 
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complex landforms where shadows contaminated the final DEMs. In many cases, modern topographic 

acquisition systems, such as UAVs, provide dense spatiotemporal monitoring opportunities with high 

levels of accuracy, yet this is still hampered by the provision of datasets over several decades. Therefore, 

there is a growing need for reliable long-term 3D data in all geomorphological disciplines, especially in 

studies of rapidly changing dynamic environments such as dune fields. For example, in the case of 

coastal sites, reliable long-term 3D data would help improve geomorphological predictions from 

shoreline change models and help identify trends in dune erosion or beach configuration under future 

sea-level scenarios. As such, a greater reliance on aerial photo archives is considered an alternative for 

expanding temporal baselines (Grottoli et al., 2021; Redweik et al., 2016).  

2.2.4 Dune Mobility Indices and Drift Potential from wind data   

Dune activity is defined as changes in migration rates and/or variations in sand transport on the dune 

itself (Thomas, 1992). Table 2-2 summarizes the indicators of dune mobility as introduced by Bullard et 

al. (1997). Wilson (1973) relied on records of average annual precipitation to develop the first indicator 

of dune activity on a global scale, distinguishing between active and stable dune fields based on a 

precipitation threshold of 150 mm. Ash and Wasson (1983) introduced two indices of dune mobility 

(see Equations 2-3 and 2-4 in Table 2-2) based on precipitation and potential evapotranspiration to 

examine dune mobility conditions in Australia. Wasson (1984) updated the models described by Ash 

and Wasson (1983) by including the percentage of wind speeds above a given threshold (effective wind, 

W%) (see Equation 2-5 in Table 2-2). Lancaster (1987) slightly adapted these existing models for the 

dune in the southwestern Kalahari (see Equation 2-6 in Table 2-2). Lancaster (1988) divided the dune 

field into four categories: complete activity when MI > 200, semi-active dunes when 50 ≤ MI≤ 100, 

active dune ridges only when 50 ≤ MI ≤100, and inactive dunes when 50 ≤ MI. Several studies (e.g., 

Bullard et al., 1997; Jones et al., 2010; Knight et al., 2004; Kocurek and Lancaster, 1999; Lancaster 
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et al., 2003; Lancaster and Helm, 2000; Muhs et al., 2003; Muhs and Holliday, 1995; Tsoar and 

Blumberg, 2002; Wang et al., 2009, 2004; Wolfe, 1997) have relied on Lancaster's MI to examine dune 

activity under different climatic conditions. Tsoar (2005) proposed a new model that assumes wind 

intensity is the dominant controlling factor (Equation 2-7), with dunes considered active at higher wind 

intensities and with low vegetation cover when rainfall exceeds 50 mm and in the absence of human 

activity. The drift potential (𝐷𝐷𝐷𝐷) is considered one of the important metrices proposed by Fryberger 

and Dean (1979) to estimate the ability of the surface wind in transferring the sand particles between 

dunes’ surfaces. DP can be calculated using the method of Fryberger and Dean (1979), as follows: 

   𝐷𝐷𝐷𝐷 = 𝑉𝑉2(𝑉𝑉 − 𝑉𝑉𝑡𝑡)𝑡𝑡 Equation 2-1 

 

Where 𝐷𝐷𝐷𝐷 is the sand drift potential expressed in vector units (vu), V is wind velocity measured 

10 m above the ground, 𝑉𝑉𝑡𝑡 is the threshold of wind velocity at which the effective wind can carry 

sand grains (i.e., generally 12 knots and varies according to the dune filed), and 𝑡𝑡 is the percentage 

of time the wind speed exceeds the threshold. Table 2-3 summarizes the weighting factors of each 

wind speed class. The ratio between the resultant drift potential (𝑅𝑅𝐷𝐷𝐷𝐷) and the drift potential (𝐷𝐷𝐷𝐷) 

denote the unidirectional index, which represents the directional variability of the wind, expressed 

as follows: 
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Table 2-3:  wind speed classes and the weighting factor for each class  

Wind speed  Mean of wind 

speed (V) 

V2 V-Vt Weighting factor  

11-16 13.5 182.25 1.5 2.734 

17-21 19 361 7 25.27 

22-27 24.5 600.25 12.5 75.031 

28-33 30.5 930.25 18.5 172.096 

34-40 37 1369 25 342.25 

 

𝑅𝑅𝐷𝐷𝐷𝐷 = (𝐶𝐶2 − 𝐷𝐷2)0.5  

 

Equation 2-2 

 

𝐶𝐶 = �(𝑉𝑉𝑉𝑉) sin𝜃𝜃 

𝐷𝐷 = �(𝑉𝑉𝑉𝑉) cos𝜃𝜃 

RDD = tan−1 �
𝐶𝐶
D�

 

 

Tsoar (2005) found that high values of RDP/DP indicate that wind blows in one direction and wind 

energy has a high impact on dune mobility, while low RDP/DP values indicate effective wind on 

different dune slopes. RDP/DP values close to 1 indicate narrow unidirectional drift potential, while 

values close to 0 indicate broad multidirectional drift potential. The Tsoar Mobility Index (TMI) can be 

applied when rainfall exceeds 50 mm/year and classifies dunes into two main categories, namely those 

'covered or stabilized by vegetation' (M < 1) and those 'uncovered or active by vegetation (M >1). Tsoar 

et al. (2009) applied the TMI to 43 dune fields and tested it on coastal dunes in Ceará, Brazil, where the 
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DP ranged from 692 to 2,173 VU and the annual rainfall reached 1,443 mm. Based on the TMI, it can 

be concluded that vegetation begins to cover sand dunes when the wind force falls below 1,000 DP 

(Tsoar, 2005). More recently, Yizhaq et al. (2007) proposed a mathematical model to simulate dune 

activity as a function of wind strength and vegetation cover (see Equation 2-10 in Table 2-2). Yizhaq et 

al. (2009) further improved the 2007 model based on wind strength and precipitation rates (see Equation 

2-11 in Table 2-3) under similar climatic conditions. According to these models, wind power controls 

sand transport capacity, but vegetation cover, which is controlled by precipitation, is the dominant factor 

affecting sand availability. Both models can be divided into three main classes (fixed, active, or semi-

active dunes), where fixed dunes can be reactivated if the wind is very strong and stabilize again when 

the wind strength decreases (Yizhaq et al., 2009). Ashkenazy et al. (2012) applied the 2009 model to two 

climate change scenarios to investigate the likely activity of current fixed dunes in the Kalahari and 

Australian Deserts. They found that both dune fields will remain stable until the end of the 21st century 

because predicted levels of DP are low, and the precipitation threshold will be above that required for 

vegetative growth. 

Table 2-4: Different mobility indices used in the literature.  

Referenc

e  

Equation Threshold 

value 

Study 

area  

Wilson 

(1973) 

 

NA  Dune active 

when 𝐷𝐷 ≤ 150 

Global  

𝑀𝑀𝑀𝑀 = [5 × 10−4(𝐷𝐷)2] ×
𝐷𝐷𝑃𝑃
𝐴𝐴𝐷𝐷

 

 

Equation 2-3   

 

Australia  
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Ash and 

Wasson 

(1983) 

𝑀𝑀𝑀𝑀 = [3.8 × 10−4(𝑉𝑉)4] ×
𝐷𝐷𝑃𝑃
𝐴𝐴𝐷𝐷

 
Equation 2-4 𝑀𝑀𝑀𝑀 ≥ 1.0 

Talbot 

(1984) 

Wasson 

𝑊𝑊𝑃𝑃 =
𝑉𝑉3

(𝐷𝐷)2
 

Equation 2-5 𝑊𝑊𝑃𝑃 ≤ 10, 

Dune inactive  

5 ≤ 𝑊𝑊𝑃𝑃 ≤ 10, 

limited activity  

𝑊𝑊𝑃𝑃 ≥ 10, 

Dune inactive  

Sahel  

Wasson 

(1984) 

  

𝑀𝑀𝑀𝑀 = 0.21[0.13𝑊𝑊 + ln �
𝐷𝐷𝑃𝑃𝑃𝑃
𝐷𝐷 �] 

Equation 2-6 𝑀𝑀𝑀𝑀 ≥ 1.0, 

mobility 

occurred  

Australia  

Lancaste

r (1987) 
𝑀𝑀𝑀𝑀 = 0.25[0.10𝑊𝑊 + ln �

𝐷𝐷𝑃𝑃𝑃𝑃
𝐷𝐷 �] 

Equation 2-7 𝑀𝑀𝑀𝑀 ≥ 1.0, 

mobility 

occurred 

Southwe

st 

Kalahari  

Lancaste

r (1988) 
𝑀𝑀𝑀𝑀 =

𝑊𝑊%
𝐷𝐷 𝐷𝐷𝑃𝑃𝑃𝑃⁄  

Equation 2-8 𝑀𝑀𝑀𝑀 ≥

200, fully 

active  

100 ≤ 𝑀𝑀𝑀𝑀 ≤

200, active 

dune with 

Southwe

st 

Kalahari, 

Namib, 

Mojave 

Desert  
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inactive 

interdune  

50 ≤ 𝑀𝑀𝑀𝑀 ≤

100, active 

crust dune  

50 ≤

𝑀𝑀𝑀𝑀, inactive 

crust dune  

Tsoar 

(2005) 

 

𝑀𝑀𝑀𝑀 =
𝐷𝐷𝐷𝐷

1000 − �750𝑅𝑅𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 �
 

Equation 2-9 𝑀𝑀𝑀𝑀 ≤ 1.0, 

covered by 

vegetation 

Several 

deserts 

Yizhaq 

et al. 

(2007) 

𝑑𝑑𝑑𝑑
𝑑𝑑𝑡𝑡

=∝ (𝑑𝑑 + 𝜂𝜂) �1 −
𝑑𝑑

𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚
�

− 𝜀𝜀𝐷𝐷𝐷𝐷𝜃𝜃(𝑑𝑑𝑐𝑐 − 𝑑𝑑)𝑑𝑑

− 𝛾𝛾(𝐷𝐷𝐷𝐷)2 3� 𝑑𝑑 

 

Equation 2-10  Several 

deserts 

Yizhaq 

et al. 

(2009) 

𝑑𝑑𝑑𝑑
𝑑𝑑𝑡𝑡

=∝ (𝐷𝐷)(𝑑𝑑 + 𝜂𝜂) �1 −
𝑑𝑑

𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚
�

− 𝜀𝜀𝐷𝐷𝐷𝐷𝜀𝜀(𝑑𝑑𝑐𝑐  ,𝑑𝑑)𝑑𝑑

− 𝛾𝛾(𝐷𝐷𝐷𝐷)2 3� 𝑑𝑑 − 𝜇𝜇𝑑𝑑 

 

Equation 2-11  Several 

deserts 

MI= mobility,  P = annual  precipitation,  PE = annual  potential  evapotranspiration,  AP = actual  annual  

evapotranspiration,  C = wind  erosion  factor, U = V–Vt, V = mean annual wind speed, Vt = threshold wind 

velocity, W = percent of time wind above transport threshold, DP = drift potential, 𝑑𝑑 = the dynamical variable 
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representing areal vegetation cover density, ∝ = stands for the vegetation tolerance to sand erosion and deposition, 

𝜇𝜇= proportional constant of vegetation types, and 𝜂𝜂 = A spontaneous growth cover parameter. 

2.3 Monitoring Earth Surface Deformation by Optical Image 

Matching 

2.3.1 Background  

The term “surface” is defined as the Erath surface regardless it is the bare ground, dune, glaciers, the 

term “deformation” means the displacements that occurred due to the migration, flux ,.. of the surface 

or any part of it. To decipher the complex patterns of geomorphological and geological processes 

including earthquakes, glaciers, landslides, and dunes, monitoring the movement of the Earth's surface 

(termed geodesy) is necessary. Measuring the Earth surface displacements includes monitoring the 

ground deformations triggered by earthquakes, the retreatments of the glaciers, the eruption of volcanos, 

the sliding of landslides and the migration of dunes. Conventional geodesy methods (e.g., total stations, 

electronic distance meters, and global navigation satellite systems (GNSS)) provide accurate point 

measurements; however, the accuracy offered by these measurements is compromised by spatial 

resolution and cost, especially for repeat campaigns. In addition, field measurements cannot be used in 

inaccessible areas. Alternatively, images from aerial photographs and satellite archives provide 

comprehensive spatial and temporal records of Earth surface deformation, especially in inaccessible 

regions. Nowadays, LiDAR and InSAR are considered as the most common techniques for monitoring 

Earth surface motion in geosciences. InSAR provides precise measurements, especially for slow-moving 

landslides, up to millimeters per month along the satellite's line of sight (Colesanti and Wasowski, 2006). 

LiDAR provides precise 3D measurements of surface deformation in all directions (i.e., E–W, N–S, and 

vertically), with frequent observations possible.  
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OICC provide measurements for the earth surface deformation by at least two images either aerial or 

from satellites, acquired at different time space and bracketing the event regardless sudden event (e.g., 

earthquakes and landslides) or continues (e.g., glaciers and dunes).  OICC has been used to determine 

horizontal deformations ranging from a fraction of a pixel in size to dozens of pixels. Frequent 

measurements from multitemporal stereo imagery can also be used to determine the vertical component 

of surface deformation. The first study introduced measuring the Erath surface deformation from the 

space was the study by Crippen (1992) who aimed at measuring the earthquake deformation, but 

accidently measured the migration of sand dunes. Scambos et al. (1992) measured the flux of glaciers 

employing two pairs of Landsat images. Lucchitta and Ferguson (1986) were the first to use 

multitemporal satellite imagery in the early 1980s to measure glacier velocities in Antarctica based on 

visually tracking persistent surface features. More recently, image matching techniques have become the 

most used technique for monitoring the deformation of the Earth's surface. Several studies have used 

OICC for various applications, including earthquake and tectonic research (Leprince et al., 2008, 2007; 

Van Puymbroeck et al., 2000) and studies of glacier velocities (e.g., Dehecq et al., 2015; Kääb and 

Vollmer, 2000; Scherler et al., 2008), block glaciers (Wangensteen et al., 2006), volcanic activity (de 

Michele and Briole, 2007), ocean wave velocities (de Michele et al., 2012), river surface velocities 

(Berthier et al., 2014), and dune migration ( e.g., Ayoub et al., 2014; Baird et al., 2019; Necsoiu et al., 

2009). In this chapter, we review the available satellite imagery that can be used along with OICC and 

the required pre-processing steps, the workflow of the matching process, including co-registration and 

orthorectification. In the next sections, we briefly introduce the theoretical concept of OICC and the 

algorithms for 2-D matching. Although various sources can be used as the input to the OICC algorithm, 

including radar, LiDAR, and optical imagery, we focus on the processing of optical imagery and post-

processing after matching to increase the reliability of the measurements. The remaining of the chapter 
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outlies the related work of the OICC in dune studies and finally the temporal evolution of earth surface 

deformation and the current limitations.  

2.3.2 Available Cross-Correlation Techniques 

Several algorithms and methods have been developed to perform cross-correlation in different 

geoscience applications including normalized cross-correlation (NCC), phase correlation, cross-

correlation in Fourier domain (CC), least squares matching, and orientation cross-correlation (CCF-O). 

Heid and Kääb (2012) reported the outstanding performance of the CCF-O provided by COSI-Corr 

software in monitoring the glacier velocities especially in regions with low visual contrast. Several other 

pieces of software have been developed based on the principles of cross correlation including IMCORR 

(Glasser et al., 2011; Scambos et al., 1992), CIAS (Heid and Kääb, 2012; Kääb and Vollmer, 2000), and 

IMGRAFT (Messerli and Grinsted, 2015). COSI-Corr software is a free plugin launched by the Caltech 

Group to monitor coseismic deformation, however, has been widely used in different applications 

including the study of glaciers, landslides, and dunes. The advantages of COSI-Corr include: (1) its 

outstanding performance of the phase correlation compared to other correlation methods as reported 

by Heid and Kääb (2012); (2) its outstanding performance compared to other algorithms in both time 

and output derivatives; (3) the availability of pre- and post-processing procedure tools; and (4) the 

availability of batch processing, which enables the matching of several pairs with less human intervention. 

Recently, multiple pairwise matching has been proposed to increase the redundancy of measurements 

and, thus, model robustness to outliers (Jeong et al., 2017; Stumpf et al., 2015). In general, such 

techniques can be employed as an extension to any image-correlation algorithm. Other tools include the 

hierarchical multiscale image correlator described (Travelletti et al., 2012) developed for landslide 

monitoring or the ImGRAFT toolbox developed for glacier monitoring (Messerli and Grinsted, 2015). 

Comparisons of some common implementation schemes for different applications can be found 
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elsewhere (Heid and Kääb, 2012; Stumpf et al., 2014). Further details about different cross-correlation 

software are provided in Supplementary Table X1. 

2.3.3 Cosi-Corr methodological Overview  

Leprince et al. (2007) proposed a novel methodological flowchart to extract the subpixel surface 

displacement utilizing pairs of satellite/aerial images.  COSI-Corr software is considered one of the 

robust image matching software developed in 2007 by Caltech group (Leprince et al., 2007). The 

comparison held by Heid and Kääb (2012) reported the potentiality of the COSI-Corr software as a 

roust matching algorithm. Basically, the matching algorithm was developed to monitor the surface 

displacements associated with tectonic movements. However, it has also been used to study the surface 

displacements of glaciers, landslides, and sand dunes. The COSI-Corr algorithm is a plug-in for ENVI 

and is available for free from the Tectonics Observatory at the California Institute of Technology 

(Ayoub et al, 2009). The software performs all correlation steps mainly in the frequency domain and 

does not transfer the results to the spatial domain to estimate the displacement based on the maximum 

of the cross-correlation (Leprince et al., 2007). The relative displacement between two spots is obtained 

by applying the Fourier transform of the phase difference. The correlation process is mainly performed 

in two steps (Van Puymbroeck et al., 2000; Leprince et al., 2007): 1) Determination of the pixel-wise 

shift between two patches. The peak correlation method is used to initialize the patches and then 

iteratively shift them to balance their relative displacement. 2) Determination of the pixel-wise shift by 

performing the final correlation on the shifted patches to determine the subpixel shift using a 

minimization algorithm. COSI-Corr provides a graphical user interface that offers the possibility to 

select different parameters: ''the size of the correlation window'', the ''step'' between two adjacent 

estimates, the ''mask threshold'' (allows masking frequencies according to the amplitude of the log-cross 

spectrum to reduce noise in the measurements; a value close to one is appropriate in most cases (Ayoub 
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et al, 2009) and the ''number of iterations'' (two to four iterations are appropriate in most cases (Leprince 

et al., 2007). As an optional step, a resampling step is also added, where a sinc resampling is used to shift 

the patches to be correlated. This algorithm produces three maps for a single correlation process 

between two images: the east/west (EW) and north/south (NS) components of the displacement, and 

the signal-to-noise ratio (SNR), which represents the reliability of the measurements. Heid and Kääb 

(2012) compared the performance of COSI-Corr with five other correlation algorithms and found that 

COSI-Corr significantly outperformed the other algorithms tested in areas of low visual contrast. They 

reported that COSI-Corr is considered a robust tool for glacier estimation and will open the door to be 

used in monitoring other earth surface deformation. In particular, the algorithm was first used to 

monitor glacier deformation in the study by Scherler et al. (2008) and to monitor the dune migration of 

the fastest barchan dune in the Bodélé depression by Vermeesch and Drake (2008).  

2.3.4 Sources of errors and uncertainties in matching measurements 

OICC is always subject to sources of error, which affect system uncertainty including geometric errors, 

unsuitable placement of tie points/ground control points (GCPs), decorrelation noise, long wavelength 

orbital errors, misalignment in the charged couple device (CCD) leading to stripe artifacts (SATs), 

attitude jitter distortion, topographic shading artifacts (TSAs), and poor image matching. Figure 2-6 

illustrates the typical patterns associated with these errors, while Table 2-3 summarizes the error sources, 

and the mitigation and the filtering procedures. The misalignment of CCD arrays is considered a 

common problem in push-broom satellites leading to the presence of SATs in image deformation 

fields (Leprince et al., 2008). As the orthorectification process cannot provide a full removal of the errors 

related to CCD distortion, SATs are most likely to appear in the deformation fields. Ding et al. (2016) 

reported that SATs are arranged at the corresponding locations of the of CCD line-array imaging of 

master and slave images. To reduce this effect and help capture continuous deformation 



Chapter 2. Sand Dunes Dynamics and Optical Imagery Matching to Monitor Dune Migration 

43 
 

measurements, the mean subtraction method was introduced by Leprince et al. (2007). To better 

remove SATs, modeling the deformation field based on stagnant areas (i.e., far from areas of 

deformation) can be performed (Leprince et al., 2007, 2008). Ding et al. (2016) tested the relationship 

between SAT magnitudes and spatial baselines (SBs), defined as the distance between the two centers 

of two correlated images. They found that lower SBs led to low-magnitude SATs represented by 

deformation fields with flat profiles. They also reported that matching images with low SB values (< 

200 m) can be considered an alternative solution to controlling the presence of SATs in the deformation 

fields rather than relying on the mean subtraction method, especially in cases where the study area does 

not include sufficient stable regions.  

Variations in satellite attitude result from roll and pitch variations in the E–W and N–S components, 

respectively, which leads to the presence of cyclic distortions along the line of fight. These errors are 

spatially constant along the transverse directions. Ding et al. (2016) proposed a de-striping procedure to 

reduce the magnitude of cyclic distortions in the case of severe jitter distortions by applying an average 

subtraction along the vertical azimuth direction, while averages were estimated based on stable regions. 

The presence of linear ramps in deformation fields is mainly due to the unsatisfactory orthorectification 

of satellite images (e.g., Landsat-8 and Sentinel-2). Such linear ramps in deformation fields can be 

attenuated depending on strict geometric correction based on the availability of the state vector in their 

products. If the state vectors are not available for Landsat-8 imagery, the removal of orbital errors is 

considered feasible by applying a first-order polynomial, and this method has been commonly applied 

in to InSAR data. 
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Figure 2-6: Spatial distribution of errors source patterns in E–W and N–S displacement maps. The 
figure is reproduced from Ding et al. (2016). 

The coarse resolution of DEMs with respect to image resolution is considered a dominant factor 

affecting the quality of image matching, while a significant difference in the coarse resolution between 

DEM and the image leads to a remarkable distortion of the measured ground deformation (Avouac and 

Leprince, 2015; Stumpf et al., 2016). The main topographic errors affecting the matching process are: 

(1) the coarse resolution of DEMs compared to the image resolution; (2) the change in surface 

topography between the two acquisitions of the matching pairs; and (3) the vertical error of DEMs used 

in the orthorectification of the images, which translates into a horizontal shift in the measured ground 

deformation, especially for archives providing orthorectified imagery such as Landsat-8 and Sentinel-2. 

Figure 2-7 shows a schematic diagram illustrating the relationship between the vertical error in DEMs 

and the off-nadir angle of the cross-track direction, and the associated spurious shift in the horizontal 

displacements. Table 2-6 summarizes the horizontal shift in the measured displacement due to vertical 

errors in the DEM in the case of matching images from the same orbit and neighboring orbits for both 

Landsat-8 and Sentinel-2 images. 
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Table 2-5: Error sources associated with the matching process and the proposed mitigation procedures  

Error source Sources Mitigation 

probability 

Filtering procedure 

Decorrelation 
noise  

 Change in radiometric 
properties of the images  

 Surface changes 
between the two images 
acquisitions  

 

 Cannot be mitigated 
whereas outliers are 
always presence in 
any deformation filed 

 By knowing prior 
information about the 
expected displacement in 
the study area.  

 Removing lower SNR 
pixel is considered a 
common practice in the 
filtering process.    

Long orbital 
wavelengths  

 The residual of the 
orthorectification and 
co-registration process  

 The 
orthorectification 
residuals can be 
mitigated by 
matching images 
belonging to the 
same orbit.   

 Removed by fitting the 
matching results over the 
stable targets by first 
order polynomial and then 
subtraction from the raw 
correlation fields. 

Stripes 
artifacts  

 Misalignment in the 
charged couple device 
(CCD) array  

 Can be mitigated by 
constraining the 
spatial baseline (SB) 
(i.e., the distance 
between the two 
images’ centers) <= 
200 m as proposed 
by Ding et al. (2016)  

 Stripes can be removed by 
applying mean subtraction 
method.  

 The quality of this process 
is mainly related to the 
extension of stable targets 
in the study area  

Topographic 
shadowing 
artifacts  

  Due to the shadow 
effects comes from the 
difference in the sun 
angles between the two 
correlated images  

 Can be mitigated by 
matching images 
with less variation in 
sun elevation and 
sun azimuth to 
control the shading 
artifacts  

 Filtering of these related 
errors is difficult and area 
with TSA’s contamination 
can be masked out from 
the deformation fields as 
followed by Ding et al. 
(2016). However, this 
contamination area may be 
the area of interest, 
therefore limiting the sun 
angles disparities should be 
followed  
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Table 2-6: Horizontal shift in the displacement in the case of matching images form the same orbit and 
adjacent orbits.  

  

Sensor 

 

Orbital height 

(km) 

 

Swath width (km)  

Horizontal shift 

Same orbit Neighbor orbit 

Landsat-8  785 185 ∆ℎ
7.8

 
∆ℎ
2.7

 

Sentinel-2 705 290 ∆ℎ
3.9

 
∆ℎ
5.4

 

 

In Figure 2-7, it can be noticed that matching two orthoimages from different orbits (i.e., adjacent orbits) 

leads to an accumulation of false horizontal displacement in the cross-track direction. The maximum 

relative false offset between two Sentinel-2 images and two Landsat-8 images in the case of matching 

images from same orbit and neighboring orbits are also displayed in Table 2-6. Correlating images from 

adjacent frames may be considered an alternative to densifying the correlation measurements, especially 

in the presence of cloud cover. However, errors associated with DEMs should be considered and 

modeled to capture true deformation. Two types of vertical errors are common, namely that (1) 

elevations do not match the time of terrain elevation acquisition, and (2) changes occur in terrain 

elevations in the time between satellite image acquisitions. Most Earth observation satellites monitor a 

specific point at the same time each year (sun-synchronous), and the presence of seasonal variation 

results in variability in the directions and length of the shadows cast (Ding et al., 2016). Thus, the 

presence of TSAs in the sliding window scale during the correlation process introduces challenges for 

deformation measurement. The variability in solar angles between the correlated images (i.e., solar 

azimuth and elevation) results in a notable variation in the size and orientation of the cast shadows. 

Ding et al. (2016) defined the term "radiometric baselines" as a function of solar elevation and solar 

azimuth disparity as well as topographic elevation, as shown in Figure 2-8 along with the equations used 
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to estimate the offset and direction of the shadow. Ding et al. (2016) reported that a larger difference in 

solar angles results in artifacts of approximately 3–4 m with a maximum of 10 m in steep mountainous 

terrain, and that correlated pairs with lower-magnitude TSAs mitigates the shadowing artifacts in the 

deformation fields. 

 

Figure 2-7: Sketch to illustrate the effect of the vertical error in DEMs on the horizontal shift in the 
measured displacements in the case of matching images from the same and neighboring orbits both for 
(a) Landsat-8 and (b) Sentinel-2. The figure is reproduced from Stumpf et al. (2016). 
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Figure 2-8: Sketch illustrating the concept of topographic shadowing artifacts. (α1, β1) and (α2, β2) denote 
the solar elevation and azimuth of the master and slave images, respectively. l1 and l2 denote the shadow 
lengths on an apartment surface of a reference point ‘O’ with height h at the sun elevations α1 and α2, 
respectively. The figure is reproduced from Ding et al. (2016). 

2.4 Optical Image Matching for Monitoring Dune Migration  

In dune migration studies, the traditional remote sensing technique (i.e., observing the displacement 

between two lines representing the crest line of the dune at two different epochs) provide the dune 

velocity estimate at sparse locations. Moreover, the method is hampered by the accuracy, reproducibility, 

and spatial resolution of the images. On the other hand, Cosi-Corr allows the production of raster maps 

that represent the sizes and directions of dune migration. Cosi Corr has shown great potential of 

extracting the dune velocities, while its application in dune studies is somewhat more complex due to 

the smaller size and structural variability of the target features. The first study to use the algorithm to 

monitor dune migration was the study by Vermeesch and Drake (2008). Since the first application and 

O O 
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to date, to the best of our knowledge, limited studies have employed the OICC to monitor the dune 

migration, however, the potentiality of the OICC to retrieve earth surface deformation range from few 

pixels to dozens of pixels up to 1/10 of pixel size there have been approximately eight studies in which 

the OICC has been used to monitor dune dynamics in different dune fields. It is interesting to report 

that several workflows, methodological and comprehensive analyzes have been performed. Some of 

these methods can be applied to any dune field, while others are appropriate for the study area. In the 

remaining of this section previous studies that related to monitoring dune migration employing OICC 

(i.e., COSI-Corr) are reviewed.   

Vermeesch and Drake (2008) conducted the first study using COSI-Corr to monitor dune migration 

and associated sand flux in the Bodélé Depression in Chad based on ASTER imagery. They compared 

the rates obtained from matching four images that formed three pairs spanning 1 month, 15 months, 

and 6.5 years. They reported the existence of seasonal variations with an increase in dune velocity rates 

during the windiest months. They also introduced the integration between dune acceleration and dune 

heights extracted from DEMs to estimate sand flux. They created a stereographic pair from ASTERS 

3N and V3B images to estimate dune heights. To better estimate dune sand flux, they subtracted dune 

heights from basal area heights. The interdune areas were determined using the lowest values of dune 

celerity, and the heights of the interdune areas were extracted from the DEM and then interpolated to 

form the base surface. This study showed that the COSI-Corr technique is useful in estimating dune 

velocities and associated sand fluxes with good spatial coverage.  

Necsoiu et al. (2009) observed the slowest migrating dune in the subarctic Great Kobuk Sand Dunes 

(GKSD) in the Kobuk Valley National Park, Alaska, USA. They applied the matching technique along 

with two medium-scale resolutions, namely SPOT-5 (10 m) and ASTER (15 m), over 5 years. They 

introduced two methodological approaches, as follows. The first approach was to correlate images from 
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different archives considering the different spectral radiometric ranges. They compared the uncertainty 

and percentages of outliers over stable regions for different radiometric combinations, and the 

overlapping regions of the spectral radiometric ranges proved to be efficient in reducing uncertainty. 

They also reported that the linear combination of ASTER bands 1 and 2 with the panchromatic band 

of SPOT-5 had the lowest noise and produced the best matching results. This approach is useful for 

matching images from different archives as it enables dense temporal coverage, especially for tropical 

regions where images are more prone to cloud contamination. The second approach applied by Necsoiu 

et al. (2009) was the robust migration direction filter (RMDF), which was used to reduce the effects of 

positive bias in dune movement, particularly slow-moving dunes. The RMDF is based on the projection 

of the displacement vectors onto a local robust migration direction. The main advantage of this is that 

the matching measurements were represented as a Gaussian distribution so that they can be 

distinguished from areas of active movement. After selecting the best band combination and applying 

the robust migration filter, a migration rate of 1.15 ± 0.16 m/year was recorded.  

Vermeesch and Leprince (2012) conducted the first spatiotemporal monitoring study of dune migration 

in the Bodélé Depression over 26 years from 1984 to 2010. They combined imagery from four ASTER, 

two SPOT-3, and one Lanadsat-4 scenes. They did not consider spectral radiometric ranges and used 

the highest resolution bands from each archive. The images were co-registered and orthorectified in a 

pre-processing step using Landsat-7 and a Shuttle Radar Topography Mission (SRTM) DEM. The 

images were then aligned in chronological order. The matching was performed adjacently for the seven 

images yielding six pairs covering 26 years. The post-processing process included the following steps: 

(1) stripping to remove adjustment artifacts; (2) removing pixels with lower SNR values; (3) restoring 

displacements in a common reference frame; and (4) applying the robust migration filter proposed by 

Necsoiu et al. (2009). They also reported the stability of dune mobility and rates of change (acceleration) 
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of less than 10% during the 26-year study period. This low percentage of acceleration of dune mobility 

shows the stability of wind conditions and anthropogenic activities over the central Sahara near the 

ground.  

Hermas et al. (2012) applied COSI-Corr along with medium-resolution imagery from SPOT-5 over 229 

days to observe dune migration over part of the North Saini Sand Sea in Egypt. In their post-processing 

steps, they filtered out the deformation fields by removing the pixels with values outside a range of ± 

20 m and then applied the non-local mean filter embedded in the COSI-Corr environment to reduce 

noise. They also reported that the co-registration errors of the matching results were reduced by 

estimating the mean deformation records over stable regions, finding that the bias was in the order of 

1/50th of the pixel size, with a mean displacement of 5.6 and 32.1 cm in the E–W and N–S directions, 

respectively. The same authors also found that dune areas moved an average of 7.7 m/year, with peaks 

in linear dunes averaging 13.4 m/year. They also observed displacements through transects running 

parallel and perpendicular to the orientation of the dune crests and reported remarkable variations in 

migration rates along the same linear dune. Saddles were also found to move relatively fast compared to 

peaks. The vectors of migration directions extracted from the matching results were consistent with the 

direction of the wind regime. 

Scheidt et al. (2013) employed the COSI-Corr algorithm together with ASTER imagery to investigate 

dune migration in the Sperrgebiet, Namibia, from 2001 to 2009. Seven ASTER 3N scenes and one 

AST14DMO ASTER pre-orthorectified product were used to construct seven correlation pairs with a 

minimum time span of 0.75 years and a maximum time span of 9.58 years. The study investigated the 

sensitivity of the software to variation in window sizes across 12 experiments. The optimum window 

size was determined depending on both quantitative and qualitative analysis of the matching 

measurements, by visual interpretations of dune geomorphologies, and estimation of the matching noise 
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measurements over stable areas. The authors also introduced different levels of filtering for the 

deformation fields, as follows: de-striping; directional and magnitude filtering; and RMDF. They applied 

each filtering step solely and consequently to address the effect of the filtering process on reducing noise 

over stable targets. They also normalized the displacements to estimate the standardized yearly 

measurements. In addition, suitable time separation between the correlating images was discussed, 

reporting that this must not be too short so as to ensure a sufficient amount of displacement, and not 

too long so as to ensure that the dune crest translation distance is less than the spacing between the 

dune crests. To validate the measured velocities, 10 dunes were identified in the ASTER imagery and 

tracked manually from 2001 to 2009 by employing the write function memory insertion (WMFI) 

technique. The COSI-Corr and WMFI results were in general agreement, although COSI-Corr showed 

an overestimation in dune migration by ~16%. These results identified areas of active sand dunes, where 

sand is expected to flow into the southern entry point of Namib Sand Sea. The vectors of dune migration 

here are mostly northward and diverge in the easterly direction. While some consistent variations in 

dune migration were identified around obstacles, variations in speed were also observed from year to 

year. Although the total area of active dune fields in the Sperrgebiet appeared to be stable with no 

significant variation throughout the study period, areas showing movement rates greater than 35 m/year 

were found to have increased since 2007. These findings were interpreted as indication an increase in 

sand transport and deflation in the Sperrgebiet.  

Al-Ghamdi and Hermas (2015) applied COSI-Corr to two SPOT-4 10 m panchromatic images spanning 

four months to observe dune migration in northwestern Al Lilth City, Saudi Arabia. The monthly dunes 

net displacement in the study area varied between 0.0 to 17.0 m/month, with an average of 1.3 m/month. 

Notably, dune velocities changed spatially in the study area, indicating different dune morphologies and 

environmental conditions. The vectors of migration directions agreed well with the predominant wind 
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direction, and the results also revealed the risks of dune migration in the area. While agricultural areas 

were deemed relatively safe from dune encroachment, some road networks and power lines were found 

to be at risk. 

Sam et al. (2015) introduced the same concept of Vermeesch and Drake (2008) to estimate sand flux 

and dune celerity in the Barmer District of the Thar Desert, India. For the first time, these authors 

employed two Cartosat-1 images spanning 368 days from March 2010 to 2011. They filtered out the 

matching results by replacing the pixels with SNR values lower than 0.90 with zero. They used the E–

W and the N–S deformations to estimate dune displacement by applying Euclidian distances. They 

determined the base level by selecting pixels with movements lower than 0.90 m and found that the 

height of the interdune regions scored on average 80 m. These values were subsequently interpolated 

and subtracted from the DEM to determine dune heights above the base surface (i.e., interdune areas). 

The mean sand flux ranged from 0.016 or 35.60 m3/m2/year. The co-registration accuracy over stable 

targets yielded a root-mean-square error of 1.60 m. The recorded dune displacement was found to be 

in the range of the co-registration accuracy, and the study’s authors concluded that there was no evidence 

of dune displacement within the study period. Previous studies employing field measurements also 

reported the stability of this area due to habitation and arid vegetation cover. Despite no dune migration 

being detected, the study was the first to apply the COSI-Corr software to Cartosat-1 imagery.  

Al-Mutiry et al. (2016) used two medium-resolution Panchromatic SPOT-4 images to estimate dune 

migration rates in Irq Al-Rethmah, north of Riyadh City, Saudi Arabia, from 2006 to 2009. They applied 

the RMDF proposed by Necsoiu et al. (2009) to project the displacements to a robust migration 

direction. The average displacement of all sand accumulations during the 850-day period was estimated 

to be 1.3 m, and the annual migration rates ranged from 0.0 to 8.9 m/year in different locations. The 

authors noted that the active dunes on the western periphery of Irq-Rethamh had the highest average 
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migration rate of 0.72 m/year while other sandy areas recorded the lowest average rate of 0.35 m/year. 

Active dunes were found to be an important potential threat to recreational facilities, farms, and roads. 

The study also compared the directions extracted from the matching results with a 26-year record of 

wind direction. During the winter, spring, and autumn months, the frequency of south and north winds 

is largely balanced. In summer, the movement of the dunes in a southerly direction was found to offset 

the more frequent northerly winds. Overall, this study found that estimated migration rates were much 

lower than records of dune movement in Saudi Arabia; however, the authors did not perform a direct 

comparison with previous studies using ground-based methods and they focused on different spatial 

locations.  

Hermas et al. (2019) used RS imagery from several sources including CORONA (1967, 1972), SPOT-5 

(2013), Landsat-TM (1986), and Landsat-8 OLI (2013) along with COSI-Corr to monitor sand 

accumulation in the Wadi Fatimah and Wadi Ash Shumaysi dune fields in Saudi Arabia and determined 

the spatiotemporal variability of dune migration rates and extents. They found that anthropogenic 

activity has significantly degraded the soil here due to severe wind erosion combined with severe drought. 

Wind erosion ultimately led to sand being transported to areas of accumulation. This local increase in 

sand budget/flux led to a remarkable increase in the spatial variation of dune migration rates and the 

extent of sand accumulation in the study area, although sand transport rates were spatially variable. 

Barid et al. (2019) employed the orthorectified Landsat Level-1 Precision Terrain (L1TP) products to 

introduce a workflow for obtaining reliable and meaningful measurement of dune migration. These 

authors investigated the effect of the distribution of GCPs of geostationary targets on the quality of the 

matching process. Applying the methodology to the Bodélé Depression in central Africa and the Grand 

Erg Oriental in Algeria, they identified that two critical factors determine suitable Landsat scene for the 

matching process: (1) dune mobility must be larger than the mismatches errors, and (2) the GCPs should 
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be located on geostationary targets, such as bedrock or interdunes. However, the core methodology of 

using COSI-Corr with optical imagery to monitor dune migration appears to be similar, although the 

procedures for the identification and analyzing dunes differ between studies.  

One of the most complicated questions is how best to extract dune migration rates. Most previous 

studies have obtained maximum and minimum dune migration rates, which is an acceptable solution, 

especially in areas with large differences between the dunes and the subsurface. The COSI-Corr 

technique is considered promising in measuring dune migration with sub-pixel accuracy. The ability to 

determine changes in dune shape raises the question of how best to represent measurements of dune 

acceleration. The maximum and mean velocity specification in a manually defined dune area (Scheidt 

and Lancaster, 2013) works best in areas with a strong contrast between dune and bedrock. This method 

is also recommended because it provides a more nuanced account that remains comparable to traditional 

records. However, the required user input prevents this method from being scaled. Instead, studies over 

larger spatial scales have used dune boundary extraction and reported the distribution of net velocity 

values (Al-Mutiry et al., 2016; Necsoiu et al., 2009; Sam et al., 2015). However, the inclusion of non-

dune areas results in greatly reduced average migration velocities (Al-Mutiry et al., 2016). Some studies 

have removed pixels between dunes (Sam et al., 2015) or excluded stable dune areas (Necsoiu et al., 

2009) from the reported distributions, but a consistent approach is yet to be established. 

2.5 Optical Image Matching Time-Series Applications to Monitor 

Surface Deformation: Methods and Future Directions 

Monitoring the deformation of the Earth's surface with high spatial and temporal resolutions is 

necessary to reveal the complex patterns of the underpinning deformation mechanism. Ground-based 

measurements such as total stations, sprit levels, and GNSS provide an accurate solution, but due to the 
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high cost and inaccessibility of targets, such as landslides and glaciers, these measurements cannot 

provide high spatial and temporal resolutions. Advances in RS, including satellite-based radar or optical 

imagery, allow measurements of changes in the Earth's surface with millimeter to centimeter accuracy 

and can be used to reveal the complex patterns of surface deformation at larger scales. The proliferation 

of free archives of optical (e.g., Landsat 7/8 and Sentinel-2 A/B) and SAR imagery (e.g., Sentinel-1) 

with short repeat times allows surface deformations to be detected at up to weekly timescales almost 

anywhere on Earth (Lissak et al., 2020). Slow- and moderately moving targets can be monitored with 

InSAR measurements and subpixel OICC. InSAR has millimeter-scale accuracy with spatial resolutions 

ranging from a few meters to tens of meters. This can be used to quantify deformation occurring during 

the day or night and even under heavy cloud cover for a range of targets, including landslides (e.g., Dun 

et al., 2021;Isya et al., 2019; Li et al., 2020; Zhang et al., 2021), glaciers (e.g.,  Du et al., 2020; Forster et 

al., 2003; Shi and Chang, 2012; Sánchez-Gámez and Navarro, 2017), volcanoes (e.g., Albino and Biggs, 

2021; Beccaro et al., 2021; Bubenzer, 2021; Ducrocq et al., 2021), and earthquakes (e.g., Békési et al., 

2021; Liu et al., 2021). Standard InSAR processing generates interferograms by measuring the phase 

difference between two data acquisitions to estimate the surface deformation (Osmanoğlu et al., 2016). 

The availability of multiple independent acquisition geometries (i.e., ascending and descending) enables 

the measurement of 2D and 3D ground surface deformation (e.g., Delbridge et al., 2016; Hu et al., 2014; 

Samsonov et al., 2020; Sun et al., 2016). However, to date, InSAR measurements suffer from limitations 

relating to the intrinsic properties of the phase signal (Dille et al., 2021; Osmanoğlu et al., 2016). For 

example, the signal backscattered from the surface is subject to temporal decorrelation related to 

changes in vegetation or moisture, deformation rate, and surface geometry (Dille et al., 2021; Osmanoğlu 

et al., 2016). Additionally, the loss of coherence due to the penetration of the radar signal into the Earth’s 

surface (as in case of dunes) hinders the dependency on phase change, however the reliance on the 

coherence product is considered feasible and representative of the thin movement of sand sheets. 
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Subpixel OICC/offset tracking can be used to observe fast-moving targets that cannot otherwise be 

detected with InSAR (Dille et al., 2021). Surface deformations are derived here by the OICC of two 

images acquired at different times to measure any shifts between the images. 

To monitor the temporal patterns of surface deformation, multitemporal image matching (MTIM) and 

multitemporal InSAR (MT-InSAR) measurements have been combined/inverted into time series (e.g., 

Dehecq et al., 2015; Derkacheva et al., 2020; Fahnestock et al., 2016; Millan et al., 2019; Mouginot et al., 

2017). Time-series inversion is a common practice for InSAR (Berardino et al., 2002; Casu et al., 2011), 

with the Small Baseline Subset (SBAS) proposed by Berardino et al. (2002) being the most often used. 

The SBAS method is based on the selection of networks of interferograms by constraining the temporal 

and spatial baselines to improve the temporal and geometric decorrelation alongside their subsequent 

inversion to obtain deformation rates. The temporal baseline threshold ranges between months and 

years, while the vertical baseline threshold varies from hundreds of meters to over a thousand meters. 

The thresholds for the SBAS network are used to maximize the number of InSAR interferograms while 

minimizing their temporal and spatial decorrelation and reducing the computation time and data 

overhead. Recently, some authors have developed approaches to invert optical image correlations of 

time series similar to the InSAR method (e.g., Altena et al., 2019; Bontemps et al., 2018; Lacroix et al., 

2019), thereby improving temporal sampling and the signal-to-noise ratio (Bontemps et al., 2018). 

Subpixel image correlation has already been used to measure the large surface displacements of glaciers 

(e.g., Altena et al., 2019; Dehecq et al., 2015; Derkacheva et al., 2020; Fahnestock et al., 2016), 

earthquakes (e.g., De Michele et al., 2010; Fielding et al., 2020), and moderate-velocity landslides (e.g., 

Bontemps et al., 2018; Delacourt et al., 2004; Stumpf et al., 2017; Lacroix et al., 2019).This can be 

performed with different types of images, including SAR, optical, and topographic data. Optical imagery 

is the most commonly used type, in part due to the availability of medium-resolution data going back 
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decades. However, these data are typically limited by the presence of clouds, which can limit temporal 

resolution and prevent the identification of transient deformation signals.  

As a method of monitoring the temporal evolution of Earth surface targets, MTIM can be classified 

into two main categorizes according to the procedure of obtaining the time series, as follows: (1) the 

combination of multiple numbers of pairs to represent the temporal evolution of surface change (e.g., 

Dehecq et al., 2015; Derkacheva et al., 2020; Fahnestock et al., 2016; Millan et al., 2019; Mouginot et al., 

2017), and (2) the inversion of time series similar to the SBAS approach as used for InSAR ( e.g., Altena 

et al., 2019; Bontemps et al., 2018; Lacroix et al., 2019). For example, Dehecq et al. (2015) used feature 

tracking together with Landsat-5 /7 covering the period 1999–2001 to monitor the spatiotemporal 

variability of glacier velocity and associated uncertainty at large spatial scales. To better account for the 

large datasets provided by free archives, these authors proposed selection criteria for pairs to be matched 

with the feature tracking algorithm. In their approach, all available pairs are analyzed within a given time, 

preprocessed to improve image quality, and features are tracked to create velocity stacks. The final 

velocity is then determined by selecting measures from the stack with the statistically higher confidence 

level. They successfully captured 92% of the glaciated areas in the study region. These results highlight 

the advantages of processing a full satellite archive to create glacier velocity fields and analyze glacier 

dynamics at a regional scale. Fahnestock et al. (2016) employed Landsat-8 imagery with an enhanced 

revisit time (16 days), radiometric quantization (12-bit), and spatial resolution (15 m/band8) to monitor 

ice velocities over ice sheets and large-scale glaciated areas. They applied a subpixel image correlation 

technique to recover ice cover from Landsat-8 pairs and coupled images with a time span of 16 to 64 

days to monitor high ice velocities and compensate for seasonal variability. However, a short time span 

was necessary to detect rapidly shrinking ice deposits because the image matching was subject to a large 

amount of geolocation error. Fahnestock et al. (2016) applied a weighting scheme to the matched 
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measurements according to the temporal separation, assigning higher values to the longest periods. 

Landsat-8's current high image acquisition rate (i.e., 725 scenes per day worldwide) reduces the effects 

of heavy cloud cover in polar and mountainous areas and allows dense temporal coverage of seasonal 

ice flow variations. Bontemps et al. (2018) who first introduced time-series inversion in the optical image 

domain, generating the full network of all possible pairs by matching 16 SPOT-5 images in forward and 

backward directions. Due to the full network, the design matrix associated with the pairing network is 

considered full rank, and a simple least squares inversion was applied to solve for temporal evolution. 

Their proposed algorithm effectively reduced the uncertainties and improved the spatial coverage of the 

solution. They also recommended the selection of pairs with similar illuminations to further limit 

uncertainty. Additionally, they report that the effect of long temporal baselines on the matching results 

as a function of surface change. Lacroix et al. (2019) applied the same principle as Bontemps et al. (2018) 

by using Landsat-8 imagery to study the spatiotemporal dynamics of slow-moving landslides. Their study 

showed the existence of seasonal signals associated with the time-series results. However, their study 

area was mountainous and devoid of vegetation, and they attributed the observed seasonal variations to 

differences in solar radiation over the correlated pairs. While the inversion algorithm presented by 

Bontemps et al. (2018) is suitable for commercial satellites with a limited number of images, it would 

not be effective when using free archives that provide images with a high return time (e.g., Landsat-8 

and Sentinel-2), and the full network combines all pairs without considering the quality of the images. 

This may affect the results of such time-series analyses, especially for pairs with higher solar irradiance 

variability that will likely lead to seasonal signals as reported by Lacroix et al. (2019).
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Chapter 3. Research Strategy 
 

This chapter describes the comprehensive research workflow used in the three projects included 

in this study. It is worth mentioning that the core of the research work is to exploit the optical 

image cross-correlation (OICC) in the frequency domain of the COSI-Corr engine together with 

the free archives of optical images (i.e., Landsat-8 and Sentinel-2) to retrieve the dune velocity up 

to 1/10 of the pixel size. In the first project, the optical image matching selection and inversion 

(OPTSI) algorithm was introduced, which is considered an extension to the inversion of the full 

network presented in the study by Bontemps et al. (2018). The algorithm aimed at only selecting 

pairs with high-quality according to baselines’ values and then performing the inversion. The 

algorithm was evaluated in terms of uncertainty and spatial coverage. In the second project, the 

temporal sampling of the time series was condensed by introducing the fusion of offset 

measurements from both Landsat-8 and Sentinel-2 images to help monitor the temporal evolution 

of the dune movement up to a weekly time scale. The method was applied to the fastest barchan 

dunes in the Bodélé depression to test the potentiality of the fusion in condensing the time series. 

In the third project, the combination of individual matching measurements from correlating high-

quality pairs is introduced and applied to monitor the complete picture of the dune velocities in 

the North Saini Sand Sea. Thanks to the combination of individual matching measurements, the 

dune velocities, magnitudes, and directions were estimated, and the variability between individual 

measurements was assessed, reflecting the wind regimes'  variability. 
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3.1 General Framework  

Figure 3-1 shows the comprehensive flowchart of the research work. It is worth mentioning that the 

framework includes three main parts. The core of this research is the optical image cross-correlation 

(OICC) in the frequency domain of COSI-Corr up to 1/10 of pixel size (See Figure 3-2). The 

displacements of dunes were retrieved by calculating the phase difference of the Fourier transform. The 

following sections describe the core of the research strategy and the three methodological flowcharts 

included in the research work. 

3.1.1 Optical Image Cross-Correlation  

3.1.1.1 Pre-processing of images  

In general, raw images (only sensor information) contain a variety of distortions that need to be reduced 

before they can be compared (e.g., through image matching) or used directly with maps or other derived 

spatial information. Matching two raw images with different acquisition times may be difficult without 

geometric corrections due to distortions. Generally, images are contaminated by two types of distortions:  

geometric and radiometric. There are several sources for these geometric distortions, and they may affect 

the images in different ways (Toutin, 2004). Before matching, images that are used to calculate 

displacements must be orthorectified, or else the displacements calculated from matching images that 

are not orthorectified must be corrected. To accomplish this, the position of the camera, the lens 

distortion, and the topography of the ground must be known. The quality of the orthorectification limits 

the accuracy of the displacement field. Incorrect values of camera position, look direction, lens distortion, 

and atmospheric effects give horizontal shifts in the orthoimages that can be erroneously identified as 

displacement. Digital terrain models (DTMs) can be used to correct input images for perspective (see 

Figure 3-2). As a result, the accuracy of this method is mainly dependent on the accuracy of the DTM 

(Kääb, 2005). In Figure 3-2, horizontal distortions result from vertical errors in the DTM and the look- 
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Figure 3-1: Schematic diagram for the comprehensive flow chart of the research work.  
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angle. Upon correcting all distortions, a geocoded image is referred to as an orthoimage.  The matching 

of two (or more) orthoimages may also be used to determine how well they overlap in stable areas by 

testing for perfect overlap (Kääb, 2005). The displacements may be caused by errors in the DTM or 

movements in the real world (Figure 3-3). The images used in this thesis are orthoprojected, resulting 

in displacements that are predominantly real, and they can be compared pixel by pixel. We have used 

Landsat-8 and Sentinel-2 images, which are already orthorectified; therefore, we did not need to perform 

any orthorectification before we started our matching.  

3.1.1.1 Co-registration and Matching of Optical Images in COSI-Corr 

In 2007, Leprince et al. developed COSI-Corr, one of the most advanced matching programs on the 

market. In addition to its original purpose to study tectonics, the tool was soon discovered to be useful 

for calculating other moving targets, including glaciers, landslides, and dunes. The correlation coefficient 

(CC) is found by estimating the phase difference in the Fourier domain without transforming the images 

back into the spatial domain. A bell-shaped window weights the matching to ensure that it is centered 

in the middle of the window. Consequently, it becomes more certain where the match is coming from 

within the window, but when the center of the image has little contrast, it can still obtain matches in the 

outer portion. Compared to other methods, this method achieves more accurate matches in areas with 

little visual contrast and is also generally very robust (Heid and Kääb, 2012). However, the program's 

code is not publicly available, making it difficult for users to modify the program. COSI-Corr is starting 

to become a commonly used program within glaciology, landslides, and dunes. For more details about 

the technical procedures of COSI-Corr, please refer to (Leprince et al., 2007). 
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Figure 3-2: Schematic flow chart of the optical image cross-correlation process and the filtering process of raw measurements. 
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Figure 3-3: a) principles of orthophoto generation and b) Errors in the DTM leads to horizontal 
distortions (Kääb, 2005) 

3.1.1.2 Post-processing 

There are often many accurate and incorrect matches in the displacement field, which necessitates 

editing as a post-processing step. The signal-to-noise ratio (SNR) or correlation coefficient coefficient 

is commonly used as the first step (Kääb, 2005Scherler et al., 2008). Following this, matches with a low 

signal-to-noise ratio or a low correlation coefficient are removed. In most cases, this leaves some 

mismatches and removes some correct matches, which requires further editing afterward. More 

complicated methods are also used for filtering the measurements. According to Scambos et al. (1992), 

reverse correlations were used to compare the results obtained by matching images at times 1 and 2, 

using the first image as a reference with the results obtained by matching images at time 2. The 

displacements that deviated more than a threshold were rejected. Some studies (Kääb, 2005; Scherler et 

al., 2008) have utilized directional filters, especially in glacier and landslides studies, where these targets 

move under controlled conditions (i.e., the gravitational directions). The flow directions are determined 

from the flow features visible in the images, and then the matching results are compared with these 

directions. Heid and Kääb (2005) lowpass filtered the displacement field and compared the original to 
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the filtered version. For global-scale applications, it might be more acceptable to remove some correct 

matches when filtering the displacements. Having stricter thresholds on the automatic filtering methods 

removes more erroneous matches, but at the same time, more correct matches are removed. This might 

be acceptable for global scale applications and necessary because manual filtering of a large number of 

vectors is time-consuming. For studies of specific glaciers, it is often better to use less strict thresholds 

on the automatic filtering methods and rather filter the results manually in the end to remove the last 

errors. All the above-mentioned filters have in common that they require manual tuning of thresholds. 

This is because the glacier characteristics vary considerably both between and within regions. Because 

of this, it seems unlikely that completely automatic filters ever exist. In our work, we introduced a 

comprehensive filtering engine including five steps: removing outliers, removing the long orbital 

wavelength errors that come from the insufficient co-registration and orthorectification, removing the 

stripes and jitter artifacts in the along and cross-track directions, respectively, and finally the absolute 

calibration of the matching measurements w.r.t reference point.  The filtering engine was developed in 

a MATLAB environment. It is worth mentioning that further processing steps were applied for the 

matching measurements that come from the inversion, including 1) the direction filter introduced by 

Necsoiu et al. (2009) and 2) the projection into the prevailing migration direction. In chapter 4, we 

describe the filtering process in more detail
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3.1.2 Optical Image Matching Selection and Inversion Algorithm 

Figure 3-4 shows the optical image matching selection and inversion algorithm (OPTSI) in a flow chart. 

OPTSI is an extension of Bontemps et al. (2018)'s inversion of the full network of OICC measurements. 

Following the definition of the OICC baselines, the OPTSI algorithm selects high-quality images. The 

OICC process defined three baselines: radiometric, spatial, and temporal. To investigate the effect of 

different baselines on uncertainty, an empirical test was conducted after the baselines had been defined. 

The lack of field measurements, especially in the vast deserts, made it necessary to assess the uncertainty 

based on the matching measurements of stable areas. The OPTSI algorithm was evaluated in terms of 

both spatial coverage and uncertainty. This algorithm is not only valuable for monitoring the temporal 

evolution of dune targets but is equally appropriate for monitoring other targets as well (e.g., glaciers 

and landslides). A detailed description of the OPTSI algorithm and the procedure to monitor part of 

the North Saini Sand Sea (NSSS) is attached in the chapter (4). 

3.1.3 Condensing Temporal Sampling of the Time Series  

Figure 3-4 shows the flow chart of the OPTSI algorithm with two additional modules as follows: 1) 

automatic determination of stagnant regions depending on the multi-spatial coherence (MSC) from 

Sentinel-1SAR images and the fusion between the offset maps from two sensors to condense the 

temporal sampling of time series up to weekly time scale. In some dune fields, the extension of stable 

regions (i.e., stagnant areas) cannot be distinguished based on the visualization of optical images. 

Therefore, the dependency on independent sources to auto-distinguish between active and inactive 

regions is essential for applying the filtering. The rationale behind the fusion of offset maps for two 

sensors (i.e., Landsat-8 and Sentinel-2) is to condense the temporal sampling to monitor the fast-moving 

targets without the dependency of the adjacent matching, which is more susceptible to geolocation 

errors. Additionally, the presence of cloud cover, dust, or haze would inherently affect the temporal 

sampling of the introduced time series. We extended the application of the OPTSI algorithm by fusion 
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between offset maps from Landsat-8 and Sentinel-2 to condense the temporal sampling and monitored 

the fastest barchan dunes in the Bodélé depression, Chad. Details about the extended OPTSI algorithm 

and its application to barchan dunes in Bodélé depression can be found in chapter 5. 

3.1.4 Estimating the Average Annual Rates of Dune Velocities and 

Corresponding Uncertainties  

Dune fields and sand seas experience significant spatiotemporal variability in dune migration magnitudes 

and directions.  Such variability can be attributed to the variability in wind regimes spatially and 

temporally, the different particle sizes, and the different observation periods. Therefore, it is expected 

to have different migration magnitudes and directions between different matching measurements. The 

fusion of group of matching measurements covering different observation period helps in extracting 

the average annual rates of velocity magnitudes and directions and the corresponding uncertainties. It is 

worth mentioning that the uncertainties in the final velocities represent the degree of variability between 

the individual measurements. To better estimate the AAR and the PMD with high reliability, an 

automatic pairing scheme based on limiting the solar angles, the spatial baseline and with one year time 

separation to decrease the probability of cast shadows and seasonal signals, the presence of stripes 

artifacts, and to decrease the effect of geolocation errors when converting to annual velocities. The 

fusion of matching measurements after pairing them with scheme helps in the following: 1) estimating 

the AAR and PMD with high spatial coverage and low uncertainty, 2) estimating the uncertainty in the 

finals velocities magnitude and directions, and 3) compensating the paucity of metrological stations in 

vast deserts and sand seas. Figure 3-6 shows the flowchart of selecting matching pairs and combination 

of matching measurements to estimate the average velocity.   
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Figure 3-4: Pipeline of OPTSI algorithm  
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Figure 3-5: Flowchart of OPTSI algorithm with condensing temporal sampling.  
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Figure 3-6: flow chart of the combination of individual matching measurements to represent average 
annual magnitudes and directions.
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Chapter 4. Improved Optical Image 
Matching Time Series Inversion Approach 
for Monitoring Dune Migration in North 
Sinai Sand Sea: Algorithm Procedure, 
Application, and Validation 

 

This chapter describes the workflow of the improved optical image selection and inversion 

(OPTSI) algorithm in monitoring the earth' s surface deformation and its application in 

monitoring the dune migration in the North Saini Sand Sea (NSSS). We mainly selected the 

NSSS to introduce the OPTSI algorithm for the following reasons: 1) NSSS includes a good 

spatial extension of mountains which is considered a benchmark for evaluating the matching 

measurements, especially in the absence of field observations, and 2) such stable targets were 

exploited to test the relationship between the basslines oof matching process and the associated 

uncertainty, and 3) NSSS is considered one of the most complex sand seas that are characterized 

by large spatiotemporal variability of dune migration magnitudes and directions. OPTSI 

algorithm showed its potential in estimating the historical movement of dunes with low data 

burden, low computational cost, low uncertainty, and high spatial coverage. The OPTSI 

algorithm can be used to monitor other targets, including g laciers and landslides. The work was 

published in the ISPRS journal of photogrammetry and remote sensing and can be cited by Ali 

et al. 2020. 

 

 

https://www.sciencedirect.com/science/article/pii/S0924271620300952#f0005
https://www.sciencedirect.com/science/article/pii/S0924271620300952#f0005
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Overview 

Sand dune migration poses a potential threat to desert infrastructure, vegetation, and atmospheric 

conditions. Capturing the patterns of long-term dune migration is useful for predicting probable 

desertification issues and wind conditions across vast desert areas. In this study, we employed optical 

image matching and a singular value decomposition approach to estimate the rates of dune migration in 

the North Sinai Sand Sea using the free Landsat 8 and Sentinel-2 archives. Our optical image matching 

time-series selection and inversion (OPTSI) algorithm limited the difference in the solar illumination of 

correlated pairs to decrease shadows and seasonal variability. We found that the maximum annual dune 

migration rates were 9.5 m/y and 15.4 m/y for Landsat 8 and Sentinel-2 data, respectively, and the 

results of time-series analysis revealed the existence of seasonal variations in dune migration controlled 

by wind regimes. The directions of sand movement extracted from the mean velocity solution agreed 

strongly with each other and with the drift directions estimated using wind data from meteorological 

stations. We assessed the uncertainty of each solution based on the variance of stable areas. Our results 

showed that the proposed inversion decreased uncertainty by up to 25% and increased the spatial 

coverage by up to 20%. This algorithm is also promising for retrieving historical time series on the 

ground displacements of glaciers and slow-moving landslides, employing free archives that provide high-

frequency images. 

4.1 Introduction  

Sand covers approximately 25% of Earth’s desert regions, where sand dunes are the most common 

landforms (Ghadiry et al., 2012), and migratory dunes pose hazards to infrastructure projects in vast 

deserts (Al-Mutiry et al., 2016, Bruno et al., 2018, Dabboor et al., 2013, Gad, 2016). Over the long-term, 

sandstorms can affect the health of vegetation and lead to desertification (Ahmady-Birgani et al., 

https://www.sciencedirect.com/science/article/pii/S0924271620300952#b0115
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2017, Wang et al., 2003). Dust storms also affect atmospheric conditions, leading to climatic changes 

that can impact human health (Middleton, 2019, Middleton and Kang, 2017). Therefore, monitoring the 

migration of sand dunes is important during the planning stages of new cities and the construction of 

desert infrastructure (Hermas et al., 2012). Moreover, dynamic dune information can be used as a proxy 

for wind direction, especially in vast deserts where no meteorological records are available (Vermeesch 

and Leprince, 2012). 

Previous studies involving dune migration monitoring have been performed using field measurements 

and remote sensing techniques (Hermas et al., 2012, Hugenholtz et al., 2012). Field measurements 

provide high accuracy data; however, they are time-consuming, expensive, and typically focused on a 

single dune field. Since the 1970s, and especially since Landsat Thematic Mapper images have been 

captured, remote sensing has greatly contributed to the transition from such field-based studies to 

studying complex dunes across several aspects, such as boundary conditions, dune patterns, hierarchies, 

and dune activity (Hugenholtz et al., 2012). Early attempts at remotely sensing dune migration, either 

through satellite images or aerial photographs, were conducted by measuring the distance between two 

lines representing the crests of dunes at two different epochs (Hugenholtz et al., 2012). However, the 

large spatial areas covered by these measurements in order to extract crest lines from satellite images are 

exposed to different sources of error arising from sensor geometries, topographic shadowing, and 

different illumination conditions (Hugenholtz et al., 2012). All these factors can affect the accuracy and 

reproducibility of classical remote sensing solutions. 

Additionally, this method has a tendency to result in the overestimation of dune migration (Hugenholtz 

et al., 2012). Change detection techniques were introduced by Mohamed and Verstraeten (2012), who 

applied write function memory insertion and red, green, and blue (RGB) clustering methods to monitor 

dune dynamics at the scale of dune fields and sand seas. These techniques allow for a high spatial 

coverage, but they do not provide a quantitative estimate of dune migration. Some researchers have 
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highlighted the possibility of using high-resolution digital elevation models (DEMs), acquired from light 

imaging detection and ranging (LIDAR) data, to monitor volumetric changes and dune migration (Dong, 

2015, Reitz et al., 2010). However, the high accuracy that is obtainable using LIDAR data, is considered 

costly, especially when covering large areas.  

The coregistration of optically sensed images and correlation (COSI-Corr) (Leprince et al., 2007) 

provides an alternative approach to monitoring dune migration with less human interaction. Vermeesch 

and Drake. (2008) first employed such a method to estimate the migration of barchan dunes in the 

Bodélé Depression using freely available Advanced Spaceborne Thermal Emission and Reflection 

Radiometer (ASTER) images. They reported on the technique's efficacy in estimating the sand flux 

during dune migration by integrating horizontal displacements with the dune heights extracted from the 

stereo-pairs of the ASTER images. Subsequently, COSI-Corr has been used in many studies to monitor 

the migration of terrestrial dunes (e.g., Al-Ghamdi and Hermas, 2015, Al-Mutiry et al., 2016, Baird et al., 

2019, Hermas, 2015, Hermas et al., 2012, Hermas et al., 2019, Necsoiu et al., 2009, Sam et al., 

2015, Vermeesch and Leprince, 2012) and extraterrestrial dunes (e.g., Ayoub et al., 2014, Ayoub et al., 

2014, Bridges et al., 2012). Necsoiu et al. (2009) employed a radiometric combination by merging 

ASTER images with Satellite pour l'Observation de la Terre (SPOT-5) data, which spanned five years, 

to monitor dune migration in the subarctic Great Kobuk Sand Dunes, Alaska. They proposed the 

possibility of a radiometric combination of images from different archives and introduced a robust 

migration direction scheme to better filter noise, especially for slowly migrating dunes. More recently, 

Scheidt and Lancaster (2013) validated the results of COSI-Corr matching using Geographic 

Information System (GIS) measurements; their study was conducted to monitor dunes in southern 

Namibia from 2001–2009, employing ASTER images. They tested seven pairs with different time 

separation ranges, from 1–9.6 years, and found that pairs with maximum time separations were not 

effective in retrieving migration rates, especially when the area under consideration had dunes with 
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migration rates greater than the spacing between the dunes. Vermeesch and Leprince (2012) combined 

seven optical images from different archives (ASTER, SPOT-4, and Landsat 4), covering 45 years, to 

monitor dune migration in the Sahara Desert, using historical dune movement as a proxy for windiness 

over the desert. Ayoub et al. (2014) introduced a time series method employing High Resolution Imaging 

Science Experiment (HiRISE) images to monitor dune dynamics in the Nili Patera Dune Field and 

applied weighted principal component analysis (PCA) to decrease noise in the correlated results. Both 

studies employed a limited number of pairs using an adjacent pairing scheme to establish time series. 

More recently, Baird et al. (2019) investigated the potential of employing the Landsat archives as inputs 

to the correlation algorithm COSI-Corr, where they used Landsat Level-1 Precision Terrain (L1TP) 

products, especially Landsat-5 TM to monitor the dune celerity of the fast-moving dune filed in the 

Bodélé Depression, Chad. They reported that two main factors are critical in the selection of Landsat 

scenes as an input to the correlation algorithm. The first is that the migration rates should exceed the 

misregistration errors and the second is the distribution of the GCPs should be over stable areas. 

Monitoring dune migration over time can be considered as a proxy to the windiness condition over the 

vast deserts where the metrological observations are rare. Information on the windiness condition can 

help in addressing the activity of the dust storms. Vermeesch and Leprince (2012) used the historical 

records of the barchan’s dune migration as a proxy to monitor the status of the windiness in Sahara 

Desert. They applied the optical image matching employing seven optical images from different archives 

(ASTER, SPOT-4, and Landsat 4) and reported on the stability of the wind regime in Sahara 

Desert. Ayoub et al. (2014) introduced a time series to monitor dune dynamics in the Nili Patera Dune 

Field employing High Resolution Imaging Science Experiment (HiRISE) images and applied weighted 

principal component analysis (PCA) to decrease noise in the correlated results. They reported on the 

seasonal variability of the sand flux and suggested a threshold of sand motion to be applied for large 

scale model wind filed. 
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Several studies have exploited the redundancy of correlated pairs to decrease uncertainty and enhance 

spatial coverage using free archives (e.g., Landsat 7/8 or Sentinel-2) that provide images with high revisit 

times (e.g., Altena et al., 2019, Bontemps et al., 2018, Dehecq et al., 2015, Fahnestock et al., 

2016, Lacroix et al., 2019). Bontemps et al. (2018) first introduced the inversion of time series in the 

optical image domain, employing the full redundancy of all possible pairs generated from 16 SPOT-5 

images. A simple least-squares inversion of the design matrix was applied owing to the full rank 

associated with the full redundancy. Their proposed algorithm effectively decreased the uncertainties 

and enhanced the spatial coverage of the solution. Additionally, they recommended the selection of 

pairs with similar illuminations to further limit uncertainties. Lacroix et al. (2019) applied the same 

rationale as Bontemps et al. (2018) by employing Landsat 8 images to study the spatiotemporal dynamics 

of slow-moving landslides. Their study revealed the existence of seasonal signals associated with time 

series results; however, the study area was mountainous and vegetation-free, and they attributed seasonal 

variations to differences in the solar illumination of correlated pairs. Altena et al. (2019) used the 

GoLIVE dataset (https://nsidc.org/data/golive) derived from Landsat 8 to monitor the spatiotemporal 

patterns of the glacier velocity over southern Alaska. They used the least squares inversion to generate 

time series and reported on the effectiveness of the method in providing an overview about the location 

and the time of glacier dynamic events. 

The inversion algorithm introduced by Bontemps et al. (2018) is considered suitable for commercial 

satellites with a limited number of images, but it would not be effective when employing free archives 

that provide images with a high revisit time (e.g., Landsat 8 and Sentinel-2), and the full network 

combines all pairs without any consideration of the quality of the images. This can affect the results of 

such time series, especially for pairs with higher variability in solar illumination, leading to seasonal 

signals, such as those reported by Lacroix et al. (2019). According to our knowledge, there are two other 

conspicuous gaps in the existing literature: (1) few studies have included the matching of results from 
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either Landsat 8 or Sentinel-2 to monitor dune migration while considering the acquisition geometry, 

radiometric resolution, and revisit time of these satellites; (2) higher degrees of redundancy have not 

been employed when establishing dune migration time series, which have instead depended upon 

adjacent pairing schemes (Ayoub et al., 2014, Vermeesch and Leprince, 2012). Ding et al. (2020) used 

the free archives of Landsat 8 and Sentinel-2 to study the spatiotemporal patterns of dune migration 

near Minqin Oasis in northwestern China. The method is considered an extension to the studies related 

to the inversion of the optical imagery (e.g., Altena et al., 2019, Bontemps et al., 2018, Lacroix et al., 

2019). 

In this chapter, we propose an optical image matching time-series selection and inversion (OPTSI) 

algorithm. This algorithm can be used to automatically select pairs that are less affected by differences 

in the illumination and inversion of time-series data. We conduct empirical tests to investigate the 

relationship between different baselines and uncertainties. A total of 576 pairs, belonging to different 

tiles, are shared in the baseline test. We conclude that differences in the elevation and azimuth of the 

Sun are highly correlated with uncertainty, when compared to temporal and spatial baselines. The 

selection criteria is considered effective for decreasing the time needed to process all pairs, as well as the 

probable seasonal variations associated with differences in solar illumination. The time series is then 

inverted using singular value decomposition (SVD). We apply the OPTSI algorithm to monitor dune 

migration in the North Sinai Sand Sea (NSSS) using the free Landsat 8 and Sentinel-2 archives. It is 

worth noting that we use these two satellites together in order to validate the magnitude and direction 

of dune migration by comparing both solutions. Additionally, we compare the direction of dune 

migration to the resultant drift directions extracted from meteorological stations. 
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4.2 Study Region and Geomorphological Conditions 

4.2.1 Study Region 

The Sinai Peninsula is an arid environment in which the rate of evaporation exceeds the rate of 

precipitation. The annual temperature ranges from ~14.0 °C to ~40.0 °C (Hermas et al., 2012). Such 

aridity and high temperatures cause the paucity of vegetation cover observed and provide a suitable 

environment for dune activity. The NSSS is located in the northwestern corner of the Sinai Peninsula 

(Figure 4-1A). It extends in the north–south (N–S) direction from the Mediterranean coast and Lake 

Bardawil to the side slopes of Um Khushaib Mountain. It extends in the east–west (E–W) direction 

from the Suez Canal and the Bitter Lakes to the mountains of El-Maghara and Yelleq. The NSS is 

considered the only sand sea outside the Western Desert and the most complicated dune field in Egypt 

(Embabi, 2018). All dune patterns and forms are found in the NSSS, and they are exposed to highly 

varying wind regimes. The wind speed and direction vary both seasonally and by location. Effective 

wind speeds>6 m/s prevail during winter and spring (Embabi, 2018; Hermas et al., 2012). There are 

two prevailing directions in the effective wind regimes: northwest during summer and spring, and 

southwest during autumn and winter (ElBanna, 2004; Embabi, 2018; Hermas et al., 2012). 

4.3 Material and Methods  

4.3.1 Optical Images  

 The optical images from the free archives of Landsat 8 and Sentinel-2 were used as inputs to the 

correlation algorithm. All images were downloaded using the bulk downloader application from the 

United States Geological Survey (USGS) website (https://earthexplorer.usgs.gov/). We used level 1T 

images from three orbits of Landsat 8 and level 1C images from one orbit of Sentinel-2 to perform the 

baseline test (Figure 4-1B). After the baseline test, we generated time series of dune movement over part 

https://earthexplorer.usgs.gov/
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of the NSS using 31 images from orbit (P: 176/R: 39) and 31 images from orbit (TR36VU) (Figure 4-

1C). The Landsat 8 images cover the period from April of 2013 to March of 2018, while the Sentinel-2 

images cover the period from December of 2015 to February of 2019 (Appendix-A, Table A1). Both 

Landsat 8 and Sentinel-2 images were orthorectified using Planet DEM90 

(http://www.planetobserver.com) and DTED Level 1 from the National Imagery and Mapping Agency, 

respectively (Kääb et al., 2016), which were sufficient for our application. Both archives have been 

enhanced in their radiometric resolutions, where Landsat 8 had 12 bits scaled to 16 bits, compared with 

the 8 bits of Landsat 7 (Fahnestock et al., 2016). This enhancement allows for the improved monitoring 

of variations in contrast over bright targets, such as glaciers and dunes (Fahnestock et al., 2016). The 

enhancement in the coregistration accuracy of both images allow the direct matching of images without 

any pre-processing steps.  

4.3.1 Metrological Data  

Surface wind data from two meteorological stations in our study area (Bir El-Abd and El-Malease) were 

acquired from the Egyptian Meteorological Authority. The recorded wind data were provided on a mean 

annual basis from 2013 to 2015. Wind data were measured at10 m above the ground and arranged into 

12 wind speed classes in 12 directions. For each station, the drift potential (DP), resultant sand drift 

potential (RDP), and resultant drift direction (RDD) were estimated (Table S2) through vector analysis 

of the drift estimated for each of the12 directions (Hereher, 2018, 2010). Data with velocities<6 m/s 

were ignored, as such velocities are ineffective for transporting sand (Fryberger, 1979). We used the 

wind records to generate the sand roses (Supplementary Figure A1), and we compared the RDD 

extracted from wind records to the prevailing directions extracted from optical images. Details about 

the calculation of sand drift potential and results for drift potential can be found in Appendix-A, Text 

A3. 

http://www.planetobserver.com/
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Figure 4-1: A) Geographic location of the North Sinai Sand Sea (NSSS). The yellow polygon shows the 
sand dune boundaries, as defined by the Conoco map (Conoco (1987)). Black stars represent the locations 
of metrological stations and black arrows represent the resultant drift direction (RDD) of these stations 
(Embabi, 2018; Hereher, 2000). B) Landsat 8 and Sentinel-2 footprints used for baseline tests. Black boxes 
show the stable areas of each tile used for estimating uncertainty. C) Landsat 8 and Sentinel-2 footprints 
used to study dune movement. The magenta polygon represents the area of interest for Landsat 8, which 
was used to cut the entire footprint after matching to maintain the same number of rows and columns in 
all images. The black rectangle represents the stable area for assessing the uncertainty of both solutions. 
The area in the yellow polygon is the intersection between the two footprints and was used to cross-
validate the archives. The inset shows the geographic location of the study area with respect to Africa. 

4.4 Method and Rationale  

The proposed inversion algorithm included five steps: (1) the automatic selection of pairs, (2) image 

correlation, (3) the filtering of deformation fields, (4) the inversion of time series, and (5) the estimation 

of uncertainty and cross-validation of the results (Figure 2)

https://ars.els-cdn.com/content/image/1-s2.0-S0924271620300952-gr1.jpg
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Figure 4-2: Process flowchart of our proposed approach. The method comprises three stages: 1) selection of correlated pairs based on the values 
of the baselines; the baseline relationship with uncertainties is checked before selection; 2) correlation of the selected pairs and filtration of the 
displacement fields to decrease the noise level; and 3) inversion of time series, assessment of uncertainties, and validation.

https://ars.els-cdn.com/content/image/1-s2.0-S0924271620300952-gr2_lrg.jpg
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4.4.1 Baselines Definitions of Optical Image Matching  

Optical image matching results were exposed to different sources of errors, such as topographic 

shadowing and stripe artifacts, orthorectification and co-registration residuals, and temporal 

decorrelation stems from surface variations over time. Some of these errors can be suppressed before 

the correlation process to limit the degree of uncertainty (e.g., orthorectification residuals and the cast 

shadows). The orthorectification residual can be mitigated by matching images from the same orbit 

(Kääb et al., 2016). Also, Lacroix et al. (2018) compared the uncertanites in case of  mtaching images 

belong to same orbit and neigbouring orbits;they found that the uncertanity in the later increased by 

around 27%. 

Noteworthy artifacts stem from large differences in illumination conditions, especially on steep slopes 

(Bontemps et al., 2018; Ding et al., 2016; Lacroix et al., 2018; A. Stumpf et al., 2014). These artifacts 

originate from the interaction between light and three-dimensional (3D) objects; the resulting shadows 

significantly interact with the topography, thereby affecting the frequencies of satellite images and 

confusing the matching algorithm (Lacroix et al., 2019). Bontemps et al. (2018) recommended matching 

images from the same season to control for uncertainties. Meanwhile, Lacroix et al. (2019) reported that 

seasonal variations were found in their time-series results; however, the area under consideration was a 

vegetation-free, mountainous region. Such seasonal variations often result from differences in 

illumination conditions, with rugged topography magnifying these effects. Ding et al. (2016) defined the 

term “topographic shadowing artifact” (TSA) as a function of differences in the elevation and azimuth 

of the Sun, and topographic height. They recommended choosing pairs with lower TSAs to decrease 

the effect of shadows in correlations. 

Temporal baselines have also been discussed as one of the dominant factors affecting matching results 

(Dehecq et al. 2015; Fahnestock et al. 2016). Choosing a suitable time separation is considered a dilemma. 

On the one hand, it is recommended to select pairs with a short time span to avoid mismatch-induced 
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noise, which can contaminate correlation results (Bontemps et al., 2018). However, Fahnestock et al. 

(2016) reported that selecting short-span pairs may lead to an increase in the geolocation error of the 

results, especially in cases where there is insufficient displacement. Consequently, balancing the temporal 

baseline is critical and depends upon the target under consideration. 

Spatial baselines are not commonly used in optical image matching, for which the notion was first 

introduced by Ding et al. (2016), who defined it as the distance between the geometric centers of the 

master and slave images. They reported that selecting pairs with spatial baselines of <200 m is promising 

for decreasing stripe artifacts and could be useful as an alternative to the mean subtraction method 

followed in previous studies (Bontemps et al., 2018; Leprince et al., 2008, 2007). In this study, we 

performed an empirical test to investigate the relationship between different baselines and uncertainties. 

The baselines of the correlated pairs were defined as radiometric, temporal, and spatial baselines and 

the uncertainty of the deformation field was estimated based on the standard deviation of the stable 

areas. The study area included a large extension of mountains in the south; the geological formation is 

displayed in Appendix-A, Supplementary Figure A1. 

Three tiles of Landsat 8 (P: 174, R: 39, P: 175, R: 39, P: 1764, R: 39) and one of Sentinel-2 (TR36VU) 

were included in the baseline test (Figure 4-1B). We selected pairs from metadata files by setting the 

values of TSA and spatial baseline (SB), where the TSA could be estimated as a function of the elevation 

and azimuth of the Sun in the master and slave images. We selected pairs with TSA < 0.5*h, where h is 

the topographic height, and SB < 250 m. An exception was tile (P: 174, R: 39), where these values 

increased to 1*h and 250 m to better investigate the relationship between the radiometric baselines across 

the rugged topography covered by this tile. Additionally, pairs generated from the adjacent pairing 

criteria were included in this test, where adjacent pairing was performed by pairing each image with the 

consecutive one. Table 4-1 shows the number of pairs, the criteria for their selection, and the area of 

the stable region.  



Chapter 4. Optical Image Matching Time-Series Selection and Inversion (OPTSI) Algorithm 

85 
 

The batch processing of COSI-Corr was used to correlate all pairs with the parameters and bands 

discussed in Section 4.4.2.2. We masked the stable area according to the displayed polygons (Figure 4-

1B) and then the records of these stable areas were filtered out, first, by removing the pixels with lower 

signal-to-noise ratios (SNR < 0.95) in both their E–W and N–S displacements and second, by removing 

the values outside the range of μ ± 3𝜎𝜎. The expected 𝜎𝜎 from the correlation was 1/10 of the pixel size 

(Leprince et al., 2008, 2007; Scherler et al., 2008) by assuming μ = 0; values outside the range of ± 5 m 

were discarded. We estimated the uncertainty of each pair as the standard deviation of the remaining 

points. Scatter plots of the relationships between the different baselines and the standard deviated were 

generated. Additionally, the percentage of mismatches, as discussed by Necsoiu et al. (2009), was plotted 

against the different baselines. Pearson’s correlation coefficients (R2) were used to represent the 

strengths of the relationships between each baseline and either the uncertainty or the level of mismatch.  

4.4.2 Optical Image Matching Time Series Selection and Inversion Algorithm 

(OPTSI) 

4.4.2.1 Selection of Pairs  

Our selection algorithm was mainly oriented to select high-quality pairs to reduce error and time costs. 

We constructed our selection algorithm on the following five decisive factors: 

i.  Limiting the error resulting from the residuals of orthorectification, where these residuals come 

from the vertical errors in DEM that translate into horizontal displacements, especially for pairs 

of adjacent tiles (Kääb et al., 2016). Previously, Lacroix et al. (2018) compared the magnitude of 

uncertainty in pairing images with same and adjacent trajectories and found that uncertainty 

increased by ~27% for the latter. This supports the observed effect of orthorectification 

residuals on the quality of the results. Therefore, we compared pairs from the same tile in our 

study. 
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ii. Limiting Cloud cover associated with correlated pairs. Lacroix et al. (2018) reported on the 

impact of cloud cover in correlated images on the resulting uncertainties, and found that they 

reached a maximum of 4 m. We did not include the cloud cover in correlated images. Therefore, 

we limited cloud cover to 1% to reduce the magnitude of the mismatch, especially over moving 

targets. 

iii. Limiting the difference in solar illumination between correlated pairs. The difference in 

illumination between correlated pairs causes shade and seasonal variation. In previous studies, 

researchers have recommended selecting pairs with little variation in lighting conditions 

(Bontemps et al., 2018; Ding et al., 2016; Lacroix et al., 2019; A Stumpf et al., 2014) to reduce 

associated artifacts. Our baseline test results (see Section 4.5.1) also argued for limiting the 

differences in solar angle to further limit the uncertainty and magnitude of the mismatch. 

iv. Limiting the temporal baseline (TB). Selecting an appropriate temporal separation for the 

correlated images is a problem. Previous studies have shown that large spacing leads to temporal 

decorrelation in matching results (Bontemps et al., 2018; Lacroix et al., 2018). On the other hand, 

short-span pairs may be affected by geolocation errors, especially if no significant shift has 

occurred (Fahnestock et al., 2016). The processing of short- and long-term separations was 

introduced by Bontemps et al. (2018), who used a full network to create time series. Here, we 

mixed the processing of short- and long-term separations and limited the maximum separation 

based on the maximum displacement in the study area and the window size used for the 

correlations. Migration rates in our study area have been reported to range from 1-27 m/y 

(Hermas et al., 2012). 

v. Ensuring the connectivity of the pairing network. According to the single baseline subset 

method used in interferometric synthetic aperture radar (InSAR) studies, the selection approach 

results in images always appearing in different subsets (Berardino et al., 2002). Consequently, 
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the conditions of the design matrix are affected, resulting in a rank deficit of the design matrix; 

the inversion is no longer valid with the least square scene (Berardino et al., 2002). Therefore, 

we focused our selection on ensuring a better condition for the design matrix and less oscillation 

of the SVD solution by limiting the number of subsets (Reinisch et al., 2017). 

The selection criteria were applied before downloading the images. We first downloaded the metadata 

file of the tile in question. The cloud cover was then set to 1% and the SED, SAD, TB and SB were 

estimated for all possible pairs. Finally, the threshold was set iteratively to limit the difference in solar 

altitude (SED), the difference in solar azimuth (SAD), TB and the number of subsets. The thresholds 

of the selection algorithm were set after several trials. The thresholds SED and SAD were set to less 

than 10° and 8° for Landsat 8 and Sentinel-2, respectively, while the maximum temporal separation was 

set to less than 4.5 and 3.05 years for Landsat 8 and Sentinel-2, respectively. The threshold SB was 

chosen flexibly to adjust the network when we found that SB did not have a significant impact on the 

uncertainty. The SB was set to less than 2500 m for Landsat 8, while no limit was set for Sentinel-2. 

Information on the baselines of the selected pairs is attached in Supplementary Tables A3-A4. 

4.4.2.2 Batch Processing and Optical Image Matching  

The selected pairs were correlated using the COSI-Corr frequency correlator (Leprince et al., 2007), 

which derives the horizontal displacement from the phase shift in the low-frequency content, with the 

software estimating the displacement iteratively in two steps by applying a variable window size. A large 

window size maximizes the correlation between two images, while a small size provides a finer estimate 

of the ground displacement. We used Landsat 8 panchromatic band 8 (15 m) as input to the correlation 

algorithm to better capture the details of the sand dunes. Sentinel-2 provides 10-m resolution for the 

Blue (B2), Green (B3), Red (B4), and infrared (B8a) bands. We used the near-infrared band for 

correlations after testing and comparing the performance of the four bands (see Appendix-A, Text A1-

A2). A batch correlator was used to automate the correlation process. To perform the correlation, 
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several parameters must be selected, including the initial and final window sizes, the step size, the 

number of iterations, and the mask threshold. The initial and final window sizes were selected after 

performing a sensitivity analysis to investigate the relationship between the window size and uncertainty 

(see Appendix-A, Text A1-A2). We selected a 128 × 64 window sizes for Landsat 8 and a 64 × 32 

window sizes for Sentinel-2. Step sizes of 4 × 4 pixels for Landsat 8 and 6 × 6 for Sentinel-2 were 

selected to ensure similar ground resolutions of the generated maps. A frequency mask was applied to 

ensure the selection of the locations of the cross-spectrum, where the phase information was valid (Sun 

et al., 2017). The mask threshold was set to 0.9, and four robustness iterations were used. Correlations 

always produced three maps: E–W displacement, N–S displacement, and SNR maps. The first two maps 

represented the displacement in the east–west and north–south directions, respectively, where positive 

signs represented displacement toward the east and north. The SNR map represented a function to 

evaluate the quality of the correlation, with values ranging from 0–1; higher values were assumed to 

represent better matches. The definition of the SNR produced by COSI-Corr was different from the 

classic definition, where it can be estimated as a function of the normalized cross-spectrum and a 

weighting matrix for different frequencies (Bontemps et al., 2018). 

 

4.4.2.3 Post Processing and Data Smoothing  

We performed the following four steps to mitigate the effect of the associated errors originating from 

orthorectification residuals, co-registration, and the misalignment of charge couple device (CCD) arrays 

(Bontemps et al., 2018; Ding et al., 2016; Scherler et al., 2008):  

I. We discarded the potential outliers by removing pixels with lower SNRs from both displacement 

fields (E–W and N–S directions). The determination of a suitable SNR threshold is critical for 

balancing the real deformation while discarding correlation noise. To balance between removing 

the mismatches and the spatial coverage, we set the SNR threshold to 0.9. It is worth noting 
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that removing the pixels with lower SNR values may inadvertently eliminate the correct 

displacement, whereas retaining those with higher SNR values will retain mismatches (Paul et 

al., 2017). We removed the outliers from the displacement fields outside the range of ± 20 m.  

II. The second step involved removing the linear ramps by applying a polynomial fit to the stable 

areas and then subtracting the generated plane from the raw results.  

III. We then removed the associated stripes and jitter artifacts from the deformation fields. These 

stripes were mainly caused by the misalignment of the CCD arrays of the sensor (Ding et al., 

2016; Leprince et al., 2008, 2007; Scherler et al., 2008). This step is performed through the 

following procedures (Stumpf et al., 2018): (1) determination of the azimuth angle of the stripes 

measured from the north, (2) rotation of all of the deformation fields to be in vertical alignment, 

(3) masking of the stable areas, (4) estimation of the median value of each column in the stable 

area (Bontemps et al., 2018), (5) subtraction of the value of each pixel in the column from the 

median value of each column, and (6) rotation of the deformation field back to the original 

location. 

IV. Finally, the remaining values were denoised using a non-local mean filter (Ayoub et al., 2009). 

4.4.2.4 Optical Image Matching Inversion  

Consider having (N + 1) images belong to the same tile cover a period from 

[𝑡𝑡0, … , 𝑡𝑡𝑁𝑁], where 𝑡𝑡0 is the reference starting date. The selection of pairs always leads to locate the 

images in different subsets, where  the a number of pairs (M) can be estimated according to the 

following in quality: (Berardino et al., 2002)  

The incremental displacement between successive dates can be described as: 

 𝑑𝑑𝑡𝑡𝑖𝑖=�𝑑𝑑𝑡𝑡1 , … … … … … . . ,𝑑𝑑𝑡𝑡𝑁𝑁�      Equation 4-2 

                  
𝑁𝑁 + 1

2
< 𝑀𝑀 <

𝑁𝑁 + 1
2

∗ 𝑁𝑁 
     Equation 4-1 
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Where the relationship between the observed matching measurement (𝛿𝛿𝑑𝑑𝑡𝑡𝑗𝑗) and the displacement(𝑑𝑑𝑡𝑡𝑖𝑖) 

can be described according to the following equation: 

                𝛿𝛿𝑑𝑑𝑡𝑡𝑗𝑗 =     𝑑𝑑𝐼𝐼𝐼𝐼𝑗𝑗 − 𝑑𝑑𝐼𝐼𝐼𝐼𝑗𝑗  Equation 4-3 

Where the two vectors 𝑀𝑀𝑃𝑃 and 𝑀𝑀𝐼𝐼  are the time-indexes, as each pair include master image (𝑀𝑀𝑃𝑃) and 

slave image (𝑀𝑀𝐼𝐼) . It worth noting that master and slave are ordered chronologically  

𝑀𝑀𝑃𝑃 > 𝑀𝑀𝐼𝐼and 𝑗𝑗 = 1, … … … … … . ,𝑀𝑀 (Berardino et al., 2002) 

Consequently, the relationship between the set of M observation and the displacement can be described 

according to the following: 

Where 𝐴𝐴 is an incidence matrix with M*N dimensions where𝐴𝐴(𝑗𝑗, 𝑀𝑀𝐼𝐼𝑗𝑗) = -1 if  𝑀𝑀𝐼𝐼𝑗𝑗 ≠ 0 and 𝐴𝐴 (𝑗𝑗, 𝑀𝑀𝑃𝑃𝑗𝑗) = 

+1   𝑀𝑀𝑃𝑃𝑗𝑗 ≠ 0 and 0 otherwise. Unfortunately, as reported by Berardino et al. (2002) this type of solution 

will lead to large discontinuities when estimating the cumulative displacement and thus the result will be 

physically meaningless . Therefore, Berardino et al. (2002) suggested the calculation of the mean velocity 

of displacement between each adjacent time epochs , the mean velocity can be described as follow : 

                 𝑑𝑑𝑇𝑇 = [𝑑𝑑1 =
𝑑𝑑1

𝑡𝑡1 − 𝑡𝑡0
 , … … … … … … . , 𝑑𝑑𝑁𝑁 =

𝑑𝑑𝑁𝑁 − 𝑑𝑑𝑁𝑁−1
𝑡𝑡𝑁𝑁 − 𝑡𝑡𝑁𝑁−1

] 
Equation 4-6 

Back to Equation 4-7, we can find that the relationship between the mean velocity 𝑑𝑑𝑖𝑖 and the time 

epochs can be described as follow: 

Rearranging (7) to be represented in a matrix form, it can be expressed as follow:  

𝑀𝑀𝑃𝑃 = [𝑀𝑀𝑃𝑃1, … … … … … . . , 𝑀𝑀𝑃𝑃𝑀𝑀]           

Equation 4-4 𝑀𝑀𝐼𝐼 = [𝑀𝑀𝐼𝐼1, … … … … … . . , 𝑀𝑀𝐼𝐼𝑀𝑀] 

𝛿𝛿𝑑𝑑𝑡𝑡𝑗𝑗 =     𝐴𝐴 ∗  𝑑𝑑𝑡𝑡𝑖𝑖  Equation 4-5 

∑ (𝑡𝑡𝐾𝐾 − 𝑡𝑡𝐾𝐾−1) ∗ 𝑑𝑑𝐾𝐾
𝑖𝑖=𝐼𝐼𝐼𝐼𝑗𝑗
𝑖𝑖=𝐼𝐼𝐼𝐼𝑗𝑗+1

                  𝑗𝑗 = 1, … … … … … . ,𝑀𝑀 Equation 4-7 

                         𝛿𝛿𝑑𝑑 = B ∗ 𝑑𝑑 Equation 4-8 
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Where Matrix B is an incidence matrix with a dimension of [M × N], where the elements in matrix B 

will be 𝐵𝐵(𝑗𝑗,𝐾𝐾) = 𝑡𝑡𝐾𝐾 − 𝑡𝑡𝐾𝐾−1  for  𝑀𝑀𝐼𝐼𝑗𝑗 + 1 ≤ 𝐾𝐾 ≤ 𝑀𝑀𝑃𝑃𝑗𝑗 and 0 otherwise. 

Matrix B is similar to an incidence matrix, where the condition of the matrix varies according to the 

configuration of the selected pairs. Design matrix B has two conditions based on the number of subsets 

of image acquisitions. First, in the case of all acquisitions belong to one subset. Consequently, B will be 

a N-rank matrix with a well (M = N) or over determined condition (M > N) (Berardino et al., 2002). In 

this case, the inversion of matrix B can be obtained in the least square sense as follows:  

                  𝑑𝑑 = (B𝑇𝑇B)−1 B𝑇𝑇𝛿𝛿𝑑𝑑 Equation 4-9 

Generally, the selection procedure affects the time acquisition, and usually, the time acquisitions do not 

belong to the same subset. Accordingly, matrix B is exposed to a rank deficiency and the term (B𝑇𝑇B)−1  

is a singular matrix. The relationship between the rank and number of subsets can be described as 

follows (Berardino et al., 2002):  

                𝑁𝑁 + 1 − 𝐿𝐿 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 Equation 4-10 

where 𝑁𝑁 is the number of images and 𝐿𝐿 is the number of subsets.  

The pseudo inverse of the rank deficient matrix can be obtained by SVD, and this inverse provides a 

minimum norm least-squares solution. The decomposition of matrix B using SVD is as follows 

(Berardino et al., 2002):  

                      B = USV𝑇𝑇  Equation 4-11 

Where U is a matrix with a dimension of [M × M] including the eigenvectors of (B𝑇𝑇B) , V is a matrix 

with a dimension of [N × N] including the eigenvectors of (𝐵𝐵𝑇𝑇𝐵𝐵) , and S is a diagonal matrix with a 

dimension of [M × N] including the singular values of 𝜎𝜎𝑖𝑖 . Matrix S would have the following form: 

                S = 𝑑𝑑𝑑𝑑𝑅𝑅𝑑𝑑(𝜎𝜎𝑖𝑖 ,.…………………, 𝜎𝜎𝑖𝑖𝑁𝑁−𝐿𝐿+1, 0,……0) Equation 4-12 

Accordingly, the solution of equation (8) in the case of a rank deficiency can be represented as follows:  
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                   𝑑𝑑 = VS−1U𝑇𝑇 𝛿𝛿𝑑𝑑 Equation 4-13 

To better consideration of the effect of the decorrelation with time, we applied a weight 𝑊𝑊 of each pair 

based on the time separation between the master image (𝑀𝑀𝑃𝑃)  and the slave image  ( 𝑀𝑀𝐼𝐼) , the 

weight 𝑊𝑊 can be estimated as follow (Lacroix et al., 2019) : 

         𝑊𝑊 =
1

(1 + ∆𝑡𝑡2)2
 

Equation 4-14 

Incremental displacements were acquired by multiplying the mean velocity between each epoch by the 

time separation. The inversion was performed pixel-by-pixel in both the E–W and N–S directions. 

Because of the filtering process, some pixels were discarded, leading to partially stacked pixels. To 

balance the redundancy level and spatial coverage, these pixels were included in the inversion if the 

percentage of the remaining pixels in the time series was larger than 70% or 75% of the full stack for 

Landsat 8 and Sentinel-2 data, respectively. 

4.4.3 Uncertainty Estimation  

We estimated the uncertainty in the deformation fields based on the standard deviation of stable areas 

(black rectangle, Figure 3-1B). A stable area of 1086 km2 was selected to be fully covered by the 

footprints of both Landsat 8 and Sentinel-2. Lacroix et al. (2018) reported that such evaluations of the 

uncertainty over the stable area are not representative of the uncertainty in displacement, especially in 

cases of heterogeneous stable areas. Dehecq et al. (2015) evaluated the uncertainty of moving glaciers 

and found that, over the moving targets, the uncertainty was almost twice that over the stable area, as 

stated by Lacroix et al. (2019). We compared the uncertainties of individual pairs before and after 

inversion and estimated the uncertainty of each pair in three stages: first, is raw pairs; second, after the 

filtering process; third, after inversion. We used the points that came from the inversion of the full stack 

and then estimated the percentage of improvement in the uncertainty. To explore the effects of the 

inversion algorithm and the redundancy level on uncertainties, we independently compared the 
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cumulative displacements from both the inversion and non-inversion solutions. Both solutions provided 

displacements at the same time epochs, wherein the latter was performed by matching consecutive 

images. The non-inversion results were filtered by applying the procedure described in Section 4.2.4.3. 

To ensure equality in the comparison, we masked out a similar stable region (Figure 4-1C) and then 

filtered out the records over the stable area by discarding values outside the range ± 5.0 m. Due to the 

filtering process, the number of remaining points varied between dates, which could affect the 

comparison depending on the standard deviation. Additionally, the standard deviation would 

overestimate the uncertainty, as it does not account for the reduction of error due to averaging over 

larger regions (Bolch et al., 2011). The standard error (SE) can be used as an alternative to estimate 

uncertainties. According to the rules of error propagation, we estimated the uncertainty as a function of 

the SE, and the mean of the displacement over stable areas (MED). The error of displacement was 

estimated as (Sun et al., 2017):  

𝑒𝑒𝑠𝑠𝑡𝑡𝑚𝑚𝑠𝑠𝑠𝑠𝑠𝑠 = �𝐼𝐼𝑃𝑃2 + 𝑀𝑀𝑃𝑃𝐷𝐷2, Equation 4-15 

𝐼𝐼𝑃𝑃 =
𝐼𝐼𝑃𝑃𝐷𝐷𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜
�𝑁𝑁𝑠𝑠𝑜𝑜𝑜𝑜

, 
Equation 4-16 

𝑁𝑁𝑠𝑠𝑜𝑜𝑜𝑜 = 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡∗𝑃𝑃𝐼𝐼
2𝐷𝐷

, Equation 4-17 

where 𝑁𝑁𝑠𝑠𝑜𝑜𝑜𝑜 is the number of independent measurements, 𝐷𝐷𝐼𝐼 is the pixel size, and 𝐷𝐷 is the distance of 

spatial autocorrelation, where D is approximately 20 times 𝐷𝐷 (Bolch et al., 2011). 

 

4.4.4 Post Processing of the Inverted Time Series  

After the filtering process, further smoothing of the results can be useful for decreasing the effects of 

seasonal signals encountered in the results of time series. The incremental time-series maps of both 

solutions were filtered by applying the direction filter introduced by Necsoiu et al. (2009). The robust 
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migration direction of each date included negative values, wherein the noise level exceeded the signal of 

dune movement; we discarded the values of migration at these locations. We introduced two approaches 

to analyze the time series of dune movement. The first was the cumulative mobility of dunes (Section 

3.5.3.1), wherein we estimated the total cumulative movement without considering the direction of 

movement. This approach can be considered to reflect the total energy of the dune from the start to the 

end date. The second approach involved the cumulative migration of dunes along the prevailing 

direction (see Section 4.5.3.2), wherein we assumed that the dune only had one direction of movement. 

The mean direction of movement was extracted for each pixel by applying the azimuth equations after 

estimating the E–W and N–S mean velocity maps. After estimating the prevailing direction, we projected 

the direction of each dataset in the prevailing direction by estimating the differences between the 

migration direction of each date and the prevailing direction. The magnitude of movement was 

multiplied by the cosine of the difference between these two directions. The second approach can be 

considered to reflect the work of the dune in the prevailing direction. We analyzed time-series trends by 

capturing dune migration over a group of points belonging to different morphologies (Figure 4-11C). 

We then applied a statistical filter to remove outliers, depending on the direction of dune movement. 

The time series of both solutions (i.e., Landsat 8 and Sentinel-2) were compared in terms of the degree 

of correlation and standard deviation of the difference between the migration values at the common 

epochs.  

4.5 Results  

4.5.1 Baseline Tests  

Table 3-1 shows the Pearson’s correlation coefficients between the uncertainties and the different 

baselines. For Landsat 8, the radiometric baselines, especially the SED, displayed a positive linear trend 

for all cases in the E–W (Figure 4-3 A1–B4) and N–S (Figure 4-3 C1–D4) directions. The correlation 
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coefficients ranged from 0.23 to 0.79 in the E–W direction and from 0.18 to 0.94 in the N–S direction. 

A similar trend for SAD was observed, but with a lower degree of correlation, where the correlation 

coefficients ranged from 0.24 to 0.62 in the E–W and from 0.29 to 0.91 in the N–S directions. For the 

Sentinel-2 test, we observed that the radiometric baseline components, as well as the TB, did not record 

any positive linear relationships (Appendix-A, Supplementary Figure A2). It is worth noting that 

observations in the N–S direction displayed a higher degree of correlation with the radiometric baselines 

than in the E–W direction. These significant differences can be attributed to the orbit of Landsat 8 being 

ordinated along the N–S direction in the study area (Lacroix et al., 2019).  

For Landsat 8, the TB of the selected pairs ranged from 16 d to 1600 d. A slight positive relationship 

was observed in the E–W direction (Figure 4-4 A1–A3), while a negative correlation as observed in the 

N–S direction (Figure 4-4 B1–B3). The correlation coefficients between the TB and uncertainty ranged 

between 0.26 and 0.80 in the E–W direction and between 0.00 and 0.80 in the N–S direction, where the 

relationship can be better described by a cyclical waveform with a frequency of 1 year. For Sentinel-2, 

the TB displayed a negative correlation in both directions. It is interesting to note that higher correlations 

between the TB and uncertainty were recorded for the adjacent pairings of the Landsat 8 tile (P: 174, 

R:39), where the time separation ranged from 16 to 128 d. The TB and uncertainty showed a positive 

linear relationship with correlation coefficients of 0.80 and 0.64 in the E–W and N–S directions, 

respectively (Appendix-A, Supplementary Figure A3). These strong linear relationships may support 

restricting the time separation to limit the uncertainty, as suggested by Lacroix et al. (2018). However, 

small time separations lead to increase in geolocation errors in the displacement field, especially for 

slow-moving targets (Fahnestock et al., 2016). 

 We found that pairs with the same time separation recorded different values of uncertainties, which 

agrees with the findings of Lacroix et al. (2018). A detailed investigation of these pairs revealed that for 

smaller TBs (16 d), both SED and SAD were lower than 10° and the uncertainties reached a maximum 
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of 0.75 m in both directions at the maximum values of SED and SAD. There was no clear linear trend 

between either SED or SAD and TB, where the relationship can be better described by a cyclical 

variation (Figure A4). We further explored the relationship between the radiometric baselines (SED and 

SAD) and the uncertainties after imposing the selection criteria. The uncertainties of both SED and 

SAD lost a positive linear relationship. However, a slightly increasing linear trend was observed in the 

relationship between TB and uncertainty (Appendix-A, Supplementary Figures A5 and A6). It can be 

concluded that when the differences in solar illumination were limited, the TB began to control the 

uncertainties. The relationship between the mismatches and baselines revealed that the SED and SAD 

were <10°, leading to mismatch levels of <10% (Appendix-A, Figure A7). The relationship between SB 

and uncertainty is shown in Figure 3-4 C1–D3, wherein SB shows the weakest relationship among the 

four baselines. However limiting the spatial baseline to smaller values (<200 m) as recommended by 

Ding et al. (2016) would be useful in decreasing the stripes artifact comes from the misalignment of 

CCD arrays, especially for tiles without sufficient extension of stable targets to perform the stripes 

artifact corrections. 
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Table 4-1: Information on the baseline test for the different case studies. The table includes information 
on the number of pairs shared in the test of each tile of different tiles, area of the stable region, method 
of pairing selection, and Pearson correlation coefficient between the different baselines and the 
uncertainties in both directions (EW and NS). 

Tiles  Pairing criteria  Area 

(km2) 

No. 

of 

Pairs  

Correlation coefficients  

EW NS 

SE

D 

SA

D 

TB SED SA

D 

TB 

Baseline test 

L8/P:176, 

R:39 

TSA < 0.50*h & SB 

< 200 m 

3063 60 0.69 0.53 0.26 0.89 0.89 −0.02 

L8/P:175, 

R:39 

TSA < 0.50*h & SB 

< 200m 

7272 66 0.79 0.59 0.33 0.94 0.91 −0.01 

L8/P:174, 

R:39 

TSA < 1*h & SB < 

250m 

9588 98 0.67 0.46 0.48 0.89 0.90 −0.04

  

L8/P:174, 

R:39 

Adjacent pairing 9588 49 0.68 0.35 0.80 0.85 0.72 0.64 

L8/P:176, 

R:39 

3063 30 0.59 0.62 0.46 0.77 0.87 0.53 

S2/TR36V

U 

1086 30 0.23 0.24 0.53 0.18 0.29 0.80 
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S2/TR36V

U 

TSA < 0.50 1086 80 0.08 0.14 −0.0

9 

0.15 0.25 −0.10 

Pairs after selection 

L8/P:176, 

R:39 

SED & SAD < 10°, 

SB < 2500 m 

1086 90 0.11 0.16 0.51 −0.0

7 

0.10 0.41 

S2/TR36V

U 

SED & SAD < 8° 1086 73 0.11 0.09 0.55 0.43 0.29 0.80 

 

SED= sun elevation angle, SAD = sun azimuth angle, SB = Spatial baseline, TSA=topographic shadowing artifact, EW= 

East west, NS=north south, L8 =Landsat-8, S2= Sentinel-2, h = the topographic height  

 

Figure 4-3: Relationship between sun elevation difference (SED) and sun azimuth difference (SAD) 
and uncertainties in the EW direction (A1–B4) and NS direction (C1–D4). Different rows represent 
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different case studies from top to bottom (P: 174, R: 39; P:175, R:39; P:176, R:39; and P:174, R:39 
adjacent pairs). 

 

Figure 4-4: Relationship between time separation and uncertainty in the E–W direction (A1–A3) and 
N–S direction (B1–B3), and spatial baseline and uncertainty in the E–W direction (C1–C3) and N–S 
direction (D1–D3). Different rows represent different case studies from top to bottom (P: 174, R: 39; 
P: 175, R: 39; and P: 176, R: 39). The black lines represent the best linear fits. 

4.5.1 Spatial Analysis of Dune Patterns 

The NSSS comprises different dune morphologies, including barchan, linear, and transverse dunes. 

Linear dunes are the most common landform in the eastern part of the sand sea near the Bitter Lakes. 

To the east of the mountainous region, the wind regime is bidirectional and both barchan and transverse 

dunes are present (Hermas et al., 2012). Previous studies (Embabi, 2018; Hermas et al., 2012) have 

shown the variability of linear and barchan dune migration over the NSS. Linear dune migrations range 

from 0.7 m/y to 27 m/y, while those of barchan dunes range from 3.6 m/y to 17.3 m/y (Hermas et al., 

2012). These large variabilities in dune migration are attributed to the different techniques used for 
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capturing them, as well as the dune type, dune size, duration of measurement, and study period (Hermas 

et al., 2012). Long-term annual rates of dune migration were extracted from Landsat 8 over the period 

from April of 2013 to March of 2018 and from Sentinel-2 from February of 2015 to December of 2019. 

Figure 4-5 shows the spatial variability of the mean annual rates extracted from both solutions, where 

the migration rates ranged from 0.5–9.4 m/y for Landsat 8 and from 0.5–15.6 m/y for Sentinel-2. The 

lower limit was set to be 0.5 m/y, as we discarded pixels showing changes of less than 0.5 m/y and 

considered them as interdune areas, which were defined as areas that do not experience significant 

migration rates. We extracted the migration rates of each dune morphology based on the polygons 

displayed in Figure 4-5 C. The mean net migrations of the linear dunes were 1.57 m/y and 1.63 m/y for 

Landsat 8 and Sentinel-2, respectively, while for barchan dunes, they were 1.22 m/y and 1.36 m/y. 

Maximum migration rates were captured in the southern part of the study area (white box in Figure 3-

5), where linear dunes had mean net migrations of 4.14 m/y and 4.44 m/y for Landsat 8 and Sentinel-

2, respectively. We extracted the mean migration direction for each pixel by applying the azimuth 

equations to the mean annual rates for both the E–W and N–S directions. It can be seen that the 

migration directions were mainly toward the east and northeast, which is consistent with previous 

reports on prevailing dune migration directions in this region (Embabi, 2018; Hermas et al., 2012). An 

exception was seen in the area enclosed by the white rectangle in Figure 4-5, where the dune migration 

direction was toward the south; this area included linear dunes arranged parallel to the N–S direction.  

Long-term annual rates of dune migration were extracted from Landsat 8 over the period from April of 

2013 to March of 2018 and from Sentinel-2 from February of 2015 to December of 2019. Figure 4-5 

shows the spatial variability of the mean annual rates extracted from both solutions, where the migration 

rates ranged from 0.5–9.4 m/y for Landsat 8 and from 0.5–15.6 m/y for Sentinel-2. The lower limit was 

set to be 0.5 m/y, as we discarded pixels showing changes of less than 0.5 m/y and considered them as 

interdune areas, which were defined as areas that do not experience significant migration rates. We 
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extracted the migration rates of each dune morphology based on the polygons displayed in Figure 4-5 

C. The mean net migrations of the linear dunes were 1.57 m/y and 1.63 m/y for Landsat 8 and Sentinel-

2, respectively, while for barchan dunes, they were 1.22 m/y and 1.36 m/y. Maximum migration rates 

were captured in the southern part of the study area (white box in Figure 4-5), where linear dunes had 

mean net migrations of 4.14 m/y and 4.44 m/y for Landsat 8 and Sentinel-2, respectively. We extracted 

the mean migration direction for each pixel by applying the azimuth equations to the mean annual rates 

for both the E–W and N–S directions. It can be seen that the migration directions were mainly toward 

the east and northeast, which is consistent with previous reports on prevailing dune migration directions 

in this region (Embabi, 2018; Hermas et al., 2012). An exception was seen in the area enclosed by the 

white rectangle in Figure 4-5, where the dune migration direction was toward the south; this area 

included linear dunes arranged parallel to the N–S direction. The prevailing directions are consistent 

with previous reports on prevailing dune migration directions in this region (Embabi, 2018; Hermas et 

al., 2012). 

4.5.1 Time-Series Analysis  

4.5.1.1 Cumulative Dune Mobility  

Figure 4-6 shows a comparison between the cumulative displacement captured by Landsat 8 and 

Sentinel-2 at different locations (see also Figure 4-5 C). The cumulative movement can be considered 

as the total energy of the dune from the starting date to the end. The time series of both solutions were 

interpolated in the overlapping periods to obtain the values of dune migration at the overlapping time 

epochs. The Sentinel-2 epochs were then shifted upward with a value equal to the perpendicular distance 

between the two linear fits of both solutions (magenta and green lines). We investigated the standard 

deviations of the differences between both solutions, and the values ranged between 1.94 m and 2.88 

m. Moreover, the correlation coefficients between the overlapping epochs for all cases exceeded 0.97, 

which indicates a strong agreement between the trends captured by both solutions. This robust 
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correlation reveals that both solutions captured the same trends of dune migration. Through a detailed 

investigation of the time series, we found that both solutions experienced variations in the trend of dune 

movement over time, where the trend varied between being stable, sharply increasing, moderately 

increasing, and decreasing. This variability in the temporal trend is also supported by previous reports 

of large variability in wind speed and direction.   

 

Figure 4-5: Map of the mean annual rates (m/y) of: A) Landsat 8 and B) Sentinel-2. The black arrows 
in both figures represent the direction of movement extracted at a spatial resolution of 25 × 60 m using 
the vector field module embedded in COSI-Corr. C) shows the spatial distribution of the morphological 
units and the points used to compare the time series (Section 4.5.5). The morphological unit is credited 
to Hermas et al. (2012). The white rectangle represents the southern area mentioned in the text, while 
the magenta rectangle represents the boundary of the morphological shape file displayed in (C). 

The slope of the linear fit extracted by the least squares method can be used to describe the yearly 

movement rate at each location. However, it cannot be considered as the migration rate of dunes, as 
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this approach does not consider the variability of the direction of dune movement through the time 

series. The rates of movement ranged from 4.79–12.95 m/y for Landsat 8 and between 8.36 and 13.25 

m/y for Sentinel-2. It is worth noting that the comparison between both solutions was exposed to 

several sources of noise, including the difference in the performance of the correlation algorithm when 

correlating Landsat 8 and Sentinel-2 because of their spatial and radiometric resolutions, the 

performance of the inversion algorithm owing to differences in the redundancy levels of the pairing 

networks between Landsat 8 (90/30) and Sentinel-2 (73/30), and the complex wind regime of dune 

migration in the study area.  

 

Figure 4-6: Comparison between the cumulative time series of both Landsat 8 and Sentinel 2 solutions. 
The direction of movement was not considered in this calculation. The error bars were calculated 
following the same concept introduced in Section 3.4. Each panel represents different dune 
morphologies at different locations (see Figure 4-5C), where (A) = stacked sheet, (B) = barchan dune, 
(C) = linear dune, (D) = barchan dune, (E) = linear dune, and (F) = long linear dune. 

4.5.1.2 Cumulative Dune Migration Along the Prevailing Direction  

Figure 4-7 shows the cumulative time series of the same dune morphologies as in Figure 4-6 but 

considers one direction to represent dune migration. The linear fit of each solution was estimated using 
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a least squares approach, wherein the migration rates along the prevailing direction ranged from 1.97–

2.92 m/y for Landsat 8 and from 1.63–3.30 m/y for Sentinel-2. It is worth noting that negative values 

indicated the epochs in which the migration direction was opposite to the prevailing direction of 

movement. This occurred when the difference between the migration angle and the prevailing migration 

angle ranged between 90° and 270°. We also observed significant differences between the cumulative 

migration with and without consideration of the direction due to variability in the migration direction 

between different epochs. The latter can be considered as the work done by the dunes to either migrate 

(barchan dunes) or elongate (linear dunes). Furthermore, seasonal signals were still encountered in the 

results of the time series, regardless of the selection criteria, inversion method, or post-processing 

technique. These seasonal signals were assumed to express the nature of the dune patterns in the study 

area, and this assumption is supported by previous reports on the variability of the wind regime in 

northern Sinai. The prevailing wind directions in the NSSS are to the northwest, north, and northeast, 

and the wind direction also varies seasonally.  

The study area is exposed to pronounced variations in the percentage of the effective wind regime with 

different seasons, which is considered effective for transferring sand particles (Hermas et al., 2012). Past 

reports also support the seasonality of dune movement in the study area. The temporal pattern of the 

dune migration recorded over different morphologies is useful for interpreting the conditions of sand 

dunes over time and hence in predicting climatic changes and atmospheric conditions; however, this 

should be validated using the monthly values of the RDP/DP extracted from wind data. Unfortunately, 

such monthly values are not available for interpretation in the study area. Additionally, medium-

resolution matching results of dune migration may be insufficient, especially when focusing on a single 

dune field. 
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Figure 4-7: Comparison between the cumulative time series of both Landsat 8 and Sentinel 2 solutions. 
The direction of movement is projected along the prevailing direction. The error bars were calculated 
following the same concept introduced in Section 4.3.4. Each panel represents different dune 
morphologies at different locations (see Figure 4-5 C), where (A) = stacked sheet, (B) = barchan dune, 
(C) = linear dune, (D) = barchan dune, (E) = linear dune, and (F) = long linear dune. 

4.5.2 Uncertainty Estimation 

4.5.2.1 Pair-Based Uncertainty  

Figures 4-8 and 4-9 show comparisons between the levels of uncertainty before filtering, after filtering, 

and after inversion for Landsat 8 and Sentinel-2, respectively. It can be seen that the uncertainties for 

both Landsat 8 and Sentinel-2 raw pairs after removing the outliers were within the range of the COSI-

Corr accuracy at 1σ, which ranges from 1/10 to 1/5 of the pixel size (Leprince et al., 2008, 2007). 

However, some pairs had much higher uncertainties that exceeded 1.5 m in both directions for Landsat 

8. A similar finding was observed for some Sentinel-2 pairs, especially in the N–S direction. The filtering 

process reduced the average uncertainties by 25% and 24% in both directions for Landsat 8 and Sentinel-

2, respectively. The uncertainties after inversion ranged from 0.32–0.99 m in the E–W direction and 

from 0.33–1.02 m in the N–S direction for Landsat 8. For Sentinel-2, they ranged from 0.20–0.60 m in 
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the E–W direction and from 0.40–1.50 m in the N–S direction. Inversion decreased the uncertainties 

by 20% on average in both directions for Landsat 8 and by 33% and 27% in the E–W and N–S directions, 

respectively, for Sentinel-2. 

 

Figure 4-8: Uncertainty values before filtering, after filtering, and after inversion of each pair for 
Landsat 8 data in the: A) E–W and B) N–S directions. Percentage improvement in uncertainty after 
filtering and inversion of each pair for Landsat 8 data in the: C) E–W and (D) N–S directions. 
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Figure 4-9: Uncertainty values before filtering, after filtering, and after inversion of each pair for 
Sentinel-2 data in the: A) E–W and B) N–S directions. Percentage improvement in uncertainty after 
filtering and inversion of each pair for Sentinel-2 data in the: C) E–W and (D) N–S directions. 

4.5.2.2 Solution-Based Uncertainty  

a) Cumulative Solution Uncertainty  

Figure 4-10 shows the comparison between the inverted and non-inverted solutions in terms of the root 

mean squared error (RMSE). For Landsat 8, the RMSEs were 3.2 m and 4.1 m in the E–W and N–S 

directions, respectively, for the inverted solution, while for the non-inverted solution, the RMSEs were 

5.0 m and 5.7 m. For Sentinel-2, the RMSEs were 2.24 m and 2.75 m in the E–W and N–S directions, 

respectively, for the inverted solution, while for the non-inverted solution, they were 2.94 m and 3.20 

m. Further investigations were conducted depending upon the error of displacement in which, for 

Sentinel-2, the mean errors of displacement over the entire time series were 0.19 m and 0.82 m for the 

inverted and non-inverted solutions, respectively. It is worth noting that displacement error is 

considered efficient, as it takes into consideration the number of points, the mean of the records, and 
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the standard deviation. The dependence on the standard deviation is considered ineffective, especially 

for data with a skewed distribution, as the records are no longer distributed normally around a mean.  

 

Figure 4-10: Comparison between the root mean squared errors (RMSEs) of the inverted and non-
inverted solutions for: A) Landsat-8 and B) Sentinel-2. 

b) Mean velocity uncertainty  

We assessed the uncertainty of the mean velocity solution based on the standard deviation of the stable 

areas (Figure 4-1C). The histograms of the noise over the stable area are shown in Figures 4-11D and 

3-11E. It is notable that the noise histogram displays an approximately Gaussian distribution and does 

not have a Rayleigh-like shape; this provides evidence that the mean velocity solution is an unbiased 

measurement, as reported by Necsoiu et al. (2009). The average noise of the mean velocity solution was 

almost zero, with a standard deviation of 0.15 m/y and 0.13 m/y in the E–W and 0.13 m/y and 0.12 

m/y in the N–S directions for Landsat 8 and Sentinel-2, respectively. It is clear that the recorded 

uncertainties with the inversion of one rate were less than the uncertainties in the case of an incremental 

solution for both Landsat 8 and Sentinel-2. This supports the previously reported effects of redundancy 

https://ars.els-cdn.com/content/image/1-s2.0-S0924271620300952-gr10_lrg.jpg


Chapter 4. Optical Image Matching Time-Series Selection and Inversion (OPTSI) Algorithm 

109 
 

on uncertainty. These findings also agree with those of Dehecq et al. (2015), who reported that 

increasing the number of shared pairs effected uncertainties and success rates.  

4.5.3 Cross Validation  

We compared the long-term mean migration rates from Landsat 8 (15 m) and Sentinel-2 (10 m) to 

validate our results. Significant spatial variability among the migration rates existed in the study area 

(Hermas et al., 2012); the range of variation captured in previous studies was 1–27 m/y. Such a wide 

range of migration rates can be attributed to the variability of the wind speed and direction, duration of 

the measurements (i.e., the capture interval), and time interval over which the measurements were 

performed (i.e., the study period) (Hermas et al., 2012). Nevertheless, it is interesting that similar trends 

of dune migration rates and patterns were observed, with an increase in the rates recorded in the 

Sentinel-2 solution (Figure 4-11). The differences between the two solutions can be attributed to the 

different periods used to generate their mean velocities. A cross-comparison between them at common 

points (see intersection in Figure 4-1C) reveals a positive linear relationship with correlations of 0.80, 

0.89, and 0.85 for the E–W direction, N–S direction, and magnitude, respectively (Figure 4-11). 

Additionally, the RMSEs of the differences between the results of both solutions were 0.44, 0.59, and 

0.57 m/y for the E–W direction, N–S direction, and magnitude, respectively. In terms of the direction 

of movement, the histogram shown in Figure 4-11 F reveals the frequency of the movement of both 

solutions. The direction of movement displayed a bimodal distribution with two peaks: the first at ~55° 

and the second at ~155°. These agree with the spatial distribution of the direction of movement, wherein 

the major direction was toward the east and northeast in all locations. An exception was observed in the 

southern NSSS (white rectangle in Figure 4-11C), where the direction of movement was toward the 

southeast.  

To further investigate the spatial variability and the agreement between the two solutions, the migration 

rates across six transects at different locations (Figure 4-11C) were extracted and compared. Figure 4-
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12 illustrates the migration rates along different transects from P1–P6. These transects differed in length 

and passed through different dune morphologies. It can be seen that the location of the interdune areas 

(low migration rates) and areas of dune crests (high migration rates) can be identified clearly for profiles 

passing through the barchan and linear dunes. It is also interesting to note that almost the same trend 

of dune migration was captured; however, the rates of migration recorded by the Sentinel-2 solution 

were higher than those of Landsat 8. The correlation coefficients between both solutions ranged from 

0.68–0.88, wherein the lowest correlation recorded for the profiles passed through barchan dunes (P1, 

P3, and P4). In contrast, transects passing through linear dunes indicated a good correlation (P2 and 

P6). This comparison revealed that both archives can be used to retrieve the magnitudes and directions 

of dune migration with high reliability and reproducibility. Furthermore, the coarse resolution provided 

by these archives should be sufficient for studies at the dune-field-scale. However, narrowing the scope 

of study to a single dune field (e.g., to study the physics of the dune) may require higher resolution 

images. 
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Figure 4-11: Cross-correlation of the mean velocity solution between Landsat 8 and Sentinel-2 in the: A) E–W direction, B) N–S direction, and 
C) magnitude. Panels (E) and (D) show the histograms of the displacement values over the stable area (the black rectangle in Figure 4-1C) for 
both Landsat 8 (blue) and Sentinel-2 (orange) in the E–W and N–S direction, respectively. Panel (F) displays the histograms of the direction of 
dune movement for Landsat 8 (blue) and Sentinel-2 (orange) in the overlap area (see Figure 4-1C). 
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Figure 4-12: Comparison between the spatial variability of the migration rates at different locations and through different transects. The migration 
rates for Sentinel-2 are in red and Landsat 8 are in blue. P2 and P6 pass through a group of linear dunes. P1, P3, and P4 pass through a group of 
barchan dunes, and P5 passes along one of the linear dunes.
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4.6 Discussion 

4.6.1 Performance of the Introduced Algorithm  

Our method is an extension of the inversion of the optical image matching techniques introduced in 

previous studies (Bontemps et al., 2018; Lacroix et al., 2019). In our algorithm, we first selected pairs 

automatically to take advantage of the processing of redundant pairs to reduce uncertainty and enhance 

spatial coverage (Dehecq et al., 2015). The selection criteria were ordinated mainly to decrease the 

difference in the solar illumination between pairs. Limiting the difference in the angles of the Sun should 

be useful for decreasing shadows and seasonal signals (Bontemps et al., 2018; Lacroix et al., 2019); 

additionally, our baseline test revealed a strong relationship between solar illumination and uncertainty. 

Because of the selection, the inversion was no longer valid using the least squares method, similar to 

previous studies in which full networks were established (Altena et al., 2019; Bontemps et al., 2018; 

Lacroix et al., 2019). Therefore, an SVD inversion was used in our study.  

The contribution of our algorithm was assessed by investigating the effect of the algorithm on spatial 

coverage and uncertainty (Bontemps et al., 2018), and also we investigated the effect of the introduced 

algorithm in reducing the overhead of data used and the computational cost. First, we explored the 

effect of our algorithm on enhancing the spatial coverage by first comparing the mean velocities between 

all pairs before and after inversion (Appendix-A, Supplementary Figures A11 and A12) and then 

comparing the cumulative displacements extracted with and without inversion (Appendix-A, 

Supplementary Figures A13 and A14). Enhancement in the spatial coverage was estimated by calculating 

the percentage of the non-masked pixels before and after inversion (see Table 4-6). This comparison 

revealed that inversion decreased the uncovered area when averaging all pairs by 16% and 25% for 

Landsat 8 and Sentinel-2, respectively. The uncovered area decreased by an average of 12% for Landsat 

8 and Sentinel-2 when comparing the cumulative displacements of the inverted and non-inverted 
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solutions. It is worth noting that the algorithm introduced in the study of Bontemps et al. (2018) 

significantly reduced the gaps by 14% when averaging 240 pairs of SPOT-5 data. Our proposed 

algorithm significantly enhanced the spatial coverage when compared to this previous algorithm, which 

is critical for monitoring the movement of landslides and glaciers, for which losses in spatial coverage 

may affect the area under consideration. 

Table 4-2: Comparison between the spatial coverage of two cases: (1) between the mean migration 
rates extracted from the pairs before and after inversion, and (2) between the spatial coverage of the 
conventional and inverted solutions. 

 
 

 
% Non-masked pixels   

Enhancement %  After inversion  Before inversion  

 

L8 

EW 72% 56% 16% 

NS 72% 56% 16% 

 

S2 

EW 92% 67% 25% 

NS 92% 67% 24% 
 

% Non-masked pixels 
 

Inversion  Conventional  

 

L8 

EW 68% 56% 12% 

NS 68% 56% 12% 

 

S2 

EW 73% 60% 13% 

NS 74% 60% 14% 

 

We examined the effects of the proposed algorithm on uncertainties at the pair-based and the solution-

based levels. Table 4-3 summarizes the values of the uncertainty measured as a percentage of pixel size 

at the pair-based and the solution-based levels. The algorithm helped decrease the uncertainty of the 

individual pairs to ~7% of the pixel size for both Landsat 8 and Sentinel-2 data. Based on the inversion 

solution, the maximum uncertainties recorded were approximately 10% and 7% of the pixel resolutions 
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for Landsat 8 and Sentinel-2, respectively. Bontemps et al. (2018) reported that uncertainty levels of 

approximately 10–20% of the pixel size were recorded in previous studies (Heid and Kääb, 2012, Michel 

and Avouac, 2002, Scherler et al., 2008, Taylor et al., 2008) employing a medium-resolution of 10–15 m 

when applied over different time periods ranging from 1 month to 3 years. However, the full-rank 

inversion performed by Bontemps et al. (2018) achieved uncertainty levels of approximately 16–20% of 

the pixel size when employing a 10-m resolution to monitor deformation over 35 years. In summary, 

our algorithm effectively decreases the levels of uncertainty and generally outperforms those proposed 

in other studies in which medium resolutions were employed. Additionally, our method was applied to 

monitor deformation over ~5.5 years.  

Table 4-3: uncertainty levels of the OPTSI algorithm at the pair based and solution-based levels for 
both Landsat 8 and Sentinel 2. All values in the table are estimated as percentage of the pixel size of the 
sensor 

 
L8  S2 

Pairs 7%  7% 

Inverted solution  10% 7% 

In terms of data burden and computational cost, we compared the networks of matching pairs that 

generated using our proposed algorithm from the selected images with the number of pairs in case of 

establishing the full network and the values are summarized in Table 4-4. It can be observed that OPTSI 

algorithm compared to the full networking depended only on 19% and 16 % of the size of full network 

for Landsat 8 and Sentinel 2, respectively. In summary, our introduced algorithm helps to decrease the 

data overhead and computational time, control the uncertainty level for both the pair-based and 

solution-based levels and enhance the spatial coverage. 

https://www.sciencedirect.com/science/article/pii/S0924271620300952#b0055
https://www.sciencedirect.com/science/article/pii/S0924271620300952#b0120
https://www.sciencedirect.com/science/article/pii/S0924271620300952#b0190
https://www.sciencedirect.com/science/article/pii/S0924271620300952#b0190
https://www.sciencedirect.com/science/article/pii/S0924271620300952#b0245
https://www.sciencedirect.com/science/article/pii/S0924271620300952#b0265
https://www.sciencedirect.com/science/article/pii/S0924271620300952#b0055
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Table 4-4: comparison between the amount of data overhead and the computational cost for the 
networks from OPTSI and the full networks 

 

  
OPTSI network  Full network  

Data 

percentage  

L8 90 465 19% 

S2 73 465 16% 

4.6.2 Prevailing Migration Direction from Mean Velocity Vs. Resultant Drift 

Direction 

The wind regime in North Sinai is complex because of the variability in both the spatial and temporal 

domains (Embabi, 2018; Hermas et al., 2012). In previous studies, researchers have analyzed sand 

movement by estimating the sand drift based on wind data records from meteorological stations 

(Hereher, 2014, 2010; Philip et al., 2004). To determine the reliability of our solution in extracting the 

direction of dune migration, we compared the extracted prevailing wind direction to the RDD computed 

from the wind data of two meteorological stations, at Bir El-Abd and El-Malease. Additionally, we 

compared our results with the RDD reported in previous studies (ElBanna, 2004; Hereher, 2000, 2014; 

Philip et al., 2004) (Figure 4-13).  

The mean annual records of the two meteorological stations were available from 2013–2015. We 

estimated the potential sand drift according to Fryberger’s (1979) equation, where wind speeds > 6 m/s 

were considered effective for transporting sand particles. However, Philip et al. (2004) reported that the 

threshold in the NSS is 4 m/s. In our calculation of sand drift potential, we considered the effective 

wind speed to be 6 m/s (Hereher, 2018, 2014, 2010). As shown in Figure 3-13, dune migration direction 

ranged from 54–160° for Bir El-Abd and 46–166° for El-Malease. This wide range may be attributed to 
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the spatial variability of the wind speed and the length of the measurement period. Despite this high 

variability, previous studies (Embabi, 2018; Hereher, 2018; Hermas et al., 2012) have reported that sand 

in the NSSS tends to move toward the east and southeast. Our mean velocity results agreed strongly 

with such findings, as shown in Figure 3-5. Here, the migration was almost eastward in the majority of 

locations, and toward the south in the southern part of the study area, where the prevailing dune 

morphology was longitudinal and structured from north to south. 

 For a better comparison between the prevailing direction and the RDD estimated from the wind data, 

we extracted small areas at the locations of the two meteorological stations. Then, we statistically 

analyzed the data to identify and discard the outliers. The prevailing direction of the mean velocity 

solution at Bir El-Abd was 94° ± 8.2° for Landsat 8, while at El-Malease, the prevailing directions were 

46° ± 3.2° and 57° ± 3.9° for Landsat 8 and Sentinel-2, respectively. The RDD extracted from recent 

wind data ranged from 54–94°, with an average of 68° ± 18°, at Bir El-Abd and from 70–98°, with an 

average of 86° ± 12°, at El-Malease. The standard deviations of the prevailing direction and RDD at Bir 

El-Abd were more significant than those at El-Malease, which may be considered as an indicator of 

greater local variability in the wind regime.  

Fryberger (1979) used the ratio between DP and RDP to express the directional variability of the 

prevailing wind direction in a field. The ratio of RDP/DP can be separated into three classes: the first 

is when RDP/DP is high (>0.7), which means that a unidirectional wind regime exists and the transverse 

dune is dominant, the second is when (0.7 ≤ RDP/DP ≤ 0.3), which occurs when a bidirectional wind 

regime prevails and linear dunes occur, and the third is when the ratio (RDP/DP < 0.3) occurs for 

regions with multidirectional wind regimes, in which star dues are common (Hereher, 2018). The three-

year average RDP/DP values were 0.42 and 0.64 at Bir El-Abd and El-Malease, respectively. These 

ratios agreed strongly with the high standard deviations observed at Bir El-Abd. The prevailing 



Chapter 4. Optical Image Matching Time-Series Selection and Inversion (OPTSI) Algorithm 

 
118 

 

directions at El-Malease, according to both Landsat 8 and Sentinel-2 solutions, differed by 11°, which 

is acceptable because of the different periods used to establish the time series of both solutions. To 

further investigate the potential of the mean velocity for estimating a reliable prevailing direction of 

movement, we compared the sand roses of each dune morphology extracted from both solutions, as 

shown in Figure 3-14. Generally, there was a strong agreement between both solutions, especially for 

linear and stacked dunes. A quantitative analysis of the prevailing direction of movement revealed that 

the maximum difference between the two solutions as 9°, which is considered promising, especially in 

this complex wind regime. Together, these findings demonstrate that the prevailing direction derived 

from the mean velocity solution can effectively represent dune migration, especially when there is a 

paucity of metrological stations, such as in vast deserts (e.g., the Sahara and Arabian deserts).  

 

Figure 4-13: Comparison between different records of RDD at two metrological stations (Bir El-Abd 
and El-Malease) and the extracted prevailing migration direction. Wind data records were available for 
three years, from 2013–2015. For comparison with other studies, we extracted the values by digitizing 
the displayed maps in an ArcGIS 10.3 (Esri, USA) environment. 

 

https://ars.els-cdn.com/content/image/1-s2.0-S0924271620300952-gr13_lrg.jpg
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Figure 4-14: Sand roses of different dune morphologies, as represented in Figure 4-5C; A–D are for 
the Landsat 8 solution, whereas E–H are for Sentinel-2. Each column represents different dune 
morphologies arranged, from left to right, as follows: barchan, linear, stacked sheet, and the linear dunes 
in the white box in Figure 4-5C. 

4.6.3 A Comparisons with Previous Studies  

Previous studies have been conducted on dune migration over different parts of the NSSS. Hermas et 

al. (2012) reported on the migration rates extracted from previous studies. It is worth noting that in 

most  previous studies, field measurements or classical remote sensing techniques were employed to 

focus on either the linear or barchan dunes. The migration rates have exhibited a wide range of variation, 

which supports the complexity of the dune filed there. Hermas et al. (2012) applied the matching 

technique of COSI-Corr, employing two SPOT-4 images spanning 292 days from 2007 to 2008, to 

monitor dune migration over part of the NSS. We compared our velocity results extracted from Sentinel-

2 to those of Hermas et al. (2012) at the same locations, where both satellites have the same resolution 

(10 m). The mean velocity solution covered 1150 days from 2015–2019, which caused differences in the 

extrated migration rates. Hermas et al. (2012) reported that the migration rates ranged from 4.0–20 m/y, 
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with mean of 6.8 m/y and 7.7 m/y for linear and barchan dunes, respectively. Meanwhile, the mean 

velocities from Sentinel-2 data recorded migration rates of 1.68 m/y and 1.22 m/y for linear and 

barchans dunes, respectively. These values were extracted after removing the pixels with values less ≤

0.5 m/y, which were considered to represent interdune areas. We also compared the displacement values 

over the mountainous areas, where the study by Hermas et al. (2012) showed mean displacement of 5.5 

m, compared to 0.027 ± 0.25 m/y for the mean velocity results of Sentinel-2. It is obvious that there 

were large differences in the extracted rates between both solutions. This variability can be attributed to 

the differences in the time of application and the complexity of the dune field. Additionally, there were 

large differences between the records of displacement over the mountainous area between our study 

and that of Hermas et al. (2012), wherein the latter introduced large values without any interpretation. 

Hermas et al. (2012) compared their extracted results to previous records, which may be ineffective, 

especially in this study area where a wide range of migration is present over a complex dune field. 

However, the mean velocity results of Sentinel-2 showed lower uncertainties and agreed well when 

compared to those values extracted from the mean velocity results of Landsat 8. This supports the use 

of our methods for representing the annual migration rates of dunes with high reliability.  

4.7 Summary  

We adapted a time-series inversion algorithm employing the matching results of both Landsat 8 and 

Sentinel-2. Our algorithm comprised two procedures: first, was the automatic selection of pairs with 

little differences in solar illumination to decrease the effects of shadows and seasonal variability, and 

second, was the inversion of the time series. Owing to redundancy, the algorithm effectively decreased 

the uncertainties and enhanced the spatial coverage. It is worth noting that the selection parameters used 

in this study may not be suitable for monitoring different targets, especially the cloud cover percentage. 
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Therefore, the careful tuning of parameters would aid in balancing the number of images shared during 

inversion and the connectivity of the established network.  

We applied our algorithm to monitor dune movement over a part of the NSSS. The time-series 

displacements revealed the existence of seasonal signals in dune migration, which agreed with the 

established wind regimes. The maximum annual migration rates recorded were 9.40 m/y and 15.85 m/y 

for Landsat 8 and Sentinel-2, respectively. We extracted the prevailing migration directions for both 

solutions, which also agreed with each other and with the RDD extracted from the wind data. These 

prevailing directions can be used as a proxy for wind direction, especially in vast deserts where no 

meteorological records are available. The proposed algorithm, which employed medium-resolution 

imagery, showed excellent performance in capturing the patterns of dune dynamics at the dune-field-

scale in both the spatial and temporal domains. However, focusing on a single dune would require the 

use of high-resolution archives. Understanding the temporal patterns of dune movements and 

correlating them with continuous wind records can aid in predicting climatic changes and atmospheric 

conditions associated with dust transport. The method proposed here can be used to monitor the 

temporal patterns of glaciers and slow-moving landslides with good spatial coverage and smaller 

uncertainties, especially for archives that provide images with high revisit times.  

In the next chapter, we will introduce the spatiotemporal variability of dune velocities in the whole NSSS 

and estimate the corresponding uncertainties. The main rationale of the next chapter is to collect the 

high-quality pairs by limiting the baselines thresholds to control the likelihood uncertainties and then 

combining all the matching measurements thanks to the inversion or the median fusion. The 

combination allows us to estimate the uncertainties of the estimated velocities. Thanks to the stable 

region, the uncertainties are calibrated, and the calculation is extended to the moving targets. The 
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velocity vector coherence (VCC) is extracted representing the variability of migration direction between 

the matching measurements shared in the combination.  

In the next chapter, we will extend the application of the optical image matching selection and inversion 

algorithm (OPTSI) together with the free archives of Landsat-8 and Sentinel-2 to monitor the temporal 

patterns of the barchan dune migration in the Bodélé depression Chad. We also fused the offset maps 

from the two sensors to densify the temporal sampling up to weekly scale. The study area in Chad had 

no clear extension of stable areas therefore we depended on the multi spatial coherence from Sentinel-

1 interferograms to automatically define the stagnant area which in turn useful in the post processing 

steps. Due to the paucity of metrological station in the harsh environment, I depended on the wind data 

provided by the European Centre for Medium-Range Weather Forecasts (ECMWF) to validate our 

temporal patterns.  
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Chapter 5. Assessment of Aeolian Activity in 
The Bodélé Depression, Chad: A Dense 
Spatiotemporal Time Series from Landsat-8 
and Sentinel-2 Data 

 

In this study, we use optical image matching selection and inversion of Landsat-8 and Sentinel-

2 data to explore dune migration patterns in the Bodélé Depression (BD) in northern Chad. 

We mainly selected BD for the extension of the OPTSI algorithm for the following reasons: 1) 

BD is characterized by powerful north-easterly winds ensuring easily detectable dune 

migration over relatively short periods, 2) there are two types of a dune in the study area which 

make the study very interesting, 3) BD is considered the most crucial source of the African 

dust and potentially the premier source in the world, 4) two studies have been introduced to 

monitor dune migration employing the OICC, whereas these two studies will be a pilot to 

compare and validate our results, 5) two assess the activity status of aeolian features in the 

Bodélé depression in the recent decade, and 6) BD contains the fastest barchan dunes in the 

world which are challenging targets to test and validate the potential of the OPTSI algorithm. 

Here we extended the application of the OPTSI algorithm with the merit of the fusion between 

Landsat-8 and Sentinel-2 matching measurements before the inversion to condense the 

temporal sampling of the time series, especially for the fast-moving barchan dunes.  Dune 

migration is compared to local wind speed and direction records, and the migration patterns 

are explored at weekly to decadal temporal scales. We depended on the multi-spatial coherence 

estimated from Sentinel-2 interferograms to discriminate between the active and stagnant 
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regions. We also combine the data from the two sensors (i.e., Landsat-8 and Sentinel-2) in areas 

of overlap to increase the temporal scale of the observations without producing an excessive 

computational burden. Seasonal variations are observed, with migration slowing during the 

summer months. We believe our study makes a significant contribution to the literature 

because it highlights the potential of the inversion algorithm in capturing dune migration 

patterns with dense temporal sampling, low uncertainty, high spatial coverage, and a low data 

burden. The work has been published in the Journal of Frontiers in Environmental Science, 

the section of Remote sensing and Environmental Informatics, and can be cited by Ali et al. 

2021.  
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Overview 

There are several hotspots of dust production in the central Sahara; the Bodélé Depression (BD) in 

northern Chad is considered the largest source of aerosol dust worldwide, with the fastest Barchan dunes 

that migrate southwesterly. Less is known about the complex patterns of dune movement in the BD, 

especially on a short time scale. Time-series inversion of optical image cross-correlation (TSI-OICC) 

proved valuable for monitoring historical movements with low uncertainties, high spatial coverage, and 

dense temporal coverage. We leveraged ~eight years of Landsat-8 and ~six years of Sentinel-2 data to 

capture the dune migration patterns at BD. We used TSI-OICC, creating four independent networks of 

offset maps from Landsat-8 and Sentinel-2 images and forming three networks by fusing data from the 

two sensors. We depended on the multi-spatial coherence estimated from Sentinel-1 interferograms to 

automatically discriminate between the active and stagnant regions, which is essential for the 

postprocessing steps. We combined the data from the two sensors in areas of overlap to assess the 

performance of the fusion between two sensors in increasing the temporal scale of the observations. 

Our results suggest that dune migration at BD is subject to seasonal and multiyear variations that 

differed spatially across the dune field. Seasonal variations were observed, with migration slowing during 

the summer months. We estimated the median for velocities of the same season and calculated the 

seasonal sliding coefficient (SSC), representing the ratio between seasonal velocities. The median SSC 

reached a maximum value of ~2 for winter/summer, while the ratios were ~1.10 and ~1.35 for 

winter/spring and winter/autumn, respectively. The seasonal variability of the temporal patterns was 

strongly supported by the wind observations. Between (1984-1998 and 1998-2007) and (1998-2007 and 

2013-2021), decelerations in dune velocities were observed with percentages of ~4% and ~28%, 

respectively, and a deceleration supported these decelerations in wind velocities. Inversion of time series 

provides dense spatiotemporal monitoring of the dune activity. The fusion between two sensors allows 
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condensing the temporal sampling up to a weekly scale especially for locations exposed to contamination 

of high cloud cover or dust. 

5.1 Introduction  

In areas that lack vegetation cover and water resources and exhibit low soil fertility, low rainfall, high 

temperatures, high evaporation levels, and high sand availability, effective wind plays a crucial role in 

aeolian processes. In several desert areas, the instability of dunes and sand sheets poses an important 

threat to transportation networks, water supply routes, urban areas, cultural sites, and human activities 

(Ahmady-Birgani et al., 2017; Ding et al., 2020). Monitoring dune migrations in spatiotemporal domains 

contributes to a deeper understanding of the aeolian process and its relationship with environmental 

changes (Hugenholtz et al., 2012). Moreover, information on dune migration can be used as an indicator 

of the presence  or absence of large-scale trends in windiness over major deserts (e.g., the Sahara Desert), 

and these wind trends may influence the global dust budget (Vermeesch and Leprince, 2012).  

Observations with high spatiotemporal resolution are required to decipher the complex patterns of dune 

migration (Hugenholtz et al., 2012). Ground-based measurements offer higher accuracy but provide 

sparse coverage in spatiotemporal domains. The development of remote sensing techniques, including 

optical and radar imagery and digital elevation models (DEMs), allows the investigation of 

geomorphological changes with dense spatiotemporal measurements. The majority of studies addressing 

the evolution of dune dynamics have been conducted using optical imagery (Manzoni et al., 2021). 

Compared to the optical imageries, the dependency on synthetic-aperture radar (SAR) imagery to 

monitor dune migration is not extensive. Previous studies that employed SAR imagery (e.g., Gaber et 

al., 2018; Manzoni et al., 2021;Ullmann et al., 2019) mainly depended on interferometric coherence as 

an indicator of dune and sand sheet instability. Notably, these coherence-based techniques do not 

provide any quantitative representation of dune dynamics, however, can be used as a proxy for the fine 
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movements of dunes and sand sheets. Several approaches to optical imagery have been used to capture 

information about dune dynamics at various resolutions, including classical methods and visual 

interpretation (Hamdan et al., 2016) , GIS strategies (El-magd et al., 2013) , and optical image cross-

correlation (OICC) ( Hermas et al., 2012; Scheidt and Lancaster, 2013; Vermeesch and Drake, 2008).  

With the rapid development of OICC, mapping the surface displacement of large areas at very high 

spatiotemporal resolution is now feasible and reliable ( André Stumpf et al. 2016). Various types of data 

were used to perform such correlations, including optical and SAR images and DEMs. Optical images 

were the most commonly used due to the availability of free archives (Dille et al., 2021). Co-registration 

of optical image matching and correlation (COSI-Corr) (Leprince et al., 2007) is considered the most 

widely used method for retrieving surface deformations due to its excellent performance in terms of 

processing time, output variables, and provision of multiple pre- and post-processing modules (Jawak 

et al., 2018).  COSI-Corr has been used to monitor various targets, including earthquakes ( e.g., Avouac 

et al., 2014; Ayoub et al., 2009; Chen et al., 2020), landslides (Lacroix et al., 2019; Stumpf et al., 2014), 

glaciers ( e.g., Das and Sharma, 2021; Scherler et al., 2008; Shukla and Garg, 2020), and dunes ( e.g., 

Hermas et al., 2019; Necsoiu et al., 2009; Vermeesch and Leprince, 2012). OICC provides subpixel 

measurements of surface deformations with an accuracy of up to a tenth of the ground resolution 

(Leprince et al., 2007).  

TSI-OICC measurements has recently been used to monitor the temporal evolution of various targets, 

including landslides (Bontemps et al., 2018; Lacroix et al., 2019; Dille et al., 2021; Ding et al., 2021), 

glaciers (Altena et al., 2019), and dunes (Ali et al., 2020; Ding et al., 2020a, 2020b). Bontemps et al. (2018) 

were the first to construct a complete network of matching pairs from 16 SPOT–5 images covering 35 

years and inverted it to monitor landslide deformations. Large differences in solar angles affected the 

matching results, leading to seasonal signals, while large temporal separation affected the temporal 
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decorrelation (Bontemps et al., 2018; Lacroix et al., 2019). The inversion of the full network is promising 

for controlling uncertainties and improving spatial coverage; however, generating full networks from 

the available free archives (i.e., Landsat-8 (L-8) and Sentinel-2 (S-2)) would increase the computational 

cost and data burden. Recently, some studies (Ali et al., 2020; Ding et al., 2020b, 2021) have simulated 

small baseline subset (SBAS) approaches used in InSAR for application in the optical image matching 

domain, selecting only pairs with certain baseline thresholds. SBAS-based optical image matching mainly 

aims to reduce computation times and data burdens (Bui et al., 2020) and improve the quality of pairs 

by limiting probable cast shadows, while achieving higher spatial coverage with lower uncertainty. The 

presented SBAS-based optical image matching approach has shown potential for capturing the temporal 

patterns of various targets, including dunes (Ali et al., 2020; Ding et al., 2020a, 2020b) and landslides 

(Ding et al., 2021), with low uncertainty and high spatial coverage.  

The Bodélé depression (BD) in Chad is a 133,532 km2 elongated paleolake that is gaining importance as 

a global source of mineral dust and a natural aeolian laboratory because it is considered the dustiest place 

on the Earth (Bristow et al., 2009). Barchan dunes are the predominant dune morphology in the BD, 

but their geochemical formation differs between the center and the margins of the BD (Hudson-

Edwards et al., 2014). The crust of the Barchan dunes inside the depression is composed of diatomite 

with a lower density than quartz, which is the major dune constituent along the margins of the 

depression. Accordingly, dune migration is faster in the center of the BD than elsewhere, and these 

Barchan dunes are considered the fastest worldwide (Bristow et al., 2009). The geomorphological 

formation of the dunes detected by the two L-8 frames varied between the two formations (see Figure 

5-1B). The Barchan dunes in the BD, have been studied using OICC three times in the existing literature. 

Vermeesch and Drake (2008) first used COSI-Corr, along with ASTER images, to test the performance 

of the correlation as the temporal separation was adjusted. They reported the effect of temporal 

decorrelation in reducing the signal-to-noise ratio of the results. Vermeesch and Leprince (2012) 
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matched seven adjacent optical images from different sensors to track dune migration over 26 years. 

They reported that variations in migration rates were up to 10%, equivalent to a 0.2% variation in wind 

speed per year, indicating stability in wind conditions. Recently, Baird et al. (2019) proposed a workflow 

to extract representative dune migration rates by feeding Landsat-5 data into the correlation engine.  

From the existing literature, previous studies at BD have not provided a complete picture of the behavior 

of dune migration on short time scales (i.e., monthly, or weekly). Only the study by Vermeesch and 

Leprince (2012) produced long time series of matching measurements, using seven images covering the 

period from 1984-2010. The time-series presented did not provide information on the behavior of dune 

migration and associated wind patterns on a short time scale due to the sparse temporal samplings. 

Furthermore, the adjacent paring criterion of matching images to produce time series would suffer from 

providing high spatial coverage and low uncertainties. Moreover, monitoring the fast-moving targets 

requires matching images with short time separation, however, these short time spans would be affected 

by a large fraction of geolocation errors. To best monitor the temporal evolution of dune migration with 

dense spatial and temporal coverage and low uncertainties, the application of the inversion algorithm 

for optical image matching is useful in temporal evaluation. The inversion algorithm first selects the 

appropriate images by constraining the cloud coverage. However, the number of available scenes (i.e., 

cloud-free) is primarily limited by cloud cover, especially during the rainy seasons prevalent in tropical 

regions, resulting in a reduction in temporal sampling. Therefore, the fusion of two or more sensors is 

considered feasible in providing a dense temporal sampling, to reveal the complex deformation patterns 

up to a weekly time scale. The main objectives of the study can be summarized as follows: 1) to broadly 

apply the time series selection algorithm from optical images and inversion to monitor the status of 

dune activity of the Bodélé Depression dunes with dense time series in the last decade (2013-2021), 2) 

to test the feasibility of merging the matching measurements from two sensors in condensing the time 
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series and increasing the redundancy level, and 3) to study the spatiotemporal variability of dune 

migration in both seasonal and decadal changes. 

 

5.2 Study Area and Date set  

5.2.1 Geological and Environmental Settings of Bodélé Depression  

There are several localized "hotspots" of dust production in the central Sahara, the most important 

being the BD in northern Chad (Goudie and Middleton, 2001; Chappell and Bristow, 2005). Historically, 

the BD hosted Lake Mega-Chad, which has now completely disappeared, exposing the lake sediments 

to deflation (Bristow et al., 2009). The BD is considered the largest source of aerosol dust worldwide; it 

is a 24,000 km2 area that delivers about 6.5 million tons of Fe and 0.12 million tons of P to the Atlantic 

Ocean and Amazon Basin annually (Bristow et al., 2009). This can be explained by the following two 

factors: (1) A strong surface wind, known as the Bodélé low-level jet (LLJ), is directed at the BD 

(Washington et al., 2006). The location of the depression on the downwind side of the gap between the 

Tibesti and Ennedi Mountains on the border with Libya (Figure 5-1C) increases the leverage and activity 

of the northeast trade winds in the depression. (2) As a sub-basin of the Mega-Chad paleolake, the BD 

is a large source of erodible sediments, including lacustrine diatomaceous earth (Washington et al., 2006; 

Warren et al., 2007). In addition, the area is a sparsely vegetated, hyper-arid region that provides extreme 

erodibility (Koren et al., 2006). The sediments produce white crusts of diatomaceous earth that are easily 

mined and transported by the wind, forming some of the largest and fastest-moving Barchan dunes 

worldwide (Figure 6-1). There are two types of dunes in the area; the dunes at the edges of the depression 

are composed mainly of quartz, while those in the center contain diatomaceous earth pellets. It is 

noteworthy that the central dunes have higher dune velocities than the marginal dunes because of their 

low density (Warren et al., 2007). 
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5.2.2 Data Sets  

5.2.2.1 Optical Images  

We used satellite imagery from the free archives of L-8 and S-2 to feed into the COSI-Corr correlation 

engine  to capture quantitative measurement of the dune migration up to 1/10 of pixel size (Leprince et 

al., 2007). We selected images with low cloud cover (less than 1%), and we have checked visually the 

images to avoid selection of images contaminated by haze or dust, yielding a total of 168 images: 95 

images obtained from two L-8 frames and 73 images from two S-2 tiles (Figure 5-1A). The temporal 

coverage of the L-8 and S-2 images is summarized in Figure 5-2, while Supplementary Tables B1–B4 

provide an inventory of the metadata of the images. We used the panchromatic (band 8) and NIR 

infrared band (8a) of S-2 to feed the correlation engine, according to the recommendations of Ali et al. 

(2020). 
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Figure 5-1: Geographical position and geological formation of the study area. Panel (A) indicates the 
location of the Bodélé Depression. The inset shows the location of the BD in Africa. The background 
in panel (A) is a mosaic of Landsat-8 false colors. The black rectangles denote the coverage of Landsat-
8 (i.e., P:183/R:48 and P:184/R:48). The blue rectangles denote the coverage of Sentinel-2A/B (i.e., 
TR33QYV and TR33QZU). The red rectangles represent the dune fields for which we discuss the 
spatiotemporal variability in Section 6.4.4. The red pentagrams represent the reference points used for 
absolute calibration, while the green triangles represent the points for which we extracted the temporal 
evolution of dune migration in Section 5.4.3. The three colored polygons in panel (A) represent the 
overlap areas between Landsat-8 and Sentinel-2, where we performed the inversion of the fused offset 
maps. The cyan and yellow polygons denote the boundary of the BD and the northwestern dune fields, 
respectively, and we focused on these two areas in our analysis in Section 5.4.2. Panel (B) shows the 
geological and geomorphological formations of Chad. The black rectangle represents the area shown in 
panel (A). The green rectangles denote the Sentinel-1A coverage (i.e., descending tracks 07 and 80). 
Panel (C) shows the location of the BD in the gap between the Tibesti and Ennedi mountains, and the 
current coverage of Lake Chad to the southwest. The background is the MODIS surface reflectance. 
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5.2.2.2 SAR Images  

Radar imagery was used to determine the mobility of the sand dunes. Although interferometric 

synthetic-aperture radar (InSAR) may not be suitable for tracking the rapid movement of sand dunes 

(i.e., 50 m/y), the decay of the interferometric correlation effect (i.e., coherence) over time can be used 

as a proxy for stability mapping (Wegmueller et al., 2000; Ullmann et al., 2019). Considering their data 

availability and spatial coverage, we used two descending paths (Figure 5-1 C) of Sentinel-1B data 

covering 2019. Details of the images used for interferogram generation are presented in (Figure 5-2 and 

Supplementary Table C5). 

 

Figure 5-2: Temporal distribution of data used in the study.  Landsat-8 frames (P:183/R:48) and 
(P:183/R:48) (43 and 52 scenes, respectively), Sentinel-2 tiles (TR33QYV and TR33QZU) (56 and 17 
scenes, respectively), and Sentinel–1 descending orbits (07 and 80) (30 and 29 scenes, respectively). The 
cloud cover threshold for Sentinel-2 tile TR33QZU was set to 20% due to the cloud and dust. Detailed 
acquisition information is listed in Supplementary Tables B1-B5. 
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5.2.2.3 ECMWF/ERA Interim Metrological Data  

We acquired the average monthly U and V wind components for each year from 2013–2021, measured 

in m/s with a resolution of 0.1°×0.1°, from the European Centre for Medium-Range Weather Forecasts 

(ECMWF) (Dee et al., 2011). The U and V components represent the eastward and northward 

components of the wind, respectively, at a height of 10 m above the surface of the Earth. The two 

components were combined to estimate the wind speed and direction. The average monthly wind speed 

and direction values for a selected region inside the BD for each year are displayed in Supplementary 

Figure B1. Also, we acquired the wind records for selected years (Supplementary Figure B1) from 1984 

to 2007 to validate the comparison of dune velocities between the different decades in Section 5.4.4.4. 

 

5.3 Methods  

Figure 5-3 shows a flowchart outlining the main methodology and the structure of this article, including 

the following four main parts. In part 1, we used the Sentinel-1 imagery to delineate the stagnant regions 

by estimating the mean spatial coherence map (MSC) (see Section 5.3.1). We generated a network of 

interferograms from two descending tiles covering the study area during (Jan/2019-Dec/2019) and 

stacked the coherence maps to estimate the MSC to help define the stagnant regions.  In Part 2, we 

applied optical image matching selection and the inversion algorithm to create a time series of dune 

movement from 2013-2021. The inversion algorithm involved several steps: Generation of a network 

of offset maps from the selected images, feature tracking of the selected pairs in the COSI-Corr 

environment, application of refinement steps to control the aberrant measurements, before the 

inversion of the time series we introduced the fusion between the offset maps of the two sensors, and 

post-processing of the inverted results. The fusion between time series was introduced to address the 

feasibility of the fusion in condensing the temporal coverage of time series especially when images are 
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contaminated by large cloud cover. In part 3, we investigated the spatiotemporal variability of dune 

velocities in seasonal and decadal scales. In part 4, we compared the time series results from the inversion 

of each sensor individually and to the inversion of the fused time series. Additionally, we evaluated the 

performance of the inversion algorithm in controlling the uncertainties, whereas we compared the 

uncertainties of the individual offset maps before and after the inversion.  

5.3.1 Multitemporal Spatial Coherence (MSC) from SAR Images  

Interferogram generation was performed by the InSAR Scientific Computing Environment (Agram et 

al., 2016). For each orbital path, we first generated a co-registered stack using geometrical co-registration 

and the enhanced spectral diversity method (Fattahi et al., 2017). We then removed the contribution of 

topography using the 1-arc Shuttle Radar Topography Mission DEM (Farr et al., 2007). We formed a 

network configuration that connected each image with two subsequent acquisitions. We did not filter 

the wrapped interferograms further to avoid potential contamination of the signal. The resultant 

interferograms were multi-looked using a 5 × 20 azimuth and range directions. From the resultant 

interferograms, we estimated the complex coherence, which represents the correlation between two 

SAR acquisitions (Touzi et al., 1999), as follows: 

       𝛾𝛾 = �∑  𝑵𝑵
𝒌𝒌=𝟏𝟏 𝒇𝒇𝒌𝒌𝒈𝒈𝒌𝒌

⋆�

�∑  𝑵𝑵
𝑲𝑲=𝟏𝟏 |𝒇𝒇𝒌𝒌|𝟐𝟐 ∑  𝑵𝑵

𝑲𝑲=𝟏𝟏 |𝒈𝒈𝒌𝒌|𝟐𝟐
, Equation 5-1 

where 𝑓𝑓𝑘𝑘 and 𝑑𝑑𝑘𝑘 are the complex values from the primary and secondary SAR images surrounding the 

given pixel with window size 𝑁𝑁, and 𝑓𝑓𝑘𝑘𝑑𝑑𝑘𝑘⋆ is the complex conjugate operation for each interferogram. 

Using the coherence map stacks, the mean value of the spatial coherence 𝛾𝛾𝑀𝑀𝐼𝐼𝑀𝑀  was estimated to 

delineate the spatial coherence in the study area, as follows: 

          𝜸𝜸𝑴𝑴𝑴𝑴𝑴𝑴(𝒊𝒊) = 𝟏𝟏
𝟐𝟐𝑵𝑵−𝟑𝟑

∑  𝟐𝟐𝑵𝑵−𝟑𝟑
𝒏𝒏=𝟏𝟏 ∣ 𝜸𝜸𝒏𝒏(𝒊𝒊) ∣, Equation 5-2 
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where 𝑑𝑑 is the target pixel, 𝑁𝑁 is the total number of acquisitions, and 𝛾𝛾𝑛𝑛(𝑑𝑑) is the coherence of the 

interferogram. 

We used multitemporal spatial coherence (MSC) as a proxy for stagnant areas delineation , similar to the 

method used by Manzoni et al. (2021). The spatial distribution of the MSC is displayed in Supplementary 

Figure B2. The threshold used to define the stagnant areas in that study was set by trial and error, 

whereas we iteratively tested several threshold values from 0.70–0.90. The optimum threshold was 

selected to achieve the best match with the average annual magnitudes (AAMs) extracted from the 

inversion of one rate solution. AAMs were determined after removing outliers representing the linear 

velocity of the dunes. AAMs below 0.5 m/y were assumed to be stagnant. The threshold MSC used to 

define stagnant areas was set iteratively to best match the lower values of the AMMs. Practically, we set 

the threshold of the MSC to 0.85 to define the stagnant areas. The spatial distribution of the active and 

stagnant areas is displayed in Supplementary Figure B3. 
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Figure 5-3: Flowchart of the processing chain. The steps outlined by the blue dashed rectangle 
represent the processing steps to estimate the multitemporal spatial coherence. The steps outlined by 
the red dashed rectangle denote the optical image matching selection and inversion algorithm. The green 
dashed rectangle denotes the concept of combining tandem images when merging data from the two 
sensors. 
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5.3.2 Optical image Matching Selection and Inversion  

5.3.2.1 Image Selection and Network Establishment  

For the selected images (𝑁𝑁 + 1), the number of pairs can be generated ranged between 𝑁𝑁 ≤ 𝑀𝑀 ≤

𝑁𝑁(𝑁𝑁+1)
2

 (Berardino et al., 2002). According to the recommendations of previous research (Ali et al., 2020; 

Ding et al., 2020b), the baselines can be weighted according to their effect on measurement uncertainties 

as follows: sun elevation difference, sun angle difference, temporal baselines, and spatial baselines. We 

estimated the baselines for all possible pairing combinations and then set the thresholds to limit the 

choices. The thresholds were determined iteratively by considering their prior weights and preserving 

the network configuration (i.e., the connectivity of the established networks) (Reinisch et al., 2017). 

Increasing the maximum temporal baseline allows more pairs to be selected; however, it is 

recommended to limit the maximum temporal baseline to reduce surface changes and temporal 

decorrelations. We set the maximum temporal baseline to 6.5 and 3.5 years for L-8 and S-2, respectively, 

considering the nature of migration in the study area, and the selected window size. No limits were set 

for the shortest temporal baseline to promote good network connectivity. Short temporal separation 

values preserve surface changes and are necessary for monitoring fast targets; however, they are prone 

to large geolocation error effects (Fahnestock et al., 2016). Thus, we assigned a weighting criterion for 

the deformation maps based on their temporal separation (Section 5.3.2.5). After several trials, baseline 

thresholds were determined for both the L-8 and S-2 networks (Supplementary Table B6). Details of 

the baselines of all pairs are listed in Supplementary Tables B7–B13. 

5.3.2.2 Optical Images-based Feature Tracking  

The selected pairs were matched in the frequency domain of the correlation engine (COSI-Corr) 

(Leprince et al., 2007). Such correlations are generally performed in two steps: (1) a coarse estimation is 

provided using large sliding windows, and (2) subpixel accuracy is provided using smaller windows 
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(Beaud et al., 2021). Three parameters were determined: the step size, which determines the spatial 

resolution of the displacement maps, and the initial and final window sizes. The optimal window size 

was selected after testing several window sizes and comparing the results in terms of the uncertainty of 

the stable targets. The parameters used to complete the matching process for L-8 and S-2 are 

summarized in Supplementary Table B6. These parameters were prepared in text files and fed into the 

batch processor of the correlation engine to decrease human intervention. The ground resolution of the 

deformation maps was unified as 60 m by setting step sizes of four and six pixels for L-8 and S-2, 

respectively. Each deformation map yielded displacement in the East–West (EW) and North–South 

(NS) directions, together with a signal-to-noise-ratio map, which is considered a measure of correlation 

quality (Bontemps et al., 2018; Beaud et al., 2021). 

5.3.2.3 Refinement of the Deformation Fields  

Prior to the inversion of the offset maps, several filtering processes were applied to control the 

uncertainty and help capture real deformations (Figure 5-3): (1) The outliers were discarded. We 

estimated the yearly migration rates of all the deformation maps and pixels with 𝐼𝐼𝑁𝑁𝑅𝑅 ≤ 0.90 and 

velocities ≥ 250 𝑚𝑚/𝑦𝑦 were discarded from the EW and NS deformation maps. (2) Orbital noise was 

removed from the deformation fields. The orbital residual usually stems from the orthorectification and 

co-registration residuals (Ali et al., 2020). Notably, the removal of such orbital errors generally requires 

the identification of stable ground. To better identify stable regions, we used a mask based on the MSC 

and AAMs (Section 5.3.1). After masking the deformable regions, polynomial surfaces were fitted and 

then removed from the raw deformations. (3) Absolute calibration of the deformation fields was 

conducted. Co-registration bias is assumed to be a uniform shift in both directions (i.e., EW and NS) 

over the entire deformation field (Friedl et al., 2021). We extracted a small stable area and estimated the 

median of the measurements, then corrected the deformation fields by adding or subtracting the 

determined medians (Friedl et al., 2021). (4) Non-local mean filtering was applied to the COSI-Corr 
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environment to preserve the fine details of the correlation and control additive white noise (Shukla and 

Garg, 2020). This was achieved using the parameters summarized in Supplementary Table B6. 

5.3.2.4 Preparation of the Fusion Between Two Sensors 

The following points summarize the preparation of the fused deformation maps before inversion (see 

the green dashed rectangle in Figure 5-3): (1) The deformation maps of each sensor for the overlapping 

regions were extracted, resampled to a common geographic grid, and reordered chronologically. (2) The 

epochs from the two sensors were merged and reordered, and two epochs were considered tandem 

nodes (Usai, 2003) when the images were separated by less than five days. (3) Boundary adjustment was 

applied to account for variation in the temporal span owing to the merging process (Samsonov et al., 

2020). The deformation maps were adjusted by multiplying the deformation values by the ratio between 

the new and old-time intervals. (4) The deformation maps, with identical start and end dates, were 

merged using median fusion (Samsonov et al., 2020). 

5.3.2.5 Inversion of Displacement Time Series  

We inverted the deformation maps associated with each sensor, and the overlapping zones between the 

two sensors, separately. We used the parameterization of Berardino et al. (2002) to construct the 

relationship between the displacement 𝑑𝑑 and the mean velocity between each adjacent epoch 𝑑𝑑 through 

design matrix 𝐵𝐵, according to Equation (5-3). Design matrix 𝐵𝐵 is an 𝑀𝑀 × 𝑁𝑁 matrix, where each row 

contains the time increments between the master and slave of the pair (Berardino et al., 2002). The mean 

velocities between adjacent epochs can be obtained by inverting the matrix (𝐵𝐵′𝐷𝐷𝐵𝐵) where 𝐷𝐷 is the 

weight of each deformation map. We performed the inversion using a pixel-wise strategy with a flexible 

design matrix B using either least-squares inversion (Usai, 2003), according to Equation (5-4), or singular 

value decomposition, according to Equation (5-5) (Berardino et al., 2002), based on the matrix condition 

(i.e., full rank or rank deficient). We restricted the inversion to pixels for which the stack size exceeded 

a certain threshold (75%) to strike a balance between ensuring good spatial coverage and reducing the 
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oscillation of the singular value decomposition solution caused by a large number of subsets (Reinisch 

et al., 2017). We retrieved the pairs by back substitution after the first round of inversion, and then a 

second round of inversion was executed as per Bontemps et al. (2018). For the fusion between the two 

sensors, similar inversion procedures were applied. We determined the weight of each map according 

to the assumption that the error of the velocity reaches 0.1 × 𝐷𝐷𝐼𝐼 for a one-year separation (Mouginot 

et al., 2017). Consequently, the velocity expression deteriorates, especially for short-time separations 𝑃𝑃𝐼𝐼, 

according to Equation (6-6) (Mouginot et al., 2017) (see Supplementary Table B14). Accordingly, we 

applied weighting criteria considering the precision of the estimated velocities. The estimated weights 

assigned for each time interval are listed in Supplementary Table B14. 

𝑩𝑩𝑩𝑩 = 𝒅𝒅, Equation 5-3 

𝑩𝑩𝑳𝑳𝑴𝑴 = (𝑩𝑩′𝑷𝑷𝑩𝑩)−𝟏𝟏𝑩𝑩′𝑷𝑷𝒅𝒅, Equation 5-4 

𝑩𝑩𝑴𝑴𝑺𝑺𝑺𝑺 = 𝑺𝑺𝑴𝑴+𝑼𝑼′𝑩𝑩′𝑷𝑷𝒅𝒅, Equation 5-5 

𝝐𝝐 = 𝟎𝟎.𝟏𝟏 × 𝑷𝑷𝑴𝑴 × 𝟑𝟑𝟑𝟑𝟑𝟑.𝟐𝟐𝟑𝟑
𝑻𝑻𝑴𝑴

, Equation 5-6 

 

where the 𝑉𝑉 is an orthogonal matrix with dimension 𝑀𝑀 × 𝑀𝑀, including the eigenvector of matrix 𝐵𝐵’𝐷𝐷𝐵𝐵; 

the 𝐼𝐼+ matrix is an 𝑀𝑀 × 𝑀𝑀 diagonal matrix including the singular values of 𝜎𝜎𝑖𝑖 ; 𝑉𝑉 is a matrix with the 

dimensions of N × N including the eigenvectors of (𝐵𝐵′𝐷𝐷𝐵𝐵); 𝜖𝜖 is the velocity error; and  𝐷𝐷𝐼𝐼 is the pixel 

ground resolution. The symbols ′ and −1 denote the transpose and the inverse of matrix, respectively. 

5.3.3 Post Processing  

We converted the mean velocities between each adjacent epoch obtained by the inversion into 

cumulative displacement 𝐷𝐷𝑚𝑚  for both EW and NS, according to Equation (5-7). The values were 

temporally related to the first scene (Supplementary Tables B1-B4) and spatially to the reference points 
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(see Figure 5-1). The AAM and the corresponding prevailing migration direction (PMD) were estimated 

according to Equations (5-8) and (5-9), respectively. After acquiring the displacement, we applied the 

following refinement steps: (1) Masking pixels comes from the inversion of offset maps belonging to 

more than two subsets. (2) Masking non-active pixels using the stagnant mask obtained in previous steps. 

(3) Estimating the migration direction at each time stamp and then applying a median filter with a 3 × 

3 window size. (4) Calculating the Euclidean norm representing the magnitudes. (5) Estimating the 

cumulative projected displacements (CPD) by projecting the displacement of each epoch in the PMD. 

The projection was performed by multiplying the magnitude of migration of each epoch by the cosine 

of the difference between the migration direction and the PMD. 

𝑺𝑺𝒎𝒎 = ∑ 𝑩𝑩𝒊𝒊𝒕𝒕𝒊𝒊𝒎𝒎
𝒊𝒊=𝟐𝟐 , Equation 5-7 

𝑩𝑩� = (𝑩𝑩�′𝑷𝑷𝑩𝑩�)−𝟏𝟏𝑩𝑩�′𝑷𝑷𝒅𝒅, Equation 5-8 

𝑷𝑷𝑴𝑴𝑺𝑺 = 𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚 (𝑬𝑬𝑬𝑬
�����

𝑵𝑵𝑴𝑴����
),  Equation 5-9 

 

5.3.4 Assessment of the Spatiotemporal Variability of Dune Migration  

The BD exhibited large spatial variability in dune migration rates owing to the presence of different 

dune morphologies, chemical formations, and the interactions between wind speed and topography 

(Hudson-Edwards et al., 2014). To better capture the spatiotemporal variability of dune migration, we 

investigated four aspects as follows: (1) We compared the AAMs of the active aeolian features extracted 

from the L-8 solution with various dune fields spatially distributed across the study area (see Figure 5-

1). For each selected dune field, we calculated the median, first and third quartiles, and interquartile 

range. We performed two significance tests (F-test and Welch's two-sample test) to compare the extent 

to which the variance and mean of each dune field were significantly different compared to other dune 

fields, as described by Rouyet et al. (2019). Similarly, the tests were applied to assess the significance of 
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the PMDs and MSCs. (2) To gain new insights into the variability of migration rates and direction, we 

used the redundancy of the offset maps and extracted the dune velocities (m/y) from all pairs. We then 

estimated the geometric mean of all active pixels associated with each dune field for each deformation 

map and extracted boxplots of each dune field representing the distribution of the geometric mean of 

the dune velocities between the different offset maps. The geometric mean was used rather than the 

normal mean to avoid overestimation as recommended by Baird et al. (2019). Similarly, we estimated 

the average migration direction and the corresponding concentration ratio (CR) of the active pixels 

associated with each dune field for all the deformation maps, according to Equations (5-10) and (5-11), 

respectively. We also drew a boxplot representing the variability of migration direction to examine the 

probable migration directions expected in the study area. (3) We examined the spatiotemporal variability 

of migration rates between different seasons from the inversion of the fused offset maps. We estimated 

the median velocity of the velocity values in similar seasons over the entire time series and estimated the 

seasonal sliding coefficients (SSC) representing the ratio of the median velocities between two seasons. 

(4) We examined the variability of dune velocities between different decades, by employing the matching 

between three Thematic Mapper images (17/01/1984, 1/12/1998, and 24/1/2007) to capture dune 

migration in two previous decades (see Table 5-1) and compare the results to our more recent rates (i.e., 

from 2013 to 2021). We mainly used the Thematic Mapper instead of the Enhanced Thematic Mapper 

due to the failure of Scan Line Corrector (SLC) after May 2003. We used band (4) of the Thematic 

Mapper sensor to fed into the correlation engine as per Baird et al. (2019). 

         𝜽𝜽� = 𝒂𝒂𝒕𝒕𝒂𝒂𝒏𝒏 (∑ (𝒔𝒔𝒊𝒊𝒏𝒏𝜽𝜽𝒊𝒊)𝒊𝒊=𝒏𝒏
𝒊𝒊=𝟏𝟏

∑ (𝒄𝒄𝒄𝒄𝒔𝒔𝜽𝜽𝒊𝒊)𝒊𝒊=𝒏𝒏
𝒊𝒊=𝟏𝟏

) , Equation 5-10 

                 𝑴𝑴𝑪𝑪 = 𝟏𝟏
𝒏𝒏
��∑ (𝒔𝒔𝒊𝒊𝒏𝒏𝜽𝜽𝒊𝒊)𝒊𝒊=𝒏𝒏

𝒊𝒊=𝟏𝟏 �𝟐𝟐 + �∑ (𝒄𝒄𝒄𝒄𝒔𝒔𝜽𝜽𝒊𝒊)𝒊𝒊=𝒏𝒏
𝒊𝒊=𝟏𝟏 �𝟐𝟐, Equation 5-11 
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where 𝜃𝜃𝑖𝑖 is the migration direction at velocity location. 𝜃𝜃 � is the average direction and 𝐶𝐶𝑅𝑅 is the degree 

of concentration, where it ranges from 0 to 1. 

 

5.4 Results and Discussion  

5.4.1 Networks’ Configurations  

In total, 222 and 219 groups of L-8 (183/48, and184/48) and 295 and 81 groups of S-2 (TR33QYV, 

and TR33QZU) were matched, respectively, to generate the deformation networks (Supplementary 

Table B15). The temporal distributions of the selected pairs are shown in Supplementary Figures B4–

B6. The inversion ratio defined by Ding et al. (2020b) ranged from 4.26–5.26 for the separated networks. 

The fusion between L-8 and S-2 at the overlapping regions (see Figure 5-1) allowed us to obtain three 

dense temporal networks; the numbers of pairs are shown in Supplementary Table B12. Owing to the 

fusion, the inversion ratio reached a maximum of 5.95, with a maximum epoch of 95 time points 

covering the observation period. The inversion of the time series was performed pixel-by-pixel using a 

flexible design matrix, where only pixels with more offset maps than the threshold number 

(Supplementary Table B15) were considered in the inversion. During inversion, the number of subsets 

for each pixel was estimated. The percentages of valid pixels belonging to up to two subsets are listed 

in Supplementary Table B15. Owing to the flexible inversion procedure, the spatial coverage of the 

different inversion networks reached 100%, with a lower limit of 98%. 

5.4.2 Spatial Patterns of Dune Migrations and Sand Transport  

Figure 5-4 shows the AAMs within the coverage area of the two overlapping L-8 images. Notably, the 

AMMs of the L-8 frames were merged into a mosaic after being spatially linked to the reference points. 

Spatial heterogeneity was observed in the dune migration patterns; a detailed examination of the 

evidence for such spatial variability is presented in Section 5.4.4. It is common to find considerable 
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geographic variability as a function of surface characteristics (e.g., vegetation cover, soil moisture, soil 

geochemical formation, and particle size), meteorological factors (e.g., wind speed and stability), and the 

presence of human activity. As shown in Figure 5-4, the maximum velocity of the aeolian features 

covered by the two L-8 frames was 47.20 m/y, while the maximum velocities for tiles TR33QYV and 

TR33QZU were 50.10 and 68.20 m/y, respectively. In terms of migration direction, most of the active 

dune fields migrated toward the southwest, which is consistent with the LLJ blowing from the northeast. 

We focused mainly on the following two areas in our detailed analysis: area in the BD and area in the 

northwest dune field (see Figure 5-1A). To better understand the magnitude and directional variability, 

we extracted sand roses from the L-8, representing the frequency distributions of the AAMs and PMDs 

of the active aeolian features within the BD and the dune fields in the northwest of the study area, as 

shown in Figure 5-5. Similar sand roses for the S-2 tiles are shown in Supplementary Figure B7. The 

active features in the BD migrated 10.85±4.80 m/y on average toward 244.6°±15.26°, while those in 

the dune fields in the northwest migrated 11.10±4.48 m/y on average toward 266.57°±9.16°. On 

average, the active aeolian features within the coverage of the TR33QZU and TR33QYV S-2 tiles 

migrated 6.88±9.04 m/y toward 237.69°±22.13° and 4.69±9.54 m/y toward 235.22°±45.60°, 

respectively. Active aeolian features covered approximately 6100 km2 of the total area of the L-8 frames, 

and the spatial distribution of the active dune fields is shown in Supplementary Figure B3. Active aeolian 

features accounted for approximately 1096 and 2310 km2 within the depression and in the northwestern 

dune fields, respectively, representing 60% of the active area covered by the L-8 frames. To better 

capture the abilities of dunes to act as a source of sand supply, move to support other dune fields 

resulting in variability in dune morphology, or move into stable areas and convert to semi-active/active 

dune fields, we estimated the area of encroachment (AE) of sand features and dunes, as described by 

Ding et al. (2020b). We divided the ground covered by the L-8 frames into patches of 100 km2 and 

estimated the AE of each patch.  
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Figure 5-4: Average annual magnitudes of dune migration for Landsat-8 (A) and two Sentinel-2 images: 
TR33QYV (B) and TR33QZU (C). The black and red polygons in panel (A) denote the coverage of 
TR33QYV and TR33QZU, respectively. The background is light gray canvas © using Esri ArcMap 10.3. 

All sand features and dunes associated with each patch were included in the AE calculations. The higher 

the AE, the greater the ability of the patch to act as a sand supplier. The AEs ranged from 25–4200 

m2/y. The spatial distribution of the patch AEs is shown in Supplementary Figure B8. The active dune 

areas within the BD can encroach approximately ~530 m2/y, and the dune fields located in the 

northwest can encroach approximately ~1330 m2/y. The average PMDs and concentration ratios (CR) 

of each patch were estimated and displayed in Supplementary Figure B9. The average PMDs of most of 

the patches were aligned toward the southwest and west, although those of some patches were aligned 
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toward the northeast. The concentration ratios (CR) estimated for each patch were higher in the 

northwestern dune field, while the patches within the BD showed less consistency in their migration 

directions, revealing large directional variability. This variability within the BD is consistent with Baird 

et al. (2019), who reported a median directional change of up to 39.26°. This considerable variability in 

PMDs can be interpreted by the presence of seasonal variations in the prevailing wind direction, changes 

in the morphology of the sand features, and the complexity of the wind regime. Such directional 

variability associated for the aeolian features in the BD may interpret the small AE scored in the BD in 

compared to the Northwest dune field.  

 

Figure 5-5: Sand roses illustrating the relationship between dune migration rates and migration 
direction for active dune areas in the Bodélé Depression (A) and the northwestern dune field (B).  
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5.4.3 Temporal Evaluation of Dune Migration Patterns 

We extracted the cumulative displacement time series for 16 sites spatially distributed across the dune 

fields covered by the L-8 frames (see Figure 5-1A). These sites were carefully selected for their migration 

rates to represent the migration patterns across the different dune fields. The median and standard 

deviation were measured over 3 × 3 adjacent pixels around each point. Our time series inversion 

provided continuous monitoring of dune migration patterns for nearly nine years, as shown in Figures 

5-6 and 5-7. Some of these points were selected in the overlapping areas between the two sensors, and 

we compared the time series extracted from the independent sensors with each other and with the fusion 

between the two sensors (Section 5.4.5.1). Figure 5-6 shows the temporal evolution of the points (P01-

P08) extracted from the L-8 inversion, whereas points from P09-P16 are displayed in Supplementary 

Figure B10. The S-2 time series results for nine points located in the ground coverage of the S-2 frames 

are shown in Figure 5-7, while the time series results of these points as extracted from the inversion of 

the fusion between the two sensors are shown in Supplementary Figure B11. The maximum migration 

rates (~30 m/y) occurred at points P02, P04, P07, P13, P14, and P16. The minimum migration rate 

occurred at P06 (~10 m/y). The other nine points showed moderate migration rates of 15.5–23.5 m/y. 

The degree of correlation between the cumulative time series and the best linear fit (black lines, Figures 

5-6 and 5-7) exceeded 97%, showing an almost linear increasing trend. However, seasonal signals in the 

time series displacements were also observed. To better assess the seasonality in the temporal patterns, 

we subtracted the value of the linear fit from the CPD (Supplementary Figure B12).  

The magnitude of the seasonality reached a maximum of ~30 m/y at points P02 and P03. The presence 

of these seasonal signals can be attributed to the seasonality of the effective wind regime and dust storms. 

The seasonality of the dune pattern was supported by observing the direction of migration in each epoch; 

epochs with a migration direction against the PMD experienced a decrease in net migration. The 
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temporal evolution of the CPDs denoted an inactive status when the migration direction was aligned in 

the opposite direction to the PMD, leading to a decrease in net migration. Temporally, the dunes 

experienced lower migration rates during the summer months (i.e., June to August). However, the 

activity status improved during the winter months, when the dune migration direction was consistent 

with the PMD. The ECMWF data (see Supplementary Figure B1) showed that the wind was from the 

northeast in all months except the summer months, when it blew from the southwest. As for the wind 

speed, the data also showed that the speed reached its minimum values in the summer months. 

Interestingly, the variability in wind direction was observed in all years from 2013–2020, indicating the 

presence of seasonal fluctuations in the wind regime. As the BD is one of the dustiest places worldwide, 

dust storms occur frequently, leading to changes in the sand transport system. Previous studies have 

reported that dust storms are most common in winter because of the northeasterly direction of Bodélé 

LLJ. These reports are consistent with the observed temporal patterns of dune migration and the activity 

states extracted from the CPDs. It is assumed that the seasonal signals observed in the time series are 

not closely coupled with the residuals of seasonal illumination, especially in our study area, which is dry, 

vegetation-free, and has nearly flat terrain. Consequently, this seasonal variability may be closely related 

to the activity of the wind regime in the study area. Despite the selection criteria applied to limit the 

radiometric baselines, which aim to control both seasonal signals and cast shadows, the probability of 

finding such seasonal signals is still present. Moreover, seasonal signals may be a natural characteristic 

of dune dynamics owing to the tightly coupled relationship between wind activity and dune migration. 

It is worth noting that dunes are considered complex monitoring targets compared to glaciers and 

landslides, as the latter targets are mainly controlled by gravitational forces and melting conditions 

(Stumpf et al., 2016). Such controlling factors allow filtering out divergent directions from the 

deformation fields and provide a strong indication of the quality of the matching results and inversion 

(Stumpf et al., 2016). Consequently, in extracting the time series of dune migration, we paid close 
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attention to the possibility of such seasonal signals being present within the temporal patterns. We 

attempted to control the presence of divergent seasonal signals through the selection criterion, post-

processing, and the projection of the displacement in the PMD, to help capture the true temporal 

patterns. 

5.4.4 Spatiotemporal Variability of Dune Velocities  

5.4.4.1 Evidence of Spatial Variability of AAMs, MSCs and PMDs  

The AAMs, PMDs, and MSCs were analyzed for the ten dune fields, as shown in Figure 5-8. The AAMs 

varied spatially between the ten dune fields: (1) The median AAMs value varied from 3.0–9.0 m/y, with 

a maximum value in "Area-10" in the northwest of the study area, consistent with previous results of 

high encroachment areas in the northwest dune filed. The interquartile values of the active aeolian 

features varied from 3.85–17 m/y. (2) The median PMDs varied from approximately 240–269°, with an 

interquartile range of 6.2–14.2°, consistent with previous reports of northeasterly winds prevailing in 

the study area. (3) The median MSC of the active features varied from 0.32–0.48. The results of the F-

test and Welch's test are presented in Supplementary Tables B13–B18. The results show that the 

hypothesis of no significant difference in the means and variance between different dune field pairs can 

be rejected in most cases, with some exceptions, indicating that the migration rates and corresponding 

directions varied significantly in the spatial domain. The hypothesis of similar AAM means and variances 

was accepted for 4/45 and 3/45 pairs, respectively. The hypothesis of similar PMD means and variances 

was accepted for 5/45 pairs. Interestingly, the rejection of the hypothesis highlighted spatial variability 

in the dune migration patterns, which can be attributed to variability in geochemical formation, wind 

energy, sand transport conditions, dune height and orientation, and wind–topography interactions. 

5.4.4.2 Spatiotemporal Variability of Dunes Velocities between Different Offset Maps  

Figure 5-9 shows boxplots of the estimated geometric means of the active features associated with each 

dune field extracted from different offset maps, for both migration magnitudes and directions. The 
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median of the geometric mean varied from 11.12–17.83 m/y, with an interquartile range of 3.07–12.86 

m/y. The geometric means extracted from the AAMs of the same ten dune fields are shown as blue 

diamonds in Figure 5-9A. It appears that the fusion of all annual rates tends to underestimate the 

migration rates; the medians of the geometric means estimated from the AAMs were lower in all cases. 

This may be attributed to the fact that the fusion of offset maps showing different directions would lead 

to a reduction in net migration rates. The median of the average directions of the ten dune fields varied 

between 236.15°–269.40° with an interquartile range of 3.21°–19.94°. The large interquartile range in 

"Area 1" may be attributed to the presence of protodunes or sandy patches with variable migration 

directions. The median concentration ratio ranged from 0.117–0.928, with an interquartile range of 

0.095–0.243. It is worth noting that large concentration ratios indicate the homogeneity of PMDs of 

active aeolian features associated with each dune field. In particular, the maximum variation in migration 

direction up to 20° corresponds to a concentration ratio of 0.98. The mean values estimated from the 

PMDs are shown as black diamonds in Figure 5-9B. The means of the PMDs were nearly identical to 

the medians of the boxplots, demonstrating the potential of fusion in reliably estimating migration 

directions   
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Figure 5-6: Cumulative projected displacements over time extracted from the inversion of the 
deformation maps belong to two Landsat-8 frames. The dashed colored areas in the background 
represent the different seasons: red, blue, green, and magenta refer to summer, winter, autumn, and 
spring, respectively. The black dashed lines denote the best linear fit of the cumulative projected 
displacement. Red and blue triangles denote the points belonging to the coverage of (183/48) and 
(184/48), respectively. 

 

Figure 5-7: Similar to Figure 5-6, the time series extracted from the inversion of two Sentinel-2 tiles. 
Red and blue triangles denote the inversion of pairs belonging to T33QYV and T33QZU, respectively. 



Chapter 5. Condensing Temporal Sampling of OPTSI Algorithm 

 
153 

 

 

Figure 5-8: Boxplots of the AAM (A), PMD (B), and MSC (C). The box plots were plotted for 4000 
pixels belonging to ten dune fields (see Figure 5-1). The outliers were discarded from the visualization; 
however, they were considered in estimating the median, and the interquartile ranges. 

 

 Figure 5-9: Spatiotemporal variability of the dune migration rates (A), and directions (B). Box plots 
represent the variability of geometric means of dune velocities and the average migration direction of 
the active aeolian features belonging to each dune field for all the pairs. The blue and black diamonds 
in A and B represent the geometric means estimated for the active aeolian features belonging to the 
AAM and PMD solutions. 
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5.4.4.3 Spatiotemporal Variability of Dunes Velocities at Different Seasons 

Figure 5-10 shows the variability of the horizontal velocity for ten selected points during the 

measurement period from 2013–2020. The velocity varied during the observation period, with an almost 

increasing trend during the winter and autumn months. The velocities reached a maximum of ~220 m/y 

at P13. Although no clear trend was found to represent the behavior of velocity variation, seasonal 

variability was observed in the velocity patterns of all the points. The seasonal variability in dune velocity 

was supported by the wind records extracted from the ECMWF data (Supplementary Figures B13-B14), 

where the wind speed and direction for the ten selected points were displayed. It was observed that the 

wind speed showed a fluctuation with lower speeds in the summer months (June to August). 

Additionally, the wind directions mainly from the northeast with variable directions mainly in summer 

months. To better capture the seasonal variability in the measured velocity, we estimated the median 

velocities for the acquisition epochs belonging to each season. Figure 5-11A shows the variability in the 

median velocities between different seasons. Interestingly, the median velocities recorded during the 

summer showed the lowest velocities. We estimated the seasonal sliding coefficient (SSC), which 

represents the variability of the median velocities between different seasons (Figure 5-11B). The 

winter/summer sliding coefficient showed the highest values, ranging from 1.30–2.90 with a median of 

2.05. In contrast, the median velocities changed slightly in spring and autumn compared to winter, and 

the median seasonal sliding coefficients were 1.14 and 1.36 for winter/spring and winter/autumn, 

respectively (Figure 5-11B). The maximum median velocity peaked during the autumn and winter 

months. The variability in dune velocities at different times of year is expected and can be attributed to 

seasonal changes in wind strength. The wind records extracted from ECMWF data between 2013–2020 

(Supplementary Figure B1) showed that the median monthly wind speeds from May to September 

ranged from 1.20–3.40 m/s, with the lowest values in the summer months (June to August). The median 

wind speed increased up to ~6.5 m/s in the winter months. In terms of migration direction, the medians 
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of the monthly directions ranged from 233.24°–250.03° for all months except July and August, when 

they were 44.95° and 32.74°, respectively. The observed seasonal velocity patterns were consistent with 

the behavior of the wind regime, and both were consistent with previous reports of the prevailing 

northeasterly LLJ, especially during winter (Vermeesch and Leprince, 2012). 

5.4.4.4 Spatiotemporal Variability of Dune Velocities between Different Decades (1984-2021) 

Figure 5-12 shows the frequency distributions of the magnitude and direction of the active features 

within the BD (Figure 5-1) over three periods (Table 5-1). The active features within the BD had a 

strong tendency to migrate toward the southwest and south-southwest; the average migration directions 

are summarized in Table 5-1. The differences between the average directions reached a maximum of 

3.5°, demonstrating the consistency of the dune migration direction over longer time. Individual 

examination of the directional differences (Figure 5-12D) showed variability in the directions between 

periods 1–2 and between periods 2–3, (Table 5-1) with median differences of 
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Figure 5-10: Time series of dune velocities as extracted from the inversion of offset maps belong to 
Landsat-8 frame 183/48. The blue pentagrams represent the acquisition epochs. The red lines denote 
the continuous dune velocities.  

 

Figure 5-11: Median seasonal velocity at different points belong to Landsat-8 frame 183/48 (A). The 
seasonal sliding coefficient denote the ratio between the different seasonal velocities (B).  
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9.45° and 21.4°, respectively. These individual variations can be attributed to the presence of sand 

features and protodunes, as well as the formation of new sand features owing to the deflation of sand 

and dust storms. The large median directional difference between periods 2–3 may also be owing to the 

high ground resolution of L-8, which could capture more detailed information than Landsat-5. 

Directional differences of up to 90° may occur owing to change in morphological interactions and the 

inability of the correlation to capture these morphological changes, especially over longer time intervals. 

In addition, continuous sand transport and dust storms may affect sand flux in the BD, leading to the 

birth of new dune generations or the conversion of stable fields to active/semi-active status. The 

percentage of active areas within the BD ranged from 26–30% of the total area, with the lowest value 

between 2013–2021. The geometric mean velocities ranged from 6.61–9.66 m/y, with the lowest values 

recorded for the most recent observation periods. Comparatively, Baird et al. (2019) reported 

accelerating dune velocities averaging 2.56±12.60 m/y, with some accelerating aeolian elements moving 

at more than 20 m/y. Here, a comparison between the migration velocities recorded in periods 1 and 2 

showed nearly stable conditions with an average acceleration of 0.36±14.20 m/y. In contrast, an average 

deceleration of 3.2±15.20 m/y was observed when comparing periods 2 and 3. To add new insights to 

the comparison between migration patterns captured at different observation periods, we compared the 

average annual wind speed with the geometric mean of the migration rates between similar observation 

periods. Vermeesch and Leprince (2012) reported that a 1% increase in wind speed results in a ~3% 

change in dune velocity and associated dust production. The median annual average wind speeds were 

5.24 and 4.84 m/s for periods 2 and 3, respectively, representing a 7.63% decrease in wind speed. The 

percentage decrease in the migration rate was 28.2%. The ratio between the changes in dune speed and 

wind speed was approximately 3.50%, which corresponds to the ideal ratio between wind speed and 

dune speed. The comparison showed strong agreement between the wind speed extracted from the 

ECMWF and the migration rates estimated from the image matching. However, despite the good 
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agreement between the wind speed and dune velocities, dependence on the matching results rather than 

the wind speeds could still be considered valuable because (1) the wind speeds from the ECMWF have 

a coarse resolution (i.e., 0.1°×0.1°), (2) the matching measurements can be validated and evaluated, and 

(3)  the matching results provide indications of the migration rates that can be used in vulnerability 

analysis, stability planning, and modeling.  

Table 5-1: Dune migration rates and average migration direction over three observation periods. 

Period ID  Observation Period 

dd.mm. yyyy 

Active area 

(Km2)  

Median celerity 

(m/y) 
 

Average 

migration 

direction (°)  

Period 1  17.01.1984–01.12.1998 2457.47 9.66 240.72 

Period 2 01.12.1998–24.01.2007 2736.85 9.25 237.17 

Period 3 16.05.2013–22.07.2021 2303.28 6.61 238.72 
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Figure 5-12: Frequency distribution of the active dune and sandy patches in the Bodélé Depression for 
three observation periods: (A) 1984–1998, (B) 1998–2007, and (C) 2013–2021. Units in A, B and C are 
in m/y. (D) Histogram of the difference between period 1 and 2 and periods 2 and 3 in terms of 
magnitude (Right) and direction (Left).  

 

5.4.5 Validation and Uncertainty Estimation 

5.4.5.1 Cross-Validation  

Table 5-2 summarizes the AAM and PMD values, and the slope of the linear fit for the points covered 

by L-8 and the points overlapped by L-8 and S-2. There are some inconsistencies between the slope of 

the linear fit of the CPDs extracted from S-2 and from both L-8 and the fusion; the medians of the 

absolute difference reached ~4.23 and 6.81 m/y for the differences between S-2/L-8 and S-2/fusion, 

respectively. The comparison between L-8 and the fusion showed the worst consistency, with a median 

absolute difference of ~9.25 m/y. These large differences can be attributed to (1) differences in the 

observation periods in the S-2 time series and both the L-8 and the fusion time series; (2) the different 
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performance of the inversion networks (i.e., the different condition numbers of the design matrices); 

and (3) the radical differences in the temporal and spatial resolutions of the sensors and their 

orthorectification and co-registration accuracy. With respect to AAMs, the comparisons between S-2/L-

8 and S-2/fusion showed median absolute differences of ~7.0 and 6.81 m/y, respectively. The 

comparison between the AAMs of L-8 and the fusion showed a median absolute difference of 0.7 m/y. 

Despite the stability of the inversion of one rate owing to large redundancy and good network 

connectivity, we noticed a larger differences between the AAMs of S-2 and both L-8 and the fusion than 

between L-8 and the fusion. This can be interpreted by the different observation periods between S-

2/L-8 and S-2/fusion. In terms of the PMDs, the directions extracted from S-2 showed strong 

agreement with both L-8 and the fusion; the median absolute differences were 3.4° and 2.7° for S-2/L-

8 and S-2/fusion, respectively. Moreover, the median absolute difference between L-8 and the fusion 

was 2.5°. From a detailed examination of the temporal patterns extracted from the different inversions, 

we observed that, for networks with lower temporal sampling (i.e., T33QZU which had only 17-time 

epochs owing to cloud and haze constraints), the cumulative time series showed two increasing trends 

with almost stable conditions where no epochs were included (see Figure 5-7). In comparison, the 

inversion of T33QZU captured more details, showing almost linearly increasing trends with low 

seasonality signals, except for P4 (see Figure 5-7). However, the fusion between the two sensors 

(Supplementary Figure B11) provided higher temporal sampling that allowed observation of the 

temporal evolution up to a weekly time scale. This led to design matrices with higher condition numbers, 

consequently affecting the stability of the inversion. More seasonality was recorded in the inversion of 

the merged networks than in the inversions of either L-8 or S-2. The comparisons between the different 

inversions at different points showed some inconsistencies, especially in the migration magnitudes, but 

the migration directions showed higher homogeneity regardless of the network configuration and the 

observation period. 
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5.4.5.2 Uncertainty Estimation  

We used a stable area of 7.25 km2, as shown in Figure 5-1, to evaluate the uncertainty of the inverted 

results. We estimated the standard deviation of the measurements as an indicator of uncertainty 

(Bontemps et al., 2018; Lacroix et al., 2019). We captured the effect of the inversion in controlling 

uncertainty by comparing the uncertainties of the individual offset maps before and after inversion 

(Bontemps et al., 2018). Figure 5-13 shows the uncertainties of the individual offset maps after inversion 

and the percentage of improvement in the uncertainties for the L-8 frames. Similar maps for S-2 and 

the fusion can be found in Supplementary Figure B15. After inversion, the uncertainties varied from 

0.27–1.90 m and from 0.29–1.36 m with averages of 0.70 m and 0.62 m for L-8 and S-2, respectively. 

The percentages of improvement in the uncertainty after inversion were, on average, 35% and 44% for 

L-8 and S-2, respectively. We also extracted the uncertainties in the inverted results of the CPDs; the 

uncertainties were, on average, 0.95 m and 0.74 for L-8 and S-2, respectively. It is interesting to note 

that the uncertainty levels of the inverted results were within the resolution of the matching technique 

(i.e., about a fifth to a tenth of the ground resolution). 

5.5 Reflection to previous work in Bodélé depression   

To date, three studies have focused on monitoring dune migration in the BD using optical image 

matching techniques with different image sources and with different study periods. Vermeesch and 

Drake (2008) first used a correlation engine with ASTER images at different time intervals and integrated 

the displacements with dune heights extracted from ASTER stereo images to estimate sand flux. They 

reported variability in dune velocities, noting that the velocities were 2.5 times higher between December 

2006 and January 2007 than between October 2005 and January 2007, and attributed this to the presence 

of the Bodélé LLJ, which is prevalent during the winter months. Similar trend was observed in our time 

series, with the winter and summer velocities scored the highest and the lowest velocities, respectively. 
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Vermeesch and Leprince (2012) monitored dune acceleration over a 26-year period between 1984 and 

2010 using a matching procedure along with seven images from different archives. They used the time 

series of dune velocities to draw conclusions about the wind conditions in the Sahara Desert, especially 

in the absence of meteorological observations. They reported dune velocities of less than 10% over 26 

years, equivalent to a ~0.2% change in wind speed. We believe that the sparse temporal sampling of the 

extracted time series (i.e., seven steps in 26 years) missed many details about dune movement and 

seasonal patterns. In our study, due to the dense temporal sampling, we estimated the median velocity 

for each season and found that the seasonal sliding coefficient (SSC) of the velocities between winter 

and summer scored ~ 2 revealing the activity of the wind in the winter due to the Bodélé LLJ. The effect 

of acquisition epochs on the temporal patterns was supported in our study, while the inversion of the 

S2TR33QZU offset maps limited to 17 epochs due to cloud cover and dust. The inversion showed two 

increasing linear trends (see Figure 5-7) with a plateau in between, lacking to provide details which can 

be captured in case of dense acquisition dates. Baird et al. (2019) input Landsat-5 data into the correlation 

algorithm, focusing on selecting frames with a good distribution of ground control points to avoid the 

orthorectification residuals in the matching measurements. They also presented a workflow to extract 

reasonable migration rates, reporting that different computational procedures resulted in different rates. 

They used three images, applying forward and backward matching to ensure the geolocation of the 

dunes with respect to the same master images. They also recommended that interdune areas be excluded 

from the calculation of dune migration rates. In summary, our study introduced dense spatiotemporal 

monitoring of dune dynamics and associated drivers inside and outside the BD. It is worth noting that 

detailed studies on the spatiotemporal patterns of dune dynamics in the BD have been lacking in the 

literature. 
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Figure 5-13: Uncertainty of the offset maps after inversion (A) and the percentage of improvement in 

the uncertainty before and after inversion (B) for the Landsat-8 frame P183/R48. (C) and (D), similar 

to (A) and (B) but for the Landsat-8 frame P184/R48. The colored cells represent the pairs with the 

master on the y-axis and slave on the x-axis. Each pair is defined by the acquisition dates. The acquisition 

dates of each frame can be found in  Supplementary Tables B1–B2. Units in A and C are in (m) while B 

and D are percentages. 
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Table 5-2: Slope of linear fit (SLF), correlation coefficient (CC), average annual magnitude (AAM), and 
prevailing migration direction (PMD) of the test sites from Landsat-8, Sentinel-2, and the fusion 
between two sensors 

 

 

 

 

ID  Landsat-8 Sentinel-2 Fusion 

SLF 

(m/y) 

CC  

(%) 

AAM 

(m/y) 

 

PMD 

(°) 

 

SLF 

(m/y) 

CC 

(%) 

AAM 

 (m/y) 

 

PMD 

(°) 

 

SLF 

(m/y) 

CC  

(%) 

AAM 

 (m/y) 

PMD  

(°) 

P01 21.51 98.43 21.59±1.23 253.49±2.24 21.42 96.81 21.23±1.17 252.85±1.98 19.75 93.51 21.8±0.44 254.03±2.38 

P02 31.48 97.54 30.53±2.10 254.45±0.42 35.18 97.47 33.73±4.10 255.47±2.19 31.87 93.00 29.13±4.49 256.34±3.97 

P03 18.90 99.05 13.81±1.98 249.08±2.88 23.15 98.56 23.65±3.84 252.26±2.18 24.77 92.00 15.98±1.54 249.99±3.25 

P04 28.20 98.13 23.23±8.28 229.53±58.85 12.71 71.27 11.34±7.69 226.05±35.56 49.05 95.50 21.61±8.15 236.34±43.43 

P05 21.22 97.42 19.98±3.36 238.32±4.85 26.81 90.39 25.22±6.42 248.38±7.46 34.02 98.19 20.44±2.66 239.58±3.78 

P06 10.52 97.72 15.04±3.39 227.47±8.01 37.29 91.32 36.32±0.48 237.21±1.02 45.38 96.70 16.16±2.02 234.51±4.11 

P07 29.47 98.74 24.65±4.91 259.51±2.31     

P08 22.37 97.80 21.19±1.72 255.92±2.48 

P09 18.93 96.82 19.95±6.12 271.19±3.24 

P10 23.47 98.74 21.02±5.86 268.04±1.15 

P11 18.83 98.93 14.98±1.81 246.64±3.62 

P12 15.49 97.34 14.78±1.85 247.56±7.05 

P13 30.63 97.75 23.85±0.75 244.06±3.05 39.42 94.48 39.85±5.71 246.81±0.97 20.34 91.10 23.15±1.55 248.08±6.17 

P14 29.06 99.34 18.71±2.93 238.26±2.52 24.94 93.49 24.91±4.09 251.19±7.56 18.11 77.50 18.4±2.62 237.70±3.98 

P15 19.53 97.47 14.39±1.40 237.30±3.21     

P16 30.96 99.48 20.36±2.37 247.13±7.24 26.94 94.00 27.40±2.15 242.11±1.97 28.81 96.20 20.57±2.40 246.51±6.68 
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5.6 Inversion of Optical Image Matching Contribution for 

Monitoring Earth Surface  

The optical image matching selection and inversion algorithm provides a valuable tool for monitoring 

surface processes over time, with the advantage of reducing uncertainty and enhancing spatial coverage, 

especially when using free archives that provide a huge amount of data with dense temporal resolution 

(Ali et al., 2020; Ding et al., 2020b). As free archives of optical imagery (i.e., L-8 and S-2) offer temporal 

sampling ranges of 5–16 days, the number of available images is inherently limited by cloud cover, 

especially in wet seasons in tropical regions (Dille et al., 2021). Limiting the selection of images to those 

with no/low cloud cover to preserve the matching uncertainty (Lacroix et al., 2018) would affect the 

number of images and consequently limit the temporal sampling of the time series. Additionally, slow-

moving targets require large time separation to help measure real displacement and avoid a large fraction 

of geolocation errors in the matching results (Fahnestock et al., 2016). However, long temporal baselines 

affect the temporal sampling of the time series (Dille et al., 2021). Therefore, dependence on the fusion 

between the time series of two or more sensors with overlapping temporal coverage provides a good 

alternative to increase the temporal sampling of the time series and enhance understanding of the surface 

process. In this work, we introduced the fusion of time series from two sensors at overlapping locations 

to increase the density of the temporal sampling. The comparison between the individual time series 

from each sensor with the fused time series revealed the potential of the fusion of offset maps with 

similar ground resolutions in providing dense temporal sampling at up to a weekly time scale. The fusion 

procedure avoids the high computational costs and data burdens associated with the inversion of a full 

network. However, fusion provides higher inversion ratios, and the configuration of the network and 

condition number of the matrix should be considered to preserve the quality of the inverted results. The 

density of the temporal sampling of the time series can, therefore, be improved by matching images 
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from different sensors, considering the effect of the radiometric variation of both images (Necsoiu et 

al., 2009). Although the matching of different sensors would provide a simple framework for inversion, 

differences in the radiometric properties and sun angles between the two images could affect the quality 

of the offset maps. Matching networks created via matching images from different sensors can be 

applied to guarantee good connectivity of the design network and dense temporal sampling, revealing 

the complex patterns of surface deformations.  

5.7   Summary  

In this chapter, we extended the application of the optical image matching selection and inversion 

algorithm using L-8 and S-2 data to gain new insights into the spatiotemporal patterns of dune migration 

in the BD during 2013–2021. Images from the L-8 and S-2 archives with low cloud cover were selected 

to control uncertainty and improve spatial coverage. The selected images were used to generate networks 

of matched pairs by setting radiometric and temporal baselines. Using the MSC, stagnant and moving 

targets were automatically differentiated. The inversion was performed using a pixel-by-pixel strategy 

and flexible design matrices that covered a large area (up to 98% of the total area of the two L-8 frames). 

The AAMs and their corresponding PMDs exhibited large spatial variability that can be attributed to 

various factors such as soil moisture, soil particles, sand transport, wind energy, and wind–topography 

interactions. The PMDs showed a tendency of migration toward the southwest, which is consistent with 

the prevailing northeasterly direction of the Bodélé LLJ. The temporal patterns of dune migration 

showed significant seasonal variation, which can be attributed to the seasonality of the effective wind 

regimes and dust storms. The average monthly wind speeds and directions extracted from the ECMWF 

showed that northeasterly winds were predominant in all months except the summer months. In 

addition, the wind speed was lowest during the summer months and highest during winter. Comparison 

between the inversions of the different networks showed some discrepancies owing to the different 
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performances of the inversions based on the various networks. Inversion reduced the uncertainty by, 

on average, 35% and 44% for L-8 and S-2, respectively. In addition, a fusion between the two sensors 

allowed the temporal sampling to be condensed to reveal complex short-term surface deformation 

patterns. 

In the next chapter, we will introduce the spatiotemporal variability of dune velocities in the whole NSSS 

and estimate the corresponding uncertainties. The primary rationale of the next chapter is to collect the 

high-quality pairs by limiting the baseline thresholds to control the likelihood uncertainties and then 

combining all the matching measurements thanks to the inversion or the median fusion. The 

combination allows us to estimate the uncertainties of the estimated velocities. The uncertainties are 

calibrated thanks to the stable region, and the calculation is extended to the moving targets. The velocity 

vector coherence (VCC) is extracted, representing the variability of migration direction between the 

matching measurements shared in the combination.  
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Chapter 6. Spatiotemporal Variability of Dune 
Velocities and Corresponding Uncertainties 
Detected from Optical Image Matching in 
The North Sinai Sand Sea, Egypt 

 

Optical image matching provides an optimum solution to monitor the earth' s surface 

displacement at subpixel resolution with high spatial coverage. Dune migration is tightly 

coupled to the wind regime, whereas the wind controls the behaviour of dune formation and 

migration. The North Saini Sand Sea is characterized by a complex wind regime varying its 

speeds and directions in both spatial and temporal domains. Accordingly, the variable wind 

regimes affect the dune migration rates spatially and temporally. Consequently, it is expected to 

have variability in dune migration rates over time. Besides, the lack of field measurement hinders 

evaluation of the extracted results. In this chapter, we introduce the full coverage of the dune 

velocities at the North Sinai sand sea, employing the optical image matching with the accessible 

archives of Landsat-8 and Sentinel-2. To enhance the solution' s spatial coverage and control the 

uncertainties, we combined the velocities that come from individual matching results. Before 

combining the matching result, we wisely select the matching pairs with good radiometric and 

temporal baselines to help decrease the cast shadows and the geolocation errors when converting 

the displacements to annual velocities. The fusion allows us to cover approximately 98.8% of 

dune areas at the sand sea. Owing to the stable regions, we estimate the 95% confidence interval 

of the final velocities and extend this calculation to the dune targets. Fusing individual velocities 

is beneficial in monitoring the earth' s surface displacement, such as dunes, g laciers, and 
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landslides, with high spatial coverage and fewer uncertainties. The work was published in 

Remote Sensing and can be cited by Ali et al. 2021. 
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Overview  

Understanding the relationship between climatic conditions and dune ecosystems requires large-scale 

monitoring of the spatiotemporal patterns of dune velocities. Due to their large extent and remoteness, 

dune fields are ideal for remote sensing techniques. Dune velocities in the sand sea North Sinai are 

characterized by large spatial and temporal variability. To this end, 265 pairs from four Landsat-8 images 

from April 2013 to April 2018 were automatically matched using the COSI Corr engine to determine 

dune velocities. These pairs were selected so that the differences in solar angles were small and spanned 

at least one year. Such a selection scheme helps reduce shadowing in the deformation fields and the 

error budget in converting displacements to annual velocities. The fusion of individual maps is 

considered feasible to improve spatial coverage and reduce measurement uncertainty. We compared the 

performance of two methods (i.e., inversion and temporal median fusion) in performing the fusion of 

individual velocities, and the two methods showed good agreement. Fusion allowed us to estimate the 

final velocity for about 98.8% of the dune areas. Our results suggest the presence of spatiotemporal 

variability in the magnitude and direction of dune migration throughout the Sand Sea. Thanks to the 

stable regions, the 95% confidence intervals of the final velocities was estimated and extended this 

calculation to dune targets. The median uncertainties were 0.10 m/y and 0.25 m/y over the stable and 

moving targets, respectively. We estimated the coherence of the final velocity vector, which can be 

considered an indicator of the homogeneity of migration directions among offset maps. We compared 

the final Landsat-8 velocities with those of Sentinel-2 to validate the results, finding good agreement in 

magnitude and direction. Selecting high-quality pairs and then fusing the individual maps helped 

enhance spatial coverage and increase the reliability of the extracted velocities. 
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6.1 Introduction  

Dunes are the most common landforms in terrestrial and extra-terrestrial deserts, where they account 

for approximately 30% of Earth's deserts. The lack of vegetation cover, precipitation, and high 

temperatures provide an ideal dune reconstruction and formation environment. The majority of studies 

primarily employed site measurements; however, these measurements provide an accurate solution, they 

mainly focus on monitoring single dunes and are handicapped by higher time and cost requirements 

(Hermas et al., 2012; Hugenholtz et al., 2012). Scaling measurements obtained from single dunes at a 

specific time scale to large spatial and temporal domains is considered a problem, especially for studies 

related to modelling the spatial patterns of dunes (Scheidt and Lancaster, 2013). The reliance on RS 

techniques enabled the study of spatial analysis in relation to various aspects, including dune activities, 

patterns, dynamics, and dune hierarchies (Hugenholtz et al., 2012). Changes in climate conditions may 

lead to the reactivation of stable dunes or the stabilization of active dunes, depending on the changes in 

wind power, evapotranspiration, precipitation, and vegetation cover. Studying dune dynamics' status 

would help identify the high-risk areas that should be protected to mitigate their threats, especially 

desertification ( e.g., Ahmady-Birgani et al., 2017; Ding et al., 2020b, 2020a; Ghadiry et al., 2012; Lam 

et al., 2011). The multispectral satellite imagery provides extensive spatial and temporal coverages with 

relatively no cost (i.e., the free archives), unlike the filed measurements and aerial photographs, which 

are mainly constrained by cost. Several platforms were previously employed, including Landsat (4-8) 

(e.g., Ahmady-Birgani et al., 2017; Ali and Xu, 2019; Ali et al., 2020; Baird et al., 2019; Ding et al., 2020b, 

2020a; Levin et al., 2004; Mohamed and Verstraeten, 2012), Advanced Spaceborne Thermal Emission 

and Reflection Radiometer (ASTER) (e.g., Hermas et al., 2019; Necsoiu et al., 2009; Vermeesch and 

Drake, 2008; Vermeesch and Leprince, 2012), Systeme Probatoire D’Observation De La Terre (France): 

SPOT (5–7) (e.g., (Al-Ghamdi and Hermas, 2015; Al-Mutiry et al., 2016; Hermas et al., 2012), Worldview 
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(e.g., Els et al., 2015), and Sentinel-2 (e.g.,  Ali et al., 2020; Ding et al., 2020b, 2020a) to investigate the 

different aspects, including dune migration, desertification, and sediment transport pathways.  

The launch of the Co-Registration of Optically Sensed Images and Correlation (COSI-Corr) by the 

Caltech group (Leprince et al., 2007) in 2007 provided an alternative to the semi-automatic monitoring 

of Earth surface deformations (e.g., earthquakes, glaciers, landslides, and dunes). This approach is 

primarily based on matching two orthorectified images, and the correlation is conducted in the 

frequency domain. Previous studies have supported the reliance on the correlation engine of Cosi-Corr 

as a robust technique characterized by large spatial coverage, less human intervention, and subpixel 

accuracies up to 1/10th of the ground resolution. However, as Landsat has only been available since 

1972, the studies that employed COSI-Corr have mainly depended on ASTER images (e.g., Scheidt and 

Lancaster, 2013; Vermeesch and Drake, 2008; Vermeesch and Leprince, 2012) to capture dune 

migrations. Only one study used Landsat-4 as one of the images to establish the time series of dune 

migration over the Sahara Desert ( Vermeesch and Leprince, 2012). Recently, Baird et al. (Baird et al., 

2019) employed Landsat-5 images together with COSI-Corr to monitor the dune migrations in two dune 

fields, where they found that the distribution of the ground control points (GCP) used in the 

orthorectification over sand patches affected the orthorectification accuracy and led to mismatches. 

Landsat-8 and Sentinel-2 have witnessed an enhancement in temporal and radiometric resolutions, 

orthorectification accuracy, and co-registration accuracy (Fahnestock et al., 2016; Kääb et al., 2016). 

Additionally, both satellites have sufficient orthorectification levels, enabling direct matching of images 

(Kääb et al., 2016).  

The lack of field measurements and the cost of high-resolution images would further augment the 

dependency on Landsat-8 and Sentinel-2 as sources to retrieve the annual velocities of dune migration. 

However, the automation, wherein matching measurements provide large spatial coverage, is constantly 



Chapter 6. Large Spatiotemporal Monitoring of Complex Sand Sea  

 

173 

 

exposed to several sources of errors, such as artificial deformations due to casted shadows (Bontemps 

et al., 2018; Ding et al., 2016), stripe artifacts due to alignment errors in the couple charged device (CCD) 

(Ding et al., 2016; Leprince et al., 2008), and mismatches due to the presence of clouds (Lacroix et al., 

2018). Due to the filtering process, the dependency on individual matching measurements would be 

compromised by a low spatial coverage. Consequently, combining the measurements from several offset 

maps would help keep more velocities and increase the reliability of the final velocity by decreasing the 

uncertainties (Dehecq et al., 2015). The combination of individual velocities (hereafter called fusion) 

gained importance due to the availability of the free archives (e.g., Landsat 4/5/7/8 and Sentinel-2) with 

high temporal resolutions. The fusion of individual velocities is uncommon in dune studies; however, it 

was previously employed extensively in glacier studies (e.g., Dehecq et al., 2015; Derkacheva et al., 2020; 

Fahnestock et al., 2016; Millan et al., 2019; Mouginot et al., 2017). Dehecq et al. (2015) introduced large-

scale velocities for glaciers in the Pamir-Karakoram-Himalayas from 1999–2001, where they processed 

1536 pairs generated from 1382 images belonging to 68 Landsat 5/7 frames and employed a 

spatiotemporal median to introduce the final velocity. Fahnestock et al. (2016) monitored the rapid 

change in the ice velocities by matching Landsat-8 pairs with short-time baselines and then estimated 

the final velocity by employing the weighted average. 

The North Sinai Sand Sea (NSSS) is characterized by large variability in terms of the migration 

magnitudes and directions (Bubenzer et al., 2020; Hermas et al., 2012). This variability can be attributed 

to spatial and temporal variations in the wind speed and direction, change in dune sizes, observation 

period, and technique (Bubenzer et al., 2020; Hermas et al., 2012). Due to the variability in dune 

migration rates, it can be assumed that dunes have different migration magnitudes between comparative 

measurements. The availability of free archives (e.g., Landsat-8 and Sentinel-2) provides the opportunity 

to process a high level of redundancy in measurements. Here, we present a workflow that aims to 
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combine individual measurements to represent the spatiotemporal variability and associated 

uncertainties in dune velocities throughout the NSSS. We introduce a full coverage of dune velocities in 

the NSSS using the matching results from Landsat-8 and Sentinel-2. First, we automatically select pairs 

with lower solar angle differences span at least one year. The selection aims to control the casted 

shadows, mismatches, and aberrant measurements. The fusion of all matched measurements is 

promising to reduce the uncertainties and improve the spatial coverage. Thanks to the fusion, we 

successfully covered about 98.8% of the total area of the Sand Sea. We use the stable regions to establish 

a relationship between the number of individual velocities used to estimate the final velocity and the 

corresponding uncertainties. We then use the calibration models to estimate the uncertainties of moving 

targets. We estimated the coherence of velocity vectors (VVC), which is an indicator of the homogeneity 

of migration directions between individual matching measurements. Owing to the paucity of the field 

measurements, we compared the final velocities of Landsat-8 and Sentinel-2, and the comparison 

showed good agreement. The selection process and the fusion of the individual maps allowed us to 

capture the spatiotemporal variability of dune movement in the NSSS with higher reliability. 

6.2 Study Area and Data Set  

6.2.1 Study Area  

The NSSS is the only one located outside the western desert and is present in the northwestern part of 

the Sinai Peninsula. The sand sea occupies an area of approximately 13600 km2 with a sand coverage of 

12600 km2 (Bubenzer et al., 2020). The Suez Canal bounds the sand sea in the west, the eastern border 

of Egypt in the east, the Mediterranean Sea in the north, and the southern slopes of the mountains in 

the south (Figure 6-1). Notably, before the existence of the Suez Canal, the Sinai sand sea was extended 

up to the eastern border of the Nile delta (Bubenzer et al., 2020). Two primary dune forms prevail in 
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the study area that can be classified into three groups based on their locations as follows: first, the linear 

and transverse dunes, which can be found in the northern part with an east-west orientation due to the 

prevailing wind direction; second, the dunes located east of the better lake, which are mainly linear dunes 

oriented in the north-south direction, where variably sized barchan dunes can be found; and third, are 

the coastal dunes, which extend along the coastal strip (Bubenzer et al., 2020). The transition between 

the two primary parts is gradual and distinguishable. The wind regime is complex, where the wind varies 

in speed and direction in both the temporal and spatial domains. The effective wind regime (> 4 m/s) 

prevails in the sand sea's western part, and the wind's energy decreases toward the middle and east. 

Several studies have focused on the NSSS to study dunes from different perspectives, such as the dune 

migration and dynamics, dune morphology and formation, sand transport, and wind regimes. 
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Figure 6-1: Regional map and location of the North Sinai sand sea. (A) Regional maps of the study area. 
Panel (B) is depicted in the black rectangle of (A). B) Footprints of the Landsat-8 and Sentinel-2 frames 
used in the study. The blue and red rectangles represent the footprints of the Landsat-8 frames and the 
Sentinel-2, respectively. Panel (C) includes different elements, where the red polygon represents the area 
of interest used to highlight the final velocity after combination in Figure 46-5. The red polygon was 
generated by erasing the water bodies to only represent the velocities at the land locations. The black 
rectangles denote the zones of interest, highlighting the uncertainty and dispersion in Figure 6-13. The 
stable regions are used as calibration sites to estimate and extract the uncertainty over stable targets. The 
green rectangles display the dune regions of interest used to highlight the spatiotemporal variability in 
Figure 6-16. The three profiles are shown in Figure 6-17. The black stars represent where the sand roses 
(Figure 6-15) were extracted. 

 

6.2.2 Optical Images  

Landsat-8 level-1T images from four frames (Figure 4-1) were employed to introduce the full coverage 

of the dune velocities over the NSSS. The orthorectification level provided is sufficient for monitoring 
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the surface deformations, and limiting the matching process to the same frames can mitigate the effect 

of orthorectification residuals (Kääb et al., 2016). Among the different bands of Landsat-8, we mainly 

used the panchromatic band (Band-8; 15 m resolution) as an input to the correlation algorithm (COSI-

Corr) to retrieve the displacement. The panchromatic band was selected to satisfactorily capture the 

dune displacements at higher resolutions (Ali et al., 2020). For the cross-validation of the matching 

results from Landsat-8, we used Sentinel-2 as an independent source to retrieve the displacements over 

similar locations. The Sentinel-2 mission provides earth coverage through two satellites, S2A and S2B 

(Kääb et al., 2016). Using both satellites provide a higher temporal resolution of less than five days at 

the equator. Band-8, with a spatial resolution of 10 m, was used to retrieve the displacement maps 

following the studies of Ali et al. (2020) and Ding et al. (2020b). All images were downloaded using the 

bulk download application provided on the USGS website 

(https://lta.cr.usgs.gov/BulkDownloadApplication ). The information on each image shared in this 

study is presented in Supplementary Table C1. 

6.3 Method and Rationale  

Our workflow is shown in Figure 6-2, which includes the pairing selection, image matching, filtering 

process, fusion of the final velocity, and estimation of the uncertainty of the final velocity. The fusion 

process was retained depending on the two approaches (inversion and median), and the sensitivity of 

both methods was compared. The workflow also includes the estimation of the uncertainty of the final 

velocity, where a detailed workflow of the uncertainty estimation is presented in Figure 6-3. The 

workflow's final step involves combining the final velocities of the single frames to introduce the full 

coverage of the migration rates of the sand sea. The ingredients of the workflow are described below. 

https://lta.cr.usgs.gov/BulkDownloadApplication)/
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6.3.1 Pairing Selection and Matching Process 

The free archives of optical imagery (e.g., Landsat-8 and Sentinel-2) provide a large number of images 

for a particular study area over time; therefore, the selection of images to be included in the matching 

process must be conducted automatically to save time for the manual selection (Dehecq et al., 2015). 

Additionally, the need to process redundant pairs to represent the deformation of the earth's surface 

comes from the following two reasons: 1) the fact that the single pair may face problems in achieving 

the spatial coverage due to discarding the outlier results from shadows and clouds, and 2) the fusion of 

redundant pairs leading to an enhancement in the solution uncertainty (Dehecq et al., 2015). Previously, 

Dehecq et al. (2015) introduced an automatic selection approach depending on pairing the images 

spanning one and two years and established a network around an image with six available images 

separated with the following time intervals (368 days, 368+16, 368–16, 736, 636-16, and 736+16). 

Fahnestock et al. (2016) selected pairs with time gaps ranging from 16-96 to days to avoid surface 

changes over time to monitor the rapid difference in the ice velocities. Notably, the smaller time intervals 

may effectively conserve the surface changes between the two images; however, it would increase the 

chance of capturing large fractions of geolocation errors in the deformation fields. Therefore, 

Fahnestock et al. (2016) assigned lower weights to smaller time intervals. Recently, Ali et al. (2020) and 

Ding et al. (2020) introduced selection procedures to select pairs with less variation in sun angles to limit 

the cast shadows in the deformation fields and decrease the effect of seasonal variation. They also limited 

the maximum time separation depending on the information on the maximum expected deformation 

and window size, wherein the shortened time separation was not limited. Ali et al. (2020) limited the 

cloud cover before the selection to control the level of uncertainties
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Figure 6-2: Our workflow used to introduce the full coverage of the dune velocities of the NSSS. The 
workflow describes the steps, from selecting the high-quality pairs to estimating the final velocity. The 
workflow includes two fusion methods to introduce the final velocity along with the two procedures for 
estimating the final velocity in each method 

 

To capture real deformation, we decided to limit and control the error sources through the following 

factors: first, we limited the sun variation differences between the master and slave images of the selected 

pairs, as recommended by previous studies ( e.g., Ali et al., 2020; Bontemps et al., 2018; Ding et al., 

2020b; Scherler et al., 2008), where such large variations affected the correlation algorithm and led to 

the capture of artificial deformations. We mainly selected the pairs with lower values of the topographic 

shadowing artifact (TSA), which is a function of both the sun azimuth and sun elevation (for more 

details, please refer to Ding et al., 2016). Second, we set the spatial baseline (for more information about 

the spatial baseline, see (Ding et al., 2016) to be lower than 200 m to decrease the stripe artifacts that 

contaminate the deformation fields owing to the misalignment of the couple charged device (CCD) 
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arrays (Ding et al., 2016). Third, we set the time separation between the master and slave images to be 

at least one year to decrease the geolocation errors when translating the displacement into annual 

velocities (Dehecq et al., 2015; Scherler et al., 2008).To support the concept of selecting a long-time 

separation, we designed an experiment to investigate the effect of time separation on the extracted 

results. We compared the stable records' mean absolute deviation (MAD) in Section (6.3.2). An 

inventory of the number of images obtained from the selection criteria belonging to each frame, number 

of pairs, the observation period, and attributes of selection is presented in Table 6-1.  

An automatic frequency-domain correlation engine (COSI-Corr) released by the Caltech group 

(http://www.tectonics.caltech.edu/) was used to conduct the matching between image pairs. Matching 

was performed automatically through batch processing provided by the algorithm. The initial search 

window size, final search window size, step size, and the number of iterations were determined for each 

pair and prepared in a specific format. Here, we followed the study of Ali et al. (2020) to use initial 

window sizes of 128 × 128 and 64 × 64 stepped down to final window sizes of 64 × 64 and 32 × 32 for 

Landsat-8 and Sentinel-2, respectively. With a step size of 4 and 6 for Landsat-8 and Sentinel-2, we 

obtained displacements in the east-west and north-south directions along with their corresponding 

signal-to-noise ratios (SNRs) at a resolution of 60 m for both Landsat-8 and Sentinel-2.  

6.3.2 Noise Filtering and Post Processing  

The deformation fields always include mismatches, which should be discarded reasonably to help 

capture the real deformations. However, the selection criteria aim to decrease the error sources (i.e., 

surface variation, cloud cover, cast shadows, and CCD artifacts); some residuals are still present in the 

defamation fields. The filtering process passes through several stages. First, the outliers are removed 

according to the following steps: 1) removing pixels with displacements outside a specific range based 

on the information about the window size and the maximum expected displacements (Ali et al., 2020; 

http://www.tectonics.caltech.edu/
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Ding et al., 2020b), and 2) removing pixels with lower SNR values as a complementary step to filter out 

the outliers. The wise selection of the SNR threshold should be considered to ensure a balance between 

spatial coverage and mismatch removal. It is worth noting that removing pixels with lower SNR may 

retain the mismatches and discard the correct results (Paul et al., 2017). We followed the procedure of 

Dehecq et al. (2015) and investigated the relationship between the SNR threshold, the MADs of stable 

areas, and the SR across moving targets. After masking these outliers, the second step involves the 

modelling and removal of the long orbital wavelength from the deformation fields (Bontemps et al., 

2018; Ding et al., 2016) . We first masked out the moving targets and subsequently modelled the residual 

over stable targets based on a first-order polynomial, after which the linear ramps were subtracted from 

the raw deformation fields. The third step involves the removal of the stripe artifacts from the 

misalignments in the CCD array, which can be removed following the procedures described by Ali et 

al. (2020). Notable, we mainly followed the recommendation of Ding et al. (2016) to set the spatial 

baseline below 200 m to control the presence of the stripes and cancel this step; however, some pairs 

showed the presence of stripes. Since performing this step is a labour-intensive and time-consuming 

task, we followed the recommendation of Scherler et al. (2008). They applied a narrower range of outlier 

removal compared to standard cases and described the successful performance of this procedure. We 

followed the previous recommendations of Scherler et al. (2008) for the following reasons: 1) the 

individual pairs are combined to retain the final velocity, and the loss of spatial coverage owing to the 

tight thresholds is regained as a result of the fusion; 2) following this procedure is helpful when trying 

to remove the stripes with no clear extension of stable targets (e.g., Sahara and Arabian deserts). Finally, 

the deformation fields were filtered out and smoothed by the non-local filter (for more details, see 

Buades et al., 2008). The EW and NS filtered displacements were standardized to the annual migration 

through normalization (Necsoiu et al., 2009). 
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Table 6-1: Information on the Landsat-8 and Sentinel-2 imagery used in the study. 

 

TSA: Topographic shading artifact, SB: Spatial baseline, TS: Time separation, SED: Sun elevation difference, and SAD: 

Sun azimuth difference. The cloud cover was set lower than 10%. 

 

Sensor  Frame ID  # of 

images  

# of 

pairs 

   Covering 

period  

Selection criteria 

  

 

La
nd

sa
t-

8 

 

P:176, R:39 52 113 04/09/2013 

03/26/2018 

TSA< 0.5, SB 200 m,  

1 < TB < 4.5 years  

P:175, R:39 30 46 07/11/2013 

06/07/2018 

TSA < 0.5 & SB< 200 m & 1 < TB < 

4 years 

  

P:175, R:38 33 31 06/25/2013 

03/03/2018 

TSA < 0.2 & SB < 200 m &1yr < TB 

< 4 years   

P:174, R:39 46 70 05/01/2013 

04/13/2018 

TSA< 0.2 & SB < 200 m & 1yr < TB 

< 4 years 

Se
nt

in
el

-2
 

TR36VU 30 51 12/21/2015 

02/13/2019 

SED < 8˚ & SAD < 8˚& 1 < TB < 

3.05 years 

 

T36RXV 40 53 20/08/2015 

22/12/2018 

SED < 8˚ &SAD < 8˚& 1 < TB < 2 

years 

 

6.3.3 Quality Assessment and Cross-Validation  

The paucity of in-situ dune velocities measurements hinders assessing the quality of extracted velocities 

(Dehecq et al., 2015; Scherler et al., 2008). Therefore, we depended on several procedures to evaluate 

the consistency of the results regarding the magnitude and directions of velocities. Notably, not all the 
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mentioned procedures can be applied for the individual velocities, with some of them designed for the 

final velocity results are obtained from the fusion of individual velocities.  

I. The success rate (SR) can be defined as the percentage of valid matching results in the sand dune 

areas. SR can be estimated by calculating the number of surviving pixels over a specific area 

before and after applying a particular filter (Dehecq et al., 2015). We mainly used the SR to 

compare the performance of the SNR threshold variations on the percentages of valid matches 

(Section 6.3.1). 

II. Comparing the magnitudes and directions as extracted from the forward and backward matching. 

The forward matching refers to matching images with the master as the old image and slave as 

the new image, while the backward substitution is the matching in reverse directions. 

Theoretically, the magnitudes estimated from the forward and backward matching should be 

identical. However, due to the noise in the matching process, the differences in magnitudes are 

expected up to a certain level. We estimated the absolute difference of magnitudes and direction 

between the forward and backward measurements, and pixels with a maximum difference should 

be discarded. To better investigate the performance of such these procedures in removing the 

aberrant measurements, we generated binary masks after filtering each matching separately with 

different SNRs thresholds. Then we compared with the mask obtained from comparing the 

forward and backward matching.   

III. The dispersion of the final velocity is 𝜎𝜎(𝑑𝑑, 𝑗𝑗); the dispersion is considered the measure of the 

difference between the estimated final velocity and all the velocities shared in generating the final 

velocity (Dehecq et al., 2015). The dispersion can be estimated at each velocity location from 

Equation 6-1: 
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       𝜎𝜎(𝑑𝑑, 𝑗𝑗) = 1.483 ×  𝑀𝑀𝑃𝑃𝐷𝐷𝑛𝑛𝑚𝑚𝑖𝑖𝑚𝑚
𝑁𝑁 (|𝑉𝑉(𝑑𝑑, 𝑗𝑗, 𝑡𝑡) − 𝑉𝑉�(𝑑𝑑, 𝑗𝑗)|),  Equation 6-1 

 

where 𝜎𝜎(𝑑𝑑, 𝑗𝑗) is the dispersion of the final velocity. 𝑀𝑀𝑃𝑃𝐷𝐷  is the median of the absolute difference 

between each velocity shared to generate the final velocity and final velocity. 𝑁𝑁 is the total number of 

pairs shared in developing the final velocity in the fully stacked pixels, and 𝑅𝑅 is the number of individual 

velocities in the case of partially stacked pixels. Notably, 𝑅𝑅𝑚𝑚𝑖𝑖𝑛𝑛 is the minimum number of pairs required 

for a given pixel to be considered in the final velocity estimation.  

IV. The velocity vector coherence of the final velocity is denoted by  𝑉𝑉𝑉𝑉𝐶𝐶(𝑖𝑖,𝑗𝑗) , where the 

velocity coherence is estimated for the final velocity map representing the change in 

directions of the velocities at each velocity location. The 𝑉𝑉𝑉𝑉𝐶𝐶(𝑖𝑖,𝑗𝑗) can be estimated from 

Equation 6-2:  

𝑉𝑉𝑉𝑉𝐶𝐶(𝑑𝑑,𝑗𝑗) =
∥ ∑ 𝑃𝑃𝑊𝑊(𝑑𝑑, 𝑗𝑗, 𝑡𝑡),∑ 𝑁𝑁𝐼𝐼(𝑑𝑑, 𝑗𝑗, 𝑡𝑡)𝑁𝑁

𝑅𝑅𝑚𝑚𝑑𝑑𝑅𝑅 ∥𝑁𝑁
𝑅𝑅𝑚𝑚𝑑𝑑𝑅𝑅

∑ ∥ 𝑃𝑃𝑊𝑊(𝑑𝑑, 𝑗𝑗, 𝑡𝑡),𝑁𝑁𝐼𝐼(𝑑𝑑, 𝑗𝑗, 𝑡𝑡) ∥𝑁𝑁
𝑅𝑅𝑚𝑚𝑑𝑑𝑅𝑅

, 
Equation 6-2 

 

The numerator in Equation 6-2 can be estimated at each velocity location by summing the individual 

EW and NS velocities and then applying the Euclidian norm. Conversely, the denominator in Equation 

4-2 can be estimated by estimating the Euclidian norm of the two velocity components (i.e., EW and 

NS) and then summing the values of all included velocities to estimate the final velocity. Cross-validation 

of the estimated results is necessary to increase the reliability of the extracted results. As no field 

measurements are available for validation, we cross-validated the results from Landsat-8 velocities in 

individual and fusion velocities based on the sensor-to-sensor comparison. Here, we compared the final 

velocities extracted from Landsat-8 and Sentinel-2 over the same observation period. We also compared 
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the final velocity extracted from the overlapping areas of neighboring Landsat-8 frames. Notably, cross-

validation comparisons were conducted to extract the distribution of velocity changes and the degree of 

correlation between the results at similar locations.  

 

6.3.4 Uncertainty Estimation  

Uncertainties can be defined as factors that influence the matching algorithm and lead to mismatches 

(Dehecq et al., 2015). Two types of uncertainties can be encountered: first, the uncertainties of the 

individual matching results, and second, those of the combination of the number of pairs to introduce 

final velocity (Dehecq et al., 2015). The individual uncertainties arise from several sources, such as the 

surface changes over time, cloud presence, shadows, and image co-registration (Dehecq et al., 2015). 

The combined velocities (i.e., the inversion or median velocities) are mainly affected by the number of 

pairs shared in the combination (Dehecq et al., 2015). Several studies relied on the stable regions to 

represent the uncertainties of the mismatches or the solution as the true velocity is known to be almost 

zero (Ali et al., 2020; Bontemps et al., 2018; Dehecq et al., 2015). Usually, the uncertainties are 

represented by the standard deviation; however, the standard deviation overestimates the uncertainty 

levels (Dehecq et al., 2015). Depending on the median, a statistical measurement for representing 

uncertainty is considered effective as outliers are less affected by outliers (Dehecq et al., 2015). Notably, 

the stable targets' uncertainties may not represent the entire deformation targets because of the 

heterogeneous pattern in the moving targets (Lacroix et al., 2019). Dehecq et al. (2015) estimated the 

uncertainties in the final velocity over both the stable and moving targets. The procedure given by 

Dehecq et al. (2015) was followed in this study, where the stable regions were considered as calibration 

sites to establish a relationship between the number of pairs shared in the generation of the final 

velocity 𝑁𝑁, dispersion 𝜎𝜎 (𝑑𝑑, 𝑗𝑗), and 95 % confidence interval 𝐶𝐶𝑀𝑀95(𝑑𝑑, 𝑗𝑗). Notably, the 95% confidence 
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intervals of the two components (i.e., EW and NS velocities) are assumed to follow a trend similar to 

that of the normal distribution (Dehecq et al., 2015) with some variation in the factors governing the 

normal distribution equation as represented in Equation 6-3. 

                   𝐶𝐶𝑀𝑀95(𝑑𝑑, 𝑗𝑗) = 𝑅𝑅 𝜎𝜎(𝑖𝑖,𝑗𝑗)
𝑁𝑁∝

 , Equation 6-3 

 

Here, 𝐶𝐶𝑀𝑀95 is the difference between the 97.5th quantile and the 2.5th quantile of the final velocity. N is 

the number of pairs shared in the estimation of the final velocity. 𝑅𝑅 and ∝ are the two factors to be 

determined. By changing the number of individual pairs 𝑁𝑁, the 95 % confidence interval 𝐶𝐶𝑀𝑀95(𝑑𝑑, 𝑗𝑗) can 

be estimated for each corresponding 𝑁𝑁. To determine the two factors 𝑅𝑅 and ∝, a linear relationship was 

constructed by applying the logarithm based on Equation 6-4, where the two parameters can be 

estimated by the least-squares linear fitting 

                   𝐿𝐿𝑜𝑜𝑑𝑑( 𝑀𝑀𝐼𝐼95
𝜎𝜎

) = 𝑅𝑅0 + 𝑅𝑅1 ∗ 𝐿𝐿𝑜𝑜𝑑𝑑(𝑁𝑁), 
  Equation 6-4 

 

   

After linear regression, Equation 6-4 can be applied to estimate the 𝐶𝐶𝑀𝑀95(𝑑𝑑, 𝑗𝑗) of each velocity component 

at each location. Figure 6-3 shows the workflow used to estimate the parameters of Equation 6-4. In 

our study, to increase the number of pairs shared in the calibration process, we trimmed parts of the 

stable area belonging to the overlapping area between the two frames (P/175, R/ 39) and (P/176, R/39) 

from both the EW and NS velocities. We iteratively changed the number of individual pairs starting 

from a minimum of five, subsequently increasing by a factor of 2. For each step, we estimated the 95% 

https://www.merriam-webster.com/dictionary/iterative
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confidence interval and the dispersion of records. We subsequently fitted the records to Equation 6-4 

to estimate the parameters of each component. 

 

Figure 6-3: The workflow of estimating the uncertainty of the final velocity for each EW and NS 
component; the main task of the workflow is determining the factors of Equation (6-3). Subsequently, 
the equation can be used to estimate the uncertainty at each velocity location. 

 

6.3.5 Monitoring of Continuous Dune Velocities 

To better capture reliable and representative velocity measurements, the combination of a group of 

deformations into a single velocity is a common practice, especially while studying glaciers, where either 

the spatial-temporal median (Dehecq et al., 2015) or the simple average is employed to estimate one 
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velocity (Fahnestock et al., 2016). In dune studies, a single velocity map representing the average annual 

velocities over the observation period was introduced by Ali et al. (2020) and Ding et al. (2020b). They 

conducted the inversion of one rate solution for a group of images with different time separations. Here, 

we compared the performance of the two fusion methods to capture the final velocity representing the 

average annual rates over the dune field scale. The first is the least square inversion of the displacements 

(m) based on Equation 6-5. The second is applying the median fusion after normalizing the 

displacement into annual velocities (m/y) based on Equation 6-6. The final velocity was directly 

estimated for the fully stacked pixels to enhance the spatial coverage. However, for the partially stacked 

pixels, we set a threshold on the minimum number of maps to be present. Pixels with a presence level 

greater than the threshold were considered in the fusion process. We also tested the sensitivity of the 

two procedures for estimating the final velocity, as shown in Figure 6-2. First, we combined the EW 

and NS maps into two single velocities, subsequently retaining the final velocity by calculating the 

Euclidian norm. In the second procedure, we calculated the Euclidian norm of each map and then 

combined all the annual rates into a single velocity. The comparison between the two velocities (i.e., 

applying the Euclidian before and after the fusion) highlights the effect of the variability of velocity 

directions. 

 

𝑉𝑉�𝐼𝐼(𝑑𝑑, 𝑗𝑗) = (𝐴𝐴𝑇𝑇𝐴𝐴)−1𝐴𝐴𝑇𝑇𝐷𝐷, Equation 6-5 

𝑉𝑉�𝑀𝑀(𝑑𝑑, 𝑗𝑗) = 𝑀𝑀𝑃𝑃𝐷𝐷(𝑉𝑉(𝑖𝑖,𝑗𝑗,𝑡𝑡)), Equation 6-6 

 



Chapter 6. Large Spatiotemporal Monitoring of Complex Sand Sea  

 

190 

 

where 𝑉𝑉�𝐼𝐼(𝑑𝑑, 𝑗𝑗) is the final velocity (m/y) estimated by the inversion, 𝐴𝐴 is an M*1 matrix that includes the 

time separation between the master and slave of each pair, and D is the displacement (m) of each 

individual map. 𝑉𝑉�𝑀𝑀 is the final velocity (m/y) obtained by applying the temporal median fusion of the 

number of N velocities V(i,j,t), where V(i,j) can be retained by estimating the yearly displacement of each 

pair before applying the median fusion.  

 

6.3.6 Dune Velocities Directions   

The output of the matching process is three maps: EW, NS, and SNR. The first two maps represent the 

displacements in the east-west and north-south directions, respectively. These maps can be used to 

estimate the direction of dune migration measured with respect to the north based on Equation 6-7. 

After the mosaicking process, the final EW and NS velocities were used to estimate the prevailing dune 

migration directions. To better highlight the variability of the dune magnitudes and directions, we 

extracted sand roses over different locations of the North Sinai sand sea. We clipped a small region (10 

km × 10 km) around each point (Figure 6-1) and then refined the observations to discard pixels with 

velocities lower than one m/y, lower velocity vector coherence (< 0.65), and higher dispersion (>1.5 

m/y). To better estimate the average direction of the group of observations, we should consider that 

angles with records around 0˚ and 360˚ are both aligned toward the north. Therefore, applying a simple 

arithmetic mean would be misleading when estimating the average angles. To avoid the incorrect 

estimation of the average direction, we estimated the average direction for the surviving pixels of each 

region based on Equation 6-8. Following the same concept introduced by Baird et al. (2019), the term 

“degree of concentration’’ was defined to represent the consistency of the group of observations used 

to estimate the average direction. The degree of concentration can be estimated from Equation 6-9.  
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𝜃𝜃 = atan (𝐼𝐼𝐸𝐸
�����

𝑁𝑁𝐼𝐼����
), Equation 6-7 

�̅�𝜃 = 𝑅𝑅𝑡𝑡𝑅𝑅𝑅𝑅 (∑ (𝑠𝑠𝑖𝑖𝑛𝑛𝜃𝜃𝑖𝑖)𝑖𝑖=𝑚𝑚
𝑖𝑖=1

∑ (𝑐𝑐𝑜𝑜𝑠𝑠 𝜃𝜃𝑖𝑖)𝑖𝑖=𝑚𝑚
𝑖𝑖=1

), Equation 6-8 

𝐶𝐶𝑅𝑅 = 1
𝑛𝑛
��∑ (𝑠𝑠𝑑𝑑𝑅𝑅 𝜃𝜃𝑖𝑖)𝑖𝑖=𝑛𝑛

𝑖𝑖=1 �2 + �∑ (𝑐𝑐𝑜𝑜𝑠𝑠 𝜃𝜃𝑖𝑖)𝑖𝑖=𝑛𝑛
𝑖𝑖=1 �2, 

Equation 6-9 

where 𝜃𝜃 is the direction of migration at velocity location, 𝑃𝑃𝑊𝑊�����  is the final velocity in the east-west 

direction, and 𝑁𝑁𝐼𝐼���� is the final velocity in the north-south direction. 𝜃𝜃 � is the average direction and 𝑅𝑅 is 

the degree of concentration, where it ranges from 0 to 1. 

 

6.4 Results  

6.4.1 SNR Thresholds 

Figure 6-4 shows the relationship between the SNR threshold and MAD over stable areas and the SRs 

of the surviving pixels over the moving targets. We investigated the relationship between the variation 

in the SNR threshold at each 5% step with the MAD over stable records for all pairs of Landsat-8 in 

both the EW and NS directions. It can be observed that the MAD shows almost similar values with an 

upper limit around 0.8 m and a corresponding SNR threshold of 97.5% before reaching a lower limit of 

0.2 m. Conversely, the success rates record similar trends with an upper limit of almost 90% until the 

SNR threshold of 98%, after which the SRs start to decrease. These results highlight that selecting an 

SNR threshold of 97.5% would balance the MAD over stable records and the SRs over moving targets, 

ensuring good spatial coverage with lower uncertainties. These results are highly supported by the 

previous findings of Dehecq et al.(2015), who reported similar trends in the relationship between the 
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MADs, SRs, and SNR thresholds. However, the MAD values reported by Dehecq et al. (2015) reached 

an upper limit of 8 m in stable regions, which reveals the enhancement in the co-registration accuracy 

of Landsat-8 archives compared to the previous Landsat archives (5/7). Here, we set the SNR threshold 

to be 95% for all pairs included in the study.  

 

Figure 6-4: The relationship between the SNR threshold and MAD of stable records (blue axis), and 
between the SNR threshold and SRs (red axis). 

6.4.2 Matching Quality Vs. Time Separation   

Notably, determining a suitable time separation is a dilemma when matching two images.  As researchers 

have recommended the selection of short-time separations to avoid surface changes over time 

(Fahnestock et al., 2016). Conversely, the small-time separation increases the geolocation error fraction 

in the captured deformations. For the time series applications, researchers have combined the processing 

of short and long-time spans (Ali et al., 2020; Bontemps et al., 2018; Ding et al., 2020b). Here, we 

introduced a comparison between pairs with different time separations ranging from 32 to 1472 days 

matched with the same master image, as presented in Table 6-2. It can be observed that the MAD of 

stable areas, considered an indicator of geolocation errors, increases dramatically with the decrease in 

time. Notably, for pairs spanning at least one year and longer, the MAD values are lower than 0.5 m/y. 

This supports our selection of the pairs with a minimum time separation of one year, which is also 

consistent with previous recommendations (Dehecq et al., 2015; Scherler et al., 2008). Notably, the 

https://www.mdpi.com/2072-4292/13/18/3694/htm
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maximum time separation should be related and connected to the spacing between the dunes (Scheidt 

and Lancaster, 2013), the nature of migration in the area under consideration (Scheidt and Lancaster, 

2013), and the window size used in the correlation process (Ali et al., 2020; Ding et al., 2020b). However, 

the dependency on the short separation to capture the deformation may be effective, especially for 

targets with higher velocities or to capture the seasonal trends of the surface deformations. 

 

6.4.3 Fusion of Single Combined Velocities 

The final velocity was estimated from the individual displacements (m) and individual annual rates 

(m/y), depending on the least-squares inversion and median fusion, respectively. We applied the two 

procedures to test the sensitivity of the final velocity to changes in the fusion method. Figures 6-5 (A) 

and (C) show the final velocity obtained by applying the inversion and median fusion, respectively. 

Additionally, we tested the sensitivity of calculating the Euclidian norm before and after the fusion, as 

shown in Figures 6-5 (B) and (D). The final velocity was estimated at each location, where the fully 

stacked pixels were combined directly. The partially stacked pixels with the minimum number of pixels 

were considered in the fusion. The minimum number of individual pairs should be regarded as such 

that such a pixel in the fusion was set to 0.45-times its size, equivalent to 18 pairs as the lowest number. 

To better address the sensitivity of the different fusion methods, we extracted the histogram of the 

absolute differences between the inversion and median fusion, as shown in Figure 6-6 (A). It can be 

observed that the differences record upper limit of the range of 0.5 m/y with a median of 0.06 m/y 

reveals the similarity of the extracted velocity regardless of the fusion method. However, it can be 

reported that the median fusion shows higher values than the inversion fusion, as shown in Figures 6-6 

(A) and (C). 
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Additionally, we compared the differences between applying the Euclidian norm before and after both 

fusion methods. It can be observed that the medians of absolute differences are 0.33 and 0.27 m/y for 

the inversion and the median fusion, respectively. Notably, the difference between applying the 

Euclidian norm before and after the fusion indicates the variability of the velocity directions over the 

observation period. 

Table 6-2. The MAD of stable targets for different time separations (the same master was used with 
different slaves). 

Pair ID Master  Slave  TS 

(days) 

IWS FWS SS MAD  

of stable targets 

(m/y) 

1 2/11/2014 3/15/2014 32 64*64 32*32 4*4 4.44 

2 2/11/2014 3/31/2014 48 64*64 32*32 4*4 3.74 

3 2/11/2014 4/16/2014 64 64*64 32*32 4*4 3.42 

4 2/11/2014 5/18/2014 96 64*64 32*32 4*4 3.61 

5 2/11/2014 3/2/2015 384 64*64 32*32 4*4 0.32 

6 2/11/2014 3/4/2016 752 64*64 32*32 4*4 0.20 

7 2/11/2014 10/14/2016 976 64*64 32*32 4*4 0.18 

8 2/11/2014 12/17/2016 1040 64*64 32*32 4*4 0.18 

9 2/11/2014 2/3/2017 1088 64*64 32*32 4*4 0.13 

10 2/11/2014 2/22/2018 1472 64*64 32*32 4*4 0.10 
 

TS: Time separation, IWS: initial window size, FWS: final window size, SS: Step size  
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6.4.4 Mosaicking Velocity Fields  

Figures 6-7 (A) and (B) show the combination of the results from the four Landsat-8 frames 

representing the final dune velocities for the NSSS by the inversion and the median fusions, respectively. 

Notably, the fusion process was conducted after converting the frames to a standard UTM zone, 

whereas we used zone UTM 36N as a common projection frame. Notably, the mosaicking of the final 

velocities for such small regions similar to this sand sea would not pose a problem in unifying the 

standard projection compared to the mosaicking of a large number of frames (e.g., the 68 frames in the 

study of Dehecq et al., 2015). Thanks to the fusion, we successfully estimated the dune velocity over 

almost 98.8% of the dune areas. The mosaicking processes were conducted by merging the frames 

depending on the overlapping regions. We compared the dispersion values at the common locations; 

pixels with a lower dispersion were highly weighted in the mosaicking process. The maximum annual 

migration rates were 14.10 and 14.85 m/y for the inversion and median fusions, respectively. 

 

https://www.mdpi.com/2072-4292/13/18/3694/htm
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Figure 6-5: Final velocity comparisons. (A) The final velocity of dune migration, where the final 
velocity was estimated by first conducting the inversion method for each component separately and 
then estimating the Euclidian norm. (B) The final velocity by the inversion method but by estimating 
the Euclidian norm for each map before the inversion. (C) Similar to panel (A), where the temporal 
median conducted the fusion. (D) Similar to panel (B), where the temporal median conducted the 
fusion. The white background refers to the pixels with Nan values. 

 

Figure 6-6: Histogram of velocity differences between the different procedures employed to retain the 
final velocity. (A) Difference between panels (A) and (C) shown in Figure 6-5. (B) Difference between 
panels (A) and (B) shown in Figure 6-5. (C) Difference between panels (A) and (C) shown in Figure 6-
5. The dashed blue lines represent the median of each distribution. 

6.4.5 Uncertainty of Final Velocities 

This section describes the dispersion and the corresponding uncertainties of the final velocities, focusing 

on three regions as shown in Figure 6-1 as follows: the first region is east of the Suez Canal (32.60°–

32.75° E, 29.90°–30.20° N); the second region is east of Bitter Lake (32.5°–32.7° E, 30.45°–30.70° N); 

and the third region is between the two mountains (i.e., Gabel El Maghara and Gabel Yelleq; 33.2°–

34.1° E, 30.4°–30.8° N). Notably, the uncertainty occurred due to the poor co-registration accuracy and 

variability of the velocities of the moving targets (Dehecq et al., 2015). It can also be noted that the 

https://www.mdpi.com/2072-4292/13/18/3694/htm
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uncertainties are mainly a function of the dispersion and are somehow weighted by the number of 

individual velocities shared in generating the final velocities. Figure 6-8 shows the dispersion of the final 

velocities of the three regions estimated according to Equation 6-2. We estimated the median of 

dispersion values of the first two regions (over moving targets) for pixels with velocity values larger than 

0.5 m/y. The median dispersion values were 0.58 m/y and 0.64 m/y for regions 1 and 2, respectively. 

Furthermore, the extracted median dispersion values over the stable regions 1 and 2 (Figure 6-1) were 

0.12 m/y, and 0.14 m/y, respectively. The uncertainty of the final velocity was estimated as a function 

of the dispersion and the number of individual velocities included in estimating the final velocity. The 

number of pairs shared in estimating the final velocity ranges from 46 to 113 for the first two regions, 

while the third region belongs to the frame (P/175, R/39); the number of individual maps ranges from 

18 to 46. Maps of the number of individual maps shared in estimating the final velocity at each velocity 

location are shown in Supplementary Figure C1. Figure 6-9 shows the linear relationship between 

𝐿𝐿og ( 𝑀𝑀𝐼𝐼95
𝜎𝜎

) and Log  (𝑁𝑁) with a high degree of correlation. Notably, the relationship is affected by the 

low number of individual pairs, where for a lower number of individual maps ( i.e., < 5), the median is 

more prone to false estimation due to the divergence from the normal distribution (Dehecq et al., 2015). 

According to the previous discussion, because the threshold of our minimum number of individual pairs 

required to consider a particular pixel in the fusion process is approximately 18, we discarded the points 

with a minimum number below 10. Subsequently, we estimated the regression parameters, which are 

presented in Table 6-3. 
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Table 6-3. The parameters of the least-square regression of the relationship between the 95% 
confidence interval, the dispersion, and the number of individual velocities. 

 

 

Figure 6-7: The dispersion of the final velocity (i.e., median velocity). The dispersions for: A) region 1, 
B) region 2, and C) region 3 

 

Component 

  

Linear equation  𝑴𝑴𝑪𝑪𝟗𝟗𝟑𝟑 equation   # of 

points 

R 

EW 𝐿𝐿og ( 𝑀𝑀𝐼𝐼95
𝜎𝜎

 ) =0.4864−0.5567∗ Log(𝑁𝑁) 𝐶𝐶𝑀𝑀95(𝑑𝑑, 𝑗𝑗) = 3.065 ∗
𝜎𝜎(𝑑𝑑, 𝑗𝑗)
𝑁𝑁0.5567 

 

 

276238 

0.99 

NS 𝐿𝐿og ( 𝑀𝑀𝐼𝐼95
𝜎𝜎

 ) =0.3810−0.4669∗ Log(𝑁𝑁) 𝐶𝐶𝑀𝑀95(𝑑𝑑, 𝑗𝑗) = 2.404 ∗
𝜎𝜎(𝑑𝑑, 𝑗𝑗)
𝑁𝑁0.4669 

0.96 
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Figure 6-8: Combined annual rates for the North Sinai sand sea. The final velocity extracted from each frame was mosaicked together. A) The 
mosaicked final velocity by the inversion method. B) The mosaicked final velocity by the median fusion. The blue shapefile is the area of interest 
focusing on the North Sinai sand sea. The pixels over the water bodies were removed using the displayed mask. The mask was generated by 
intersecting the area of interest with the water bodies provided with the ASTER GDEM version 3 
(https://gdemdl.aster.jspacesystems.or.jp/index_en.html). The reference projection used is the UTM projection zone 36 N. The background is 
Google earth image © using the ArcMap software. 



Chapter 4. Optical image matching time-series selection and inversion (OPTSI) algorithm 
 

200 
 

Figure 6-10 shows the uncertainty of the final velocities over the previous three regions. It can be 

observed that the uncertainty reflects the same patterns of dispersion weighted by the number of 

individual velocities shared in generating the final velocity. Figure 6-11 shows the uncertainty 

distribution of the stable regions and the moving targets for Landsat-8 and Sentinel 2. The median 

uncertainties over stable targets are 0.07 and 0.08 m/y for stable regions 1 and 2, respectively. The 

median uncertainties of the dune areas are 0.25 and 0.24 m/y for regions 1 and 2, respectively. For stable 

region 1, the estimated median of the uncertainty for the final velocity extracted from the Sentinel-2 

solution was 0.04 m/y. For the moving targets, the median uncertainties are 0.19 and 0.15 m/y for 

regions 1 and 2, respectively. Notably, the uncertainty of moving targets over the same areas records 

lower values for Sentinel-2 than that for Landsat-8, which can be interpreted by the lower spatial 

resolution of Sentinel-2 (10 m) compared to Landsat-8 (15 m). Comparing our records of the median 

uncertainties over stable regions with those reported by Dehecq et al. (2015) shows that our extracted 

uncertainties of Landsat-8 fusion represent only 5%. In contrast, their median uncertainty over the stable 

targets was 2.0 m/y, which can be considered an indicator of the enhancement in the co-registration 

accuracy of the Landsat-8 archives compared to the previous Landsat archives (5/7). Additionally, the 

comparison reveals the potential of the pairs ‘selection and filtering procedure employed for the 

matching results. 
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Figure 6-9 : The linear relationship between the logarithm of the ratio between the 95% confidence 
interval of the records t95 and the dispersion (y- axis), and the number of individual velocities 
shared in estimating the final velocity (x-axis). 

6.4.6 Validation of Final Velocities Magnitudes and Directions  

Figure 6-12 shows the relationship between the final annual velocities extracted from the neighborhood 

Landsat-8  frames at common locations. Notably, there is good agreement between the records of the 

overlapping areas with Pearson correlation coefficients of 0.86 and 0.89 between path/row 175/38 and 

175/39 and path/row 175/39 and 176/39, respectively. Furthermore, we extracted the histogram of the 

absolute differences of the final velocities between each overlapping frames, as shown in Figure 4-12 

(C), where the medians of the absolute differences are 0.28 and 0.29 m/y for the difference between 

frames of path/row 175/38 and 175/39 and those of path/row 175/39 and 176/39, respectively. It can 

be observed that good agreement between the velocities from neighboring frames reveals the potential 

of the filtering procedures applied for all individual maps and sufficient orthorectification levels applied 

for the new mission of Landsat-8 over the frames covering our study area. Notably, the spatial gradients 

were reported before in the study by Baird et al. (2019) between the neighboring frames of Landsat-5, 

where the differences between the velocities of the overlapping frames were attributed to poor 

orthorectification performance, which can be interpreted by the poor distribution of the GCP used in 
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the orthorectification, where the majority of GCPs were located over sandy features. Baird et al. (2019) 

also reported that Landsat frames covering only dunes without any extensions of stationary reference 

points are more prone to orthorectification errors. According to the previous discussion, we agree with 

previous reports on the enhancement occurring in the orthorectification accuracy of Landsat-8 (Kääb 

et al., 2016). However, our study area has a good extension in the stable targets (i.e., mountains), which 

provides good orthorectification accuracy. Notably, a detailed investigation of the orthorectification 

performance and the distribution of the GCPs used in the orthorectification should be considered for 

Landsat-8 and Sentinel-2, especially for frames covering only movable targets.   

 

 Figure 6-10: The uncertainty of the final velocity (i.e., median velocity). The uncertainty for: A) 
region 1, B) region 2, and C) region 3. 
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Figure 6-11: The histograms of the uncertainty distributions for the stable and moving targets. Panels 
(A, B and C) show the histogram of the uncertainty distributions of stable regions 1 and 2 for Landsat-
8 and stable region 1 for Sentinel-2. Panels (D and F) show the Landsat-8 uncertainty distributions over 
moving targets of regions 1 and 2, respectively. Panels (E and G) are the same as (D and F) but for 
Sentinel-2. The red dashed lines represent the median of each distribution. 

The second step of the cross-validation is comparing the two independent solutions from the two 

sensors (i.e., Landsat-8 and Sentinel-2). Figure 6-13 shows the relationship between both the Landsat-8 

frames (P/175, R/39) and (P/176, R/39) and the Sentinel-2 frame (TR36VU) at the overlapping 

locations. The Pearson correlation coefficients are 0.85 and 0.89 between both the Landsat-8 frames 

(P/175, R/39) and (P/176, R/39) and the Sentinel-2 frame (TR36VU), respectively. The histogram of 

the absolute velocity differences shows medians of 0.50 m/y and 0.42 m/y for the differences between 

(P/176, R/39) and (TR36VU), and those between (P/176, R/39) and (TR36VU), respectively. It can be 

observed that the median of the differences between the overlapping Landsat-8 frames is smaller than 

that of the absolute velocity differences between the Landsat-8 and Sentinel-2 frames. Such 

discrepancies in the velocities This is considered reasonable and acceptable due to the different 

observation periods covered by the different sensors, where Landsat-8 frames covered the period from 
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April 2013 to April 2018, and Sentinel-2 covered that from Dec 2015 to Feb 2019. The comparison in 

terms of the velocity directions extracted from the different sensors is discussed in section 6.4.7. 

 

Figure 6-12: Cross-validation of the velocities at the overlapping areas of neighboring Landsat frames 
at the common locations. A) The relationship between the final velocity extracted from the two frames 
(P/175, R/39) and (P/175: R/38). B) The relationship between the velocities extracted from the two 
frames (P/175, R/39) and (P/176, R/39). C) The histogram velocity differences. 

6.4.7 Analysis of the Final Velocity Directions  

The NSSS is characterized by complex wind regimes, with wind varying its speeds and directions in both 

spatial and temporal domains. Wind speed is the most important factor affecting sand transport in 

different localities. The prevailing wind direction is from the northwest, north, and northeast (Bubenzer 

et al., 2020; Hermas et al., 2012). The effective wind speed is defined as the wind capable of carrying the 

sand particles, and ElBanna (2004) reported that the effective wind speed here is approximately four 

m/s. Regarding spatial variability, effective wind speeds are present in the western parts of the North 

Sinai sand sea than in the middle and eastern regions (Bubenzer et al., 2020). In terms of temporal 

variability, the effective NW winds are more frequent in winter and spring than in summer and autumn 
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(Bubenzer et al., 2020). Previous studies (ElBanna, 2004; Hereher, 2000) focused on analyzing 

meteorological station records to highlight the wind effect on sand transport. ElBanna (2004) and 

Hereher (2000) reported that the dominant migration direction is toward the east and southeast. 

 

Figure 6-13: Cross-validation of the velocities at the overlapping areas between Landsat and Sentinel-
2 frames at the common locations. A) The relationship between the final velocity extracted from the 
Landsat-8 (P/175, R/39) and Sentinel-2 (TR36VU) frames. B) The relationship between the final 
velocity extracted from the Landsat-8 frame (P/176, R/39) and Sentinel-2 (TR36VU). C) The 
histogram of the velocity differences between the two velocities displayed in panels (A) and (B). 

 

Figure 6-14 (A) shows the vector velocity fields of the dune migration at the NSSS over the observation 

period. Notably, the highlighted vectors were extracted from the COSI-Corr add-in modules, where the 

input was the final EW and NS velocities. These vectors represent the average migration directions at 

different localities of the sand sea. It can be observed that most of the vectors are aligned toward the 

east, which agrees with previous reports about the prevailing wind directions over Sinai (Bubenzer et 

al., 2020; Hermas et al., 2012). However, in some locations (i.e., east of the Suez Canal-the red rectangle 

in Figure 6-14 (A)), the migration directions are toward the south and southeast. These findings also 
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agreed with the previous reports about the migration direction in the east of the Suez Canal (Ali et al., 

2020; Bubenzer et al., 2020; Hermas et al., 2012). In accordance with the complexity of the wind regime 

in the NSSS, such variability in the dune migration directions is expected between the individual maps. 

To better address the consistency of the directions of the velocity fields, the velocity vector coherence 

was extracted, as shown in Figure 6-14 (b). Poor consistency can be observed over stable targets, which 

can be attributed to the residual co-registration errors. Conversely, the velocity vector coherence over 

the dune targets shows good consistency, which indicates the lowest degree of variability of the 

directions over the observation period. The higher VVC refers to the more significant consistency of 

the direction extracted from the individual pairs. Owing to the large extensions of deserts with the 

paucity of meteorological records, the directions extracted from the spatiotemporal solution are 

considered an effective alternative (Ali et al., 2020; Vermeesch and Leprince, 2012). To better represent 

the spatial variability of the dune migration magnitudes and directions. Figure 6-15 shows the sand roses 

of the final dune velocities of the displayed points in Figure 6-1. The sand roses were determined by 

extracting the magnitudes and directions of small regions (5 km × 5 km) around each location. Notably, 

no recent records are available at the metrological station sites in the NSSS, except for two stations (i.e., 

Bir-Elabd and El-Malease), where we relied on the Ali et al. (2020) reports of the wind records for the 

three years from 2013- 2015, we also have old wind records in the format of average monthly for three 

metrological stations as displayed in Table 6-4. We followed the same procedures as Baird et al. (2019) 

in estimating the average direction (�̅�𝜃) and the corresponding degree of concentrations (CR). We used 

the wind records employing Fryberger’s equation (Fryberger, 1979) to estimate the drift potential (DP), 

with the threshold velocity set at 4 m/s in accordance with previous reports. For the datasets available 

in the average monthly format, we estimated each season's average resultant drift direction (RDD) and 

the corresponding degree of concentration. In contrast, we estimated the average RDD from the three 



Chapter 6. Large Spatiotemporal Monitoring of Complex Sand Sea  

 

207 

 

available years for the datasets available in the average yearly format. Table 6-4 presents the average 

migration direction for each region extracted from the final velocity, the corresponding degree of 

concentration for each region, and the resultant drift direction at the location of the meteorological 

stations obtained from previous studies. It can be observed that the degree of concentration ranges from 

a lower limit of 0.859 at point G and an upper limit of 0.987 at point F, which corresponds to maximum 

direction differences of approximately 60° and 17.5°, respectively. For points B and F, we compared 

the prevailing directions from the final velocities of Landsat-8 and Sentinel-2. The differences between 

the prevailing directions were approximately 12° and 0° for points B and F, respectively. These 

significant differences in the directions estimated at point B can be attributed to the different 

observation periods covered by Landsat-8 and Sentinel-2. However, almost no difference was recorded 

at point F regardless of the observation period, which can be interpreted by the different nature of the 

dune migration based on the dune morphology. To better understand the variability of directions among 

the different pairs, we estimated the median VVC of the regions around points B and F, which were 

0.72 and 0.88, respectively.  
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Figure 6-14: A) The dominant migration directions covering the entire NSSS displayed as vector fields. 
These vector fields were extracted from the add-in module in COSI-Corr. This map was generated by 
setting 100 pixels with sliding window sizes and 25 pixels with step sizes. The red rectangle outlines 
where the dune migration is toward the south B) The VVC of the velocity directions.   

The VVC indicates the variability of directions through the pairs used to estimate the final velocity, 

where values approaching one are considered consistent. The homogeneity decreases with a decrease in 

this velocity coherence. The Fryberger equation has been used to determine sand transport drift 

potential, with threshold velocities varying with grain size in the dune field. In our study area, the 

threshold velocity is fixed at 4 m/s (ElBanna, 2004). It can be observed that the values of the RDD 

record large differences between different seasons at the same metrological station. In addition, the 

RDD varies spatially between different metrological stations. Temporally, it can be observed that the 

RDD varies between the old and current wind records. The above observations agree with the previous 

reports on the spatiotemporal variability of wind regimes over the sand seas and support the differences 

between the prevailing directions extracted from the Landsat-8 and Sentinel-2, especially at the EL -

Malease station. In addition, the differences between the matching results and the RDD values are to 

be expected; however, we found that the difference between the RDD estimated from the current wind 

data (i.e., 2013-2015) and prevailing directions obtained from Landsat-8 at the Bir El-Abd station 

location record a value of 4 degrees. The preceding discussion demonstrates the inhomogeneous nature 

of the wind regimes in the NSSS. It supports the potential of the results coming from the matching 

solution in terms of wind directions. 
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Figure 6-15: Sand roses extracted from the final velocity magnitudes and directions over different localities in the North Sinai sand sea. The different 
letters represent the different locations displayed in Figure 6-1. 
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Table 6-4: The prevailing migration directions of the different localities across the sand sea. 

Poin

t ID  

Metrologic

al station 

name  

Coordinates Prevailing 

direction 

from Landsat-8   

Degree 

of 

concent

ration  

Resultant drift direction from wind records 

Latitude  Longitude Perio

d 

Season  Prevailing 

direction  

Degree of 

concentratio

n 

A El kantara 

shark 

 
   

19
97

-2
00

2#
 

  

Spring 156°04'03.20'' 0.853 

Summe

r 

170°42'58.58'' 0.993 

30° 35' 14.93" N 32° 24' 55.33" E 66° 06' 25.84" 0.910 

    Autum

n 

178°09'59.19'' 0.999 

Winter 101°07'41.07'' 0.997 

B  

 

 

EL-Malease 

30° 49' 48.16" N 32° 25' 46.90" E  

 

61° 37' 52.02"  

0.944 

19
81

-2
00

2#
 

  

Spring 117°16'34.55'' 0.899 

Summe

r 

168°48'03.91'' 0.998 

49° 12' 56.86" * 0.900 Autum

n 

147°17'36.13'' 0.736 
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Winter 109°00'01.88'' 0.995 

2013-2015** 97°22'54.30'' 0.984 
 

 
  

 

 
 
 
 
  

 

19
97

-2
00

0#
 

  

Spring 109°37'33.34'' 0.877 

Summe

r 

158°56'08.66'' 0.977 

C Bir El-Abd 30° 33' 27.81" N 32° 56' 56.36" E 91° 15' 06.99" 0.980 Autum

n 

153°25'17.68'' 0.319 

      Winter 98°26'28.30'' 0.971 

2013-2015** 87°38'08.32'' 0.960 

D EL-Arish 30° 53' 19.18" N 33° 04' 15.80" E 57° 03' 39.61" 0.985  

E - 31° 02' 57.39" N 33° 44' 59.18" E 87° 08' 25.97" 0.980 

F - 30° 32' 57.98" N 33° 26' 28.51" E 173° 20' 29.58"  0.986 

173° 19' 00.67" * 0.987 

G - 30° 04' 51.75" N 32° 45' 18.91" E 92° 43' 10.48" 0.859 

H - 30° 59' 31.27" N 34° 17' 22.31" E 80° 49' 24.52"  0.981 
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I - 30° 43' 42.31" N 32° 51' 12.32" E 102° 26' 56.10" 0.973 

J - 30° 39' 44.60" N 33° 51' 35.77" E 91° 24' 15.14" 0.984 

K - 30° 34' 10.52" N 33° 35' 38.51" E 63° 27' 11.39"  0.986 

L - 30° 52' 35.54" N 33° 54' 35.65" E 84° 13' 23.16"  0.977 

  
*Records estimated from the Sentinel-2 solution  
**The wind records are available in the format of the average annual form  
# The wind records are available in the format of average of each month over the mentioned period separately.  
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6.5 Discussion  

6.5.1 Spatiotemporal Variability of Dune Velocities Magnitudes  

Dune velocities in the NSSS are characterized by spatial variability in both the temporal and spatial 

domains owing to the different activities of the effective winds, sand supply, and vegetation cover. To 

better address the variability of the estimated dune velocities among the individual pairs, we extracted 

six regions distributed over different locations across the NSSS (Figure 6-1). Pixels with velocities lower 

than 0.5 m/y were discarded and considered interdunal areas. We estimated the geometric mean for all 

surviving pixels belonging to the selected regions for each pair. Figure 6-16 (A) shows box-whisker plots 

highlighting the variability of the active dune velocities between the different pairs. The median of the 

geometric mean of the individual annual rates is displayed as a horizontal red line. 

Additionally, we trimmed the final velocity (i.e., the median velocity) at the six regions and similarly 

estimated the geometric mean, as shown in Figure 6-16 (B). Notably, the geometric mean estimated 

from the final velocity solution of the six regions shows lower values than the median of the geometric 

mean of the individual pairs; however, almost the same trend can be observed. It can be observed that 

region 2 (east of the Suez Canal) records the highest median of the geometric mean for the individual 

pairs, where the median is almost three m/y. It has been reported that the dune on the Sinai side is 

relatively more active than those on the Negev side, whereas the Negev side appears darker than the 

Egyptian side (Hugenholtz et al., 2012). The Egyptian side experienced activities that affected the 

vegetation cover, such as overgrazing, wood grazing, and trampling, whereas these activities are mainly 

prohibited on the Negev side (Ashkenazy and Shilo, 2018). Regions 5 and 6 are east and west of the 

Sinai-Negev border. It can be observed that the median of the geometric mean of regions 5 and 6 

records almost similar values in order of 1.5 m/y; however, in the previous reports, regardless of the 

relative stability of the dunes on the Negev side. This may be attributed to the medium resolution 
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imagery experienced problems concerning the discrimination between the vegetation and sands. In 

contrast, such small details concerning dune activities can be achieved by employing high-resolution 

imagery. 

Figure 6-16: A) Box-whisker plots highlighting the variability of the annual rates extracted for the six 
regions. The red horizontal line represents the median value, wherein the red points refer to the 
outliers. B) Bar chart representing the median of the geometric mean of the final velocity (i.e., the 
median velocity) for the six regions. 

6.5.1 Spatial variability of dune velocities along transects  

We extracted the net displacement from the fusion solution for both Landsat-8 and Sentinel-2 solutions 

through three profiles as follows: 1) profile passes through a group of linear dunes with a total length 

of 11km, 2) profile pass through one selected linear dune with a total length of 6.5 km, three profile 

pass through a group of barchan dunes with a total length of 11 km. The locations of the three transects 

are shown in Figure 6-1. Figure 6-17 shows the spatial variation of the net displacements for the three 

transects passing through different morphologies. Interestingly, the same patterns were captured by 

both solutions (i.e., Landsat-8 and Sentinel-2). For panels (A and D), it can be observed that almost 
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same patterns of migration through the group of linear dunes where the maximum displacement of the 

crest lines ranges from 2.0 m/y to 6.2 m/y. 

Additionally, no significant difference was observed between the values extracted from Landsat-8 and 

Sentinel-2. Interestingly, it can be noticed that the highest net migration rates almost occurred at the 

same location. For panels (B and D), the migration rates through one selected linear dune. The third 

transect passes through a group of barchan dunes, and recorded crest migration rates range from 1.5 

m/y to 2.5 m/y for both Landsat-8 and Sentinel- solutions. The correlation coefficient between the 

values recorded by both solutions for the three profiles recorded 0.98,0.99,0.96 for profiles 1,2, and 3, 

respectively. 

Table 6-5: geographic information of the three transects extracted to compare Landsat-8 and Sentinel-
2  

 

Transect  Discerption  Starting point Ending point length 
(m) 

Azimuth   Correlation  

X (m) Y (m) X (m) Y (m) 
 

Deg 
 

Profile 1  Passing 
through a 
group of 
linear dunes  

490624.854 3384407.57 501346.538 3383612.52 10751.122 94°14´57.07´´ 0.98 

Profile 2 Passing 
through 
selected 
linear dunes  

456082.704 3362545.99 467594.776 3361549.76 11555.098 9494°56´45.36´´ 0.99 

Profile 3 Passing 
through 
barchan 
dunes  

471252.194 3340583.6 472225.969 3334379.49 6280.0652 171°04´47.40´´ 0.97 
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Figure 6-17: Migration rates of dune migration across three transects passing through different morphologies as follows: (left) group of linear dunes, 
(Middle) pass through one of the linear dunes, and (Right) passing through a group of barchan dunes. The top and the bottom rows are for Landsat-
8 and Sentinel-2 final velocities, respectively. The envelope of each profile represents the uncertainty of the final velocity.   
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6.5.2 Comparison between the Combined Annual Rates and Individual Annual 

Rates 

To assess the contribution of the fusion process, we compared the results extracted from the individual 

pairs and from the fusion process for the Landsat-8 frame (P/175, R/39). The comparison was 

conducted regarding the MAD over stable targets and the SRs recorded over moving targets. Figure 6-

18 compares the individual pairs and the final fusion velocity. It can be observed that the SRs range 

from a lower limit of 40% to an upper limit of up to 97%. The SR of the fusion process is almost 100% 

for both the median and inversion fusions. Figure 6-18 (B) shows the individual pairs' MAD values, 

where the MAD values' lower and upper limits are 0.18 and 1.30 m/y, respectively. 

Similarly, those for the fusion process are 0.37 and 0.48 m/y for the inversion and the median fusions, 

respectively. Notably, the MAD of the fusion is not the lowest in comparison to the individual pairs; 

this can be attributed to the quality of the individual pairs due to the selection procedure, filtering 

process, and enhancement in the co-registration and the orthorectification accuracy for Landsat-8. 

Furthermore, the previous fusion work of Dehecq et al. (2015), employing the archives of Landsat (5/7), 

showed mean MAD values of 5.50 m/y, and the fusion reduced this value to 1.40 m/y. The comparison 

between the fusion of Landsat-8 and Landsat (5/7) shows the improved performance of Landsat-8, 

where the MAD of the final velocity is four times lower than before. 
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Figure 6-18: A) SR comparison between the individual pairs and the fusion; the pairs were arranged 
according to the record of the SRs; the last black bar represents the fusion. B) The relationship 
between the MAD over stable targets for the individual pairs and the fusion (the black bar: inversion 
fusion; rose bar: median fusion).   

6.5.3 The Potential of Fusion Procedure in Monitoring the Earth Surface 

Deformation  

Notably, the fusion of individual pairs to have a single velocity would help fill the gaps encountered 

after discarding the outliers through extensive filtering processes and thus decreases the uncertainty. 

The fusion of the individual annual rates is considered a common practice in glaciology studies, where 

they depend on the following techniques: 1) the spatiotemporal median to retain the final velocity 

(Dehecq et al., 2015) and 2) stacking and averaging the individual velocities (Fahnestock et al., 2016). 

Notably, the median as a statistical parameter is less sensitive to aberrant outliers and would enhance 

the filtering of outliers remaining from the primary filtering steps (Dehecq et al., 2015). The application 

of the spatiotemporal median fusion to determine one combined velocity was employed in the study by 

Dehecq et al. (2015), wherein they combined the full archives of Landsat (5/7) to introduce large-scale 

velocities of the Pamir-Karakoram Himalaya. Spatial median fusion requires careful selection of the 
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window size of the spatial window for the median filtering, and several factors control the selection of 

the spatial window size, including the number of available pairs, size of the glaciers, and nature of the 

spatially changing velocities. The stacking and averaging of individual velocities were conducted in the 

study by Fahnestock et al. (2016), wherein the monitored the rapid change of the glacier velocity by 

matching the pairs spanning16-96 d. In the averaging step, they applied a weighted average based on the 

time separation, where they applied lower weights for pairs with time gaps of 16 days and higher for 

those spanning more than 48 days. Recently, Ali et al. (2020) and Ding et al. (2020b) introduced the 

average annual rates to represent the dune field scale dynamics extracted from several Landsat-8 and 

Sentinel-2 pairs with different time separations by the inversion of matching results. The single 

combined velocity (e.g., the median velocity) can be conducted by employing two procedures: 1) 

estimating the velocity (m/y) of each pair by estimating the Euclidian norm and subsequently combining 

the velocities into a single velocity; 2) combining the velocities of EW and NS directions to obtain the 

final combined velocities in both directions (i.e., EW and NW), and subsequently estimating the 

Euclidian norm. It seems that no change would occur between the two procedures; this can be 

considered valid when there is no change in the direction of the target among the pairs through the 

observation periods. As the dynamic dune system is tightly coupled with the wind energy, some dune 

fields are characterized by the variability in the wind speed and direction regimes; for example, this sand 

sea leads to variability in the dune migration direction and can thus affect the net migration magnitudes. 

Applying the two procedures for estimating the final velocity helps conclude the directional variability 

by estimating the VVC. It is worth noting that the inversion and median fusion capture similar migration 

trends with relatively higher values for the median fusion. The median fusion allows us to estimate the 

dispersion and the uncertainty at each velocity location. Thanks to the high temporal resolution offered 

by both Landsat-8 and Sentinel-2 satellites, this would provide a large number of images facilitating the 

selection of a sufficient number of individual pairs covering a shorter period (i.e., one year) with a higher 
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quality (i.e., less cloud cover and fewer differences in sun angles). This can be achieved by matching 

images from different sensors with different radiometric extensions. The wise selection of the 

parameters to be adjusted to ensure good quality matching is necessary (Necsoiu et al., 2009). 

6.5.4 Different Combination Procedures Lead to Different Results  

It is worth mentioning that applying different procedures to represent the average migration rates at the 

dune filed scale leads to different results. In addition, excluding the interdune areas from the calculation 

affect the migration rates of the active aeolian features. Moreover, the application of the geometric mean 

differs from the normal arithmetic mean, as Barid et al. (2019) reported. This study applied the fusion 

of group of individual velocities depending on two fusion methods. Additionally, we compared the 

fusion of the individual velocities for each component's first and subsequent application of the 

Euclidean norm to the application of the Euclidean norm first to estimate the magnitude of the velocity 

and subsequent application of the fusion to better highlight the suitable procedure to be followed. The 

comparison was held between the different fusion methods in terms of the standard deviation of the 

measurements over stable targets. The measurements from the stable region (SR2, see Figure 6-1) were 

clipped. Then the standard deviation was for each fusion method for each component separately (i.e., 

EW and NS) and the fusion of the final magnitudes. Around 11*106 observations were extracted, 

whereas the mean value of each component was almost zero with a standard deviation of almost 0.13 

m/y, the mean value of similar observations resulting from the fusion of final velocity was almost 0.32 

m/y with a standard deviation of 0.20 m/y. Similar findings were observed for the median fusion, 

whereas the fusion of the magnitude velocities recorded slightly higher values of 0.34 m/y with a 

standard deviation of 0.22 m/y. This ascertains the previous findings that the median fusion tends to 

slightly overestimate the results in comparison to the inversion fusion; however, this increase can be 

considered insignificant. For the best practice of the fusion, the results showed that the fusion of each 
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component first and subsequent application of the Euclidian help to decrease the errors of the 

measurements over stable records. Therefore, the dependence on the analysis of each velocity 

component is highly recommended, especially when dealing with targets with speeds comparable to the 

measurement noises.  

6.6 Summary 

In this chapter, we introduced a method for full coverage of dune velocities in the NSSS by employing 

the matching results of Landsat-8 images belonging to four frames. Firstly, we selected images with low 

cloud cover to ensure the good quality of the matching measurements. Secondly, we paired images with 

fewer differences in sun angles and spatial baselines and spanning at least one year. Pairs with less sun 

differences would decrease the cast shadows encountered in the deformation fields, and a time span of 

one year would help decrease the likelihood of a large fraction of geolocation errors. Selecting pairs with 

low spatial basslines would help decrease the stripes artifacts in the deformation fields. Thirdly, we 

combined the individual displacements (m) and annual rates (m/y) using the least-square inversion and 

median fusions, respectively. In principle, combining groups of matching measurements helps decrease 

the uncertainty in the final solution and enhances the spatial coverage. Notably, no significant 

differences were observed between the two fusion methods when comparing the final velocities. We 

also compared the differences between the velocities that come from applying the Euclidean norm of 

each map and then performing the fusion and using the fusion of each velocity component (i.e., EW 

and NS) and then using the Euclidean norm. We found such significant differences are present, where 

the median of the absolute differences records 0.5 m/y, which can be attributed to variability in the 

velocity directions over the observation period. In dune studies, the dependence on the direction to 

discard the aberrant measurements is not feasible due to the variability of the dune migration with the 

wind regimes. The final velocities were combined for each Landsat-8 frame, relying on the overlapping 
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areas between the frames. No spatial gradients were observed between the estimated velocities at 

common locations, where the velocities of neighboring frames were highly correlated. The good 

agreement between the neighboring frames reveals the satisfactory orthorectification accuracy of the 

Landsat-8 images, performance of the selection criteria, and fusion in capturing consistent results. 

Fusion allowed us to cover approximately 98.8% of the dune area in the NSSS. 

We estimated the 95% confidence interval of the final velocity (i.e., the median velocity) at each velocity 

location, wherein we calibrated the results over stable regions to establish the relationship between the 

dispersion, 95% confidence interval, and the number of individual maps shared at each pixel location. 

The average 95% confidence interval recorded velocities of 0.1 and 0.25 m/y for stable and moving 

targets, respectively. The uncertainty of stable targets would highlight the enhancement in the co-

registration accuracy compared to the previous Landsat missions (5/7). Owing to the paucity of field 

measurements, we cross-validated the final velocity from Landsat-8 with that from Sentinel-2. A high 

correlation was recorded, and the median of the velocity changes was in the order of 0.5 m/y. To better 

represent the spatial variability of the dune migration magnitudes and directions, we extracted sand roses 

at several locations distributed over the NSSS. We estimated the average direction of each region and 

the corresponding degree of concentration. We also extracted the velocity vector coherence as an 

indicator of the consistency of the velocity vectors. The fusion method applied here enabled the large-

scale monitoring of the spatiotemporal variability of the dune in the NSSS with lower uncertainties. This 

method is highly recommended for monitoring the dune velocities and is considered an indicator of the 

activity status of the dune over a certain period; however, high-resolution monitoring from high-

resolution images may be required to extract the detailed patterns of dune movement.
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Chapter 7. Conclusions and Looking 
Forward

7.1 Conclusions 

This thesis has focused on monitoring dune activity using remote sensing techniques and developed 

a method that provides quantitative measurements of dune velocities with high spatial coverage, high 

reliability, and dense temporal coverage. RS data and SA techniques have significantly contributed to 

dune studies in two main respects: characterization of dune activity and dune patterns and hierarchies. 

OICC is considered one of the most robust techniques used in the literature to monitor dune 

migration, especially after the introduction of COSI-Corr software. Despite the potential of the 

matching algorithm in providing subpixel measurements of the earth's surface up to 1/10 of the pixel 

size, few studies have employed this procedure to monitor dune migration in terrestrial dune fields. 

The dependency on the dune velocities, magnitudes, and directions from the OICC with high spatial 

coverage and high reliability can be used as a proxy for wind observation, especially in the vast deserts 

where no metrological stations are available.  The availability of free optical image archives with high 

spatial resolutions, short repeat times, extended spectral ranges, improved co-registration accuracy, 

and orthorectified images motivated this thesis to develop a comprehensive OICC matching method 

to address existing gaps as follows: 

 The first phase of this research presented in Chapter 4 detailed the OPTSI algorithm, which 

constrains the uncertainty of the matching results by applying a selection scheme based on 

limiting the matching baselines according to their effect on uncertainty and by maintaining the 

arrangement of the matching network to ensure the stability of the inverted results. The OPTSI 

algorithm is considered a simulation of the SBAS method used in InSAR analyses and an 

extension to the studies that employed the inversion of the full network of matching 
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measurements. An empirical test was performed to test the relationship between the OICC 

baselines and the OPTSI algorithm exploits the redundancy of offset measurements different 

from the existing time series used in previous dune studies with a few dozen images by 

performing the adjacent matching of images. Additionally, compared to the inversion of full 

network, OPTSI algorithm after selecting images with low cloud cover, constructs network from 

high-quality pairs with low differences in solar angles and considers the network connectivity. 

However, the full network provides high redundancy level to help decrease the signal to noise 

ratios, there are some limitations as follows: 1) high computational cost especially when working 

with free archives with high revisit time, 2) the presence of seasonal signals and temporal 

decorrelation which affect the inversion results, and 3) targets with uniform albedo and 

topographic fluctuations may lead to false displacement. The algorithm's performance was 

evaluated in terms of uncertainty reduction and spatial coverage preserving, offering the 

advantage of low data overheads when coupled with free image archives.  

 The second phase of this work introduced a method to condense the temporal sampling of the 

time series to help monitor the fast-moving targets without the burden of having significant 

geolocation errors. The condensing time series was conducted by integrating the offset 

measurements from Landsat-8 and Sentinel-2 before the inversion. The method was applied to 

monitor the temporal evolution of the fastest barchan dunes in the Bodélé Depression, Chad. 

This area was selected for three reasons: (1) to test the performance of the OPTSI algorithm in 

capturing the temporal evolution of dune migration in one of the world’s hotspots of dust 

production; (2) to demonstrate the ability of the OPTSI algorithm to generate time-series data 

with high spatial coverage and highlight its potential compared to existing time series from 1984–

2010; and (3) to test the performance of the fusion between two sensors in providing dense time 
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series without increasing the data load, especially in regions prone to the high cloud. Based on 

the evidence presented, the OPTSI algorithm shows excellent performance when monitoring 

the temporal evolution of migrating dunes, offering a high degree of reliability and broad spatial 

coverage. 

 The third phase of this research was presented in Chapter 6, in which criteria were established 

to select image pairs with small variations in solar angles (i.e., solar elevation and azimuth), small 

spatial baselines (< 250 m), and temporal spans greater than one year. These selection criteria 

result in high-quality pairs with a low probability of contamination by shadowing, lower 

contamination by stripe artifacts, and guaranteeing that the transformation of displacements to 

annual rates is not significantly affected by matching noise and geolocation errors. The 

combination of high-quality displacements/annual rates, using either the inversion or the 

temporal median, significantly reduces uncertainty and improves spatial coverage, with the 

median combination tends to overestimate the solution. Combining the velocities from each 

component (i.e., E–W and N–S) and then applying the Euclidean norm was shown to yield an 

optimal solution, especially when the velocity of the targets approaches the noise level of the 

matching procedure. Thanks to the combination of individual velocities, the following metrics 

were successfully derived: (1) annual dune migration velocities were estimated for almost 98% 

of the North Sinai Sand Sea, and (2) uncertainty in the estimates was spatially estimated for all 

pixels after obtaining calibration models based on stagnant targets, and (3) velocity vector 

coherence (VVC) was determined at each pixel location, denoting the directional variability 

between individual matched measurements. Applying this selection method and combining 

individual matching measurements would help capture dune velocities magnitudes, and 
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directions, and the variability of individual magnitudes and directions helps understand the wind 

regimes, especially where no metrological stations are present.   

Based on these three stages of research, the key findings of the thesis can be summarized as follows:  

1. The baselines associated with OICC can be defined as radiometric baselines, including the 

solar azimuth and elevation differences between the two images, the temporal baseline, and 

the spatial baseline. These baselines are weighted according to their effects on the 

uncertainty of the matched measurements, i.e., the sun elevation difference, suns azimuth 

difference, temporal baseline, and spatial baseline. 

2. The OPTSI algorithm limits all sources of error from the beginning of the workflow by 

selecting images with low cloud cover and matching pairs with small variations in solar angles. 

Nevertheless, seasonal variations still occur in time series due to the nature of dune 

movement as controlled by the prevailing wind regimes. 

3. The filtering effect helped decrease the uncertainties of pairs on average by 25 % in both 

directions for both Landsat-8 and Sentinel-2, whereas the inversion decreased the 

uncertainties on average by 29 % in both directions for both Landsat-8 and Sentinel-2 

4. The OPTSI algorithm is suitable for application for free archives having high temporal 

frequency (i.e., 5 days) and provide broad spatial coverage, and low data burden.  

5. OPTSI algorithm can monitor fast moving targets with high temporal sampling (i.e., weekly 

time scale) without the burden of having significant geolocation errors compared to the 

adjacent matching. The fusion of offset maps from two or more sensors before inversion is 

considered promising for densifying temporal sampling, especially in locations where the 

images are more likely to be contaminated by clouds or haze.  
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6. Dunes differ in nature from other targets, such as glaciers and landslides, as wind conditions 

control their movement patterns, which can vary spatially and temporally. Consequently, the 

application of filtering procedure of the matching measurements based on direction is 

limited compared to glaciers and landslides, whose movements are determined by 

gravitational direction. 

7. The combination of different matching measurements allows capturing dune velocities 

magnitudes and directions with high reliability and spatial coverage. The combination of 

matching measurements from different matching pairs provides high reliability, especially in 

the case of the direction of movement. Such measurements can be considered (1) as a 

substitute for wind observations with high spatial resolution, especially in vast deserts, since 

there are few measuring stations, and (2) to estimate the areas of encroachment by active 

areas, which are considered indicators of dune activity status and potential desertification 

hazards. 

7.2 Research Contributions  

The main contribution of this research can be viewed from two perspectives: academic, and 

methodological, and practical. First, from an academic perspective, this research fills the research gaps 

related to establishing large spatiotemporal monitoring of dune motion at large spatial and long temporal 

resolutions exploiting high redundancy levels. Second, from a practical point of view, this research 

provides a comprehensive framework that utilizes freely available optical images (i.e., Landsat-8 and 

Sentinel-2) along with the inversion of optical image matching to exploit high degree of redundancy to 

monitor the temporal evolution of dune motion. The methodological contribution of this research work 

can be summarized as follows:  
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 The baselines associated with the optical image-matching process were defined, and the relationship 

between the baseline values and the measurement uncertainties of stable regions was investigated 

for the first time through an empirical test exploiting the large extension of mountains in the study 

region. The results of the empirical test help to weigh the baselines based on its effect on the 

measurement uncertainty as follows: sun azimuth differences, sun elevation differences, temporal 

baseline, and spatial baseline. 

 Since the filtering process is of great importance in capturing reliable matching measurements, a 

comprehensive filtering engine was executed in MATLAB code including five main modules. The 

filtering process showed that it can contribute to reduce the uncertainty on average up to 25 %.  

 SBAS-based OICC algorithms were developed to monitor the temporal evolution of dune 

movement on the Earth's surface. In this algorithm, the matching measures are inverted from 

selected pairs referred to as the "optical image matching selection and inversion algorithm (OPTSI). 

OPTSI algorithm is mainly proposed to maintain the quality of the selected pairs to limit the 

presence of seasonal signals, cast shadows, and decrease the temporal decorrelation. The algorithm 

is considered an extension of full network inversion introduced in the study, whereas it outperforms 

in data overhead, uncertainty control, and spatial coverage. As shown in Figure 7-1, the main 

contributions of the OPTSI algorithm are as follows:  

 The OPTSI algorithm is considered suitable for free archives that provide dense temporal 

sampling up to five days, whereas establishing the full network from the free archives is 

considered time-consuming and data intensive. 

 OPTSI algorithm provides high redundancy of matching measurements to be used in the 

inversion to solve the mean velocity between adjacent time epochs. The redundancy of the 
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solution provided with the OPTSI algorithm help to avoid the disadvantages of the adjacent 

matching scheme, such as loss spatial coverage, high solution uncertainty, and a large 

fraction of geolocation error when monitoring fast-moving targets.  

 OPTSI algorithm considers paring images with low sun angles differences to control the 

cast shadows and the seasonal signals. Additionally, the algorithm considered controlling the 

temporal baseline to help decrease the temporal decorrelation. 

  OPTSI algorithm only elect pairs with fewer sun angles difference which is more important 

to ensure high-quality correlation maps especially for targets with unform albedo (i.e., dunes) 

and with apparent topographic fluctuation.  

 OPTSI algorithm considers the selection of images with low cloud cover to control the 

uncertainties; however, in the tropical regions in the wet seasons or the regions exposed to 

haze or dust, the number of images is inherently limited and affected the temporal sampling 

of the time series. 

 For slow-moving targets that require a long-time separation to allow monitoring real 

deformation, this would affect the temporal sampling of the time series.  

 For fast moving targets that require short time separation to preserve the surface 

changes, matching pairs with short time separation would be more susceptible to 

geolocation errors.  

 Therefore, the fusion between offset measurements from different sensors would help 

condense the temporal sampling up to a weekly time scale. 
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Figure 7-1 : Schematic graph shows the main contributions of the optical image matching selection and 
inversion algorithm 

 The combination of the matching measurements enables monitoring of dune migration rates with 

high confidence, representing average migration rates and directions over a set period. The 

uncertainty in dune velocities can be estimated for moving targets thanks to the calibration of 

velocities over stagnant targets. Furthermore, the selection procedure and the combination of 

individual velocities help estimate the magnitude and direction of dune migration with a high degree 

of confidence. Additionally, the estimated measurement uncertainty for all moving targets (i.e., 

dunes) can be used to illustrate the variability of the dune migration between the different matching 

pairs and the corresponding variability in the wind regimes. The combination of different matching 

measurements provides the following benefits: 
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 Dune velocity magnitudes and directions can be determined with high reliability. 

 The uncertainty representing the variation in dune velocity between different offset 

measurements can be determined reflecting the variability in wind regimes.   

 Velocity vector coherence (VVC) for the combined velocities can be estimated, representing 

the variability in the direction of migration between different offset maps. 

Overall, the research presented in this thesis contributes to the application of RS imagery for dune 

monitoring, especially concerning the characterization of dune movement and surface changes. The 

OPTSI algorithm provides a valuable new tool for monitoring the evolution of Earth's surface 

deformation (including glaciers and landslides as well as dunes) with the benefits of high spatial coverage, 

low uncertainty, high temporal resolution, and low data overhead 

7.3 Looking Forward 

In this thesis, we have introduced a procedure for monitoring the temporal evolution of dune 

movement and can be applied to monitor Earth surface deformation employing the free optical 

image archives. Despite the advances presented and the algorithms introduced, many questions 

require further research attention. Some possible avenues for future work are outlined as follows:  

• As COSI-Corr is considered a robust technique for detecting the horizontal displacement of 

dunes, it would be advantageous to apply the developed OICC approach to study dune 

migration patterns in different dune fields and establish relationships between dune migration 

rates and key pattern matrices such as height, spacing, and width. 

• The OPTSI algorithm can be applied in different dune fields (e.g., slow-moving dunes in Great 

Kobuk Sand Dunes (GKSD) to test its performance and adjust its variables according to the 
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movement patterns and environmental conditions. For example, slow-moving targets require 

matching images with long-temporal separation to guarantee that a sufficient amount of 

movement occurred between the two acquisition epochs. Therefore, pairs with short temporal 

baselines would not be feasible for monitoring such targets. Accordingly, applying the algorithm 

to slow-moving targets should be done carefully to ensure the best fitting of the baselines 

according to the investigated temporal patterns. The optimal selection of parameters should 

ensure that the algorithm will be best suited to monitoring the temporal changes without losing 

vital information. 

• Integrating topographic information from DEMs with migration rates from OICC to estimate 

the spatiotemporal variability of sand flux which is considered one of the most representative 

variables of dune activity. Temporal DEMs can be produced from the Tandem-X SAR images 

to monitor the spatial and temporal variability of sand flux. Additionally, the temporal 

observations of dune heights from timely Tandem-X help estimate the mass balance of dunes 

by applying the DEM differentiation method, as is often used for glaciers, and dune heights can 

be integrated with measurements of dune movement to estimate the temporal variability of sand 

flux. 

• Estimating the spatiotemporal variability of sand flux rates over large spatiotemporal domains 

employing only freely available archives (e.g., Landsat-8 and Sentinel-2). The main principle of 

this work can be summarized as follows: (1) applying the shading from the shadow method 

introduced by Levin et al. (2004), where they selected images with significant differences in solar 

angles and then estimated the elevation derivatives (i.e., slope, aspect, and height), and (2) 

applying the OPTSI algorithm as described in this work. Integrating these two methods would 

allow the estimation of sand flux employing free optical image archives. 
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• Using the Tandem-X SAR images for generating temporal DEMs to monitor the temporal 

evolution of dune activity, particularly for dunes that experience an increase in height and length 

without migrating from one location to another.   

• The application of OICC to high-resolution imagery needs to be further studied to determine 

migration rates at single dune field scale. 

• The application of independent component analysis (ICA) inversion together with the OPTSI 

algorithm can be explored to decompose the time series signals into spatial and temporal 

contributions. 

• The application of the OPTSI algorithm for monitoring the temporal evolution of different 

targets such as landslides and glaciers should be explored. 

• An optimization model could be developed based on graph theory principles to better consider 

all variables that govern the optical image matching process. These parameters include the 

percentage of cloud cover, OICC baselines, and the matching network configuration.  

• The optimal design of SBAS-based OICC networks should be deeply investigated to help obtain 

reliable temporal evolution of surface deformations. 

• Finally, the possibility of integrating offset measurements derived from the cross correlation of 

SAR images should be explored to tackle the problems that arise in tropical regions where optical 

images are more prone to cloud contamination. 
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Appendix X-Appendix for Chapter 2 
Supplementary Table X1: List of different cross correlation algorithms 

Methods Softwares/Instruments Descriptions Cost Advantages Disadvantages References 

Feature 

tracking 

IMCORR (Image 

Correlation) 

IMCORR is developed at the 

National Snow & Ice Data Center 

(NSIDC) and implemented in the 

open-source software SAGA. 

The source code for IMCORR 

can be obtained from the website 

of the U.S. National Snow and 

Ice Datacenter 

(http://nsidc.org/data/velmap/i

mcorr.html). 

Free Easy to use Limited 

uncertainty/miscor

relation 

information 

regarding cross-

correlation. 

(Scambos et 

al., 1992) 

Feature 

tracking 

PyCORR (Python 

Correlation) 

PyCorr follows similar approach 

as the IMCORR. GoLIVE 

velocity data is derived using this 

tool. 

Free Computationally 

efficient. 

open-source 

libraries for cross-

correlation and 

geospatial 

transformations of 

the data  

Lack of 

uncertainty/miscor

relation 

information 

regarding cross-

correlation. 

(Fahnestock 

et al., 2016) 

http://nsidc.org/data/velmap/imcorr.html
http://nsidc.org/data/velmap/imcorr.html
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Feature 

tracking 

CIAS (Correlation Image 

Analysis) 

CIAS is a free correlation 

software for tracking movement 

between two co-registered 

images. correlation can be 

performed using either 

normalized cross correlation or 

orientation correlation. CAIS is 

developed in IDL and integrated 

with Exiles ENVI. 

CIAS: Free. 

ENVI: 

Commercial 

-Simple, user-

friendly software 

for matching offsets 

between two 

images.  

-Based on 

normalized cross-

correlation.  

-Normalized cross-

correlation (NCC) 

and orientation 

correlation 

implemented 

(NCC-O), no 

other algorithms. 

It cannot be 

scripted to 

automize the 

matching of more 

than one image 

pair. 

(Kääb, 2002; 

Kääb and 

Kneisel, 2006; 

Kääb and 

Vollmer, 

2000) 

Feature 

tracking 

ImGRAFT ((Image 

Georectification and 

Feature Tracking) 

ImGRAFT is developed at the 

Centre for Ice and Climate, Niels 

Bohr Institute, at the University 

of Copenhagen.  

ImGRAFT: 

Free. 

Matlab: 

Commercial 

It is an open-source 

image geo-

rectification and 

feature tracking 

toolbox for Matlab. 

The camera setup 

is complicated and 

difficult for high-

altitude mountain 

glaciers. 

(Messerli and 

Grinsted, 

2015) 
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Feature 

tracking 

COSI-Corr (Co-registration 

of Optically Sensed Images 

and Correlation) 

Cosi-Corr launched by the 

California Institute of 

Technology. It has been used in 

many fields including coseismic 

deformation, sand dune 

migrations, slow landslides, and 

glacier flows. Cosi-Corr is 

developed in IDL and integrated 

into ENVI. 

COSI-Corr: 

Free. 

ENVI: 

Commercial 

-Automated 

workflows. 

-Dense velocity 

field coverage. 

-Glacier-scale 

spatial coverage. 

Fast computation. 

-Imagery choice: 

optical or SAR 

-Imagery spatial 

and temporal 

resolution. 

-Cloud covered 

scenes poor image 

contrast/shadow 

on optical imagery 

(Ayoub et al., 

2009; Ayoub 

and Leprince, 

2007; Bridges 

et al., 2012; 

Leprince et 

al., 2007) 

Feature 

tracking 

autoRIFT This effort was funded by the 

NASA MEaSUREs program in 

contribution to the Inter-mission 

Time Series of Land Ice Velocity 

and Elevation (ITSLIVE) project. 

Free Dense feature 

tracking. 

A limited number 

of 

uncertainty/miscor

relation 

information 

regarding cross-

correlation. 

(Gardner et 

al., 2018) 

Feature 

tracking 

MicMac (Multi-Image 

Matches for Auto 

Correlation Methods) 

MicMac is mainly developed to 

monitor the arial and terrestrial 

photographs. MICMac is a 

Linux-based open-source 

Free MicMac can carry 

out the complete 

process from the 

raw UAV data to 

Much of its 

documentation is 

in French. 

(Ahn and 

Howat, 2011) 
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software package. The matching 

process has a pyramidal approach 

and derives a dense point cloud 

using an energy minimization 

function and regularization. The 

source code or precompiled 

binaries can be downloaded as 

part of the MicMac open-source 

library hosted on IGN France 

(http://logiciels.ign.fr/?Telecharg

ement,20). 

structure from 

motion and create a 

deformation map. 

Mostly applicable 

for UAV-derived 

images. 

http://logiciels.ign.fr/?Telechargement,20
http://logiciels.ign.fr/?Telechargement,20
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Appendix A-Appendix for Chapter 4 
Supplementary Table A1: The images shared in establishing time series for both Landsat-8 and 
Sentinel-2, the table includes the characteristics of each image (i.e., sun elevation SE, sun azimuth SA, 
and the cloud cover CC), and the time separation between each adjacent epoch is also included. The 
season of each image is displayed based on the information about the climatic seasonal in Egypt.  

  

Landsat-8  Sentinel-2  

Dates 
SE SA CC  

season 
TS 

Dates 
SE SA CC  

season 
TS 

Degree Degree % (Day) Degree Degree % (Day) 

1 4/29/2013 65.11 124.64 0.3 Spring 0 12/21/2015 55.95 161.69 0 winter   0 

2 8/3/2013 65.31 116.18 0.03 winter  96 1/20/2016 53.9 156.91 0 winter  30 

3 2/11/2014 39.37 147.38 0.08 winter  192 2/19/2016 46.09 151.54 0.15 winter  30 

4 3/15/2014 50.18 140.17 0.76 winter  32 4/29/2016 21.64 132.5 0.1 Spring 70 

5 4/16/2014 61.21 129.81 0.43 Spring 32 7/21/2016 27.35 141.03 0.11 Summer 83 

6 5/18/2014 67.94 114.2 0.66 Spring 32 8/25/2016 38.03 156.93 1.11 Summer 35 

7 6/19/2014 68.84 103.57 0.18 Summer 32 10/6/2016 30.12 146.54 0.04 Autumn 42 

8 8/6/2014 64.53 117.02 0 Summer 48 12/15/2016 30.12 146.54 0.03 winter  70 

9 10/25/2014 44.15 155 0.18 Autumn 80 2/3/2017 20.36 119.75 0.27 winter  50 

10 12/28/2014 32.25 155.51 0.1 winter  64 3/5/2017 50.66 154.27 1.11 winter  30 

11 1/29/2015 35.89 149.8 0.36 winter  32 4/4/2017 40.88 148.84 0.1 Spring 30 

12 3/2/2015 45.3 143.06 0.27 winter  32 5/4/2017 29.59 142.07 0.32 Spring 30 

13 7/8/2015 67.62 104.83 0.19 Summer 128 6/13/2017 16.72 110.72 0.5 Summer 40 

14 8/9/2015 64.08 118.47 0 Summer 32 7/13/2017 18.58 112.74 0.22 Summer 30 

15 9/26/2015 53.23 145.24 0.06 Summer 48 8/12/2017 22.76 128.47 0.83 Summer 30 

16 11/29/2015 35.1 158.15 1.44 Autumn 64 9/11/2017 29.98 146.26 0.28 Summer 30 

17 1/16/2016 33.55 152.37 0.89 winter  48 10/26/2017 44.6 161.69 0.35 Autumn 45 

18 3/4/2016 46.3 142.49 0.3 winter  48 11/20/2017 51.64 163.81 0.68 Autumn 25 

19 4/5/2016 57.79 133.62 0.2 Spring 32 12/30/2017 56.01 160.32 0.45 winter  40 

20 6/8/2016 69.07 105.49 1.66 Summer 64 2/3/2018 50.72 154.31 0.11 winter  35 

21 7/10/2016 67.49 105.63 0.01 Summer 32 3/5/2018 40.98 148.88 0.02 winter  30 

22 8/27/2016 60.79 129.71 0.92 Summer 48 4/14/2018 26.21 138.95 0.21 winter  40 

23 10/14/2016 47.46 152.34 0.97 Autumn 48 5/19/2018 17.93 121.92 0.13 winter  35 

24 12/17/2016 32.63 156.9 0.72 winter  64 6/18/2018 16.85 109.78 0.3 Summer 30 

25 2/3/2017 37.19 148.72 0.12 winter  48 7/18/2018 19.08 114.59 0.58 Summer 30 

26 5/10/2017 66.87 118.14 0.54 Spring 96 8/12/2018 22.73 128.26 0.4 Summer 25 

27 6/11/2017 69.04 104.8 0.72 Summer 32 9/21/2018 32.96 150.95 0.4 Summer 40 

28 7/13/2017 67.24 106.41 0.05 Summer 32 10/31/2018 46.08 162.48 0.19 Autumn 40 

29 10/1/2017 51.59 147.65 0.01 Autumn 80 12/10/2018 55.12 162.87 0.03 winter  40 

30 2/22/2018 42.67 144.78 0.11 winter  144 1/4/2019 55.79 159.58 0.21 winter  25 

31 3/26/2018 54.09 136.89 1.57 winter  32 2/13/2019 47.93 152.57 0.05 winter  40 
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Supplementary Table A2: Wind data for two metrological stations (Bir-Elabd and El-Malease) from 2013 to 
2015. 

A
 

   1 - 3   4 - 6    7 - 10   11 - 16   17-21 
22-
27 

28-
33 

34-
40 

41-
47 

48-
55 

56-
63 

>63 
B

ir-
E

la
bd

 2
01

3 

CALM 13.93 27.35 19.37 9.8 1.1 0.25 0           

Variable 0 0 0 0 0 0 0 0 0 0 0 0 

345-014 1.9 4.18 4.03 1.22 0 0 0 0 0 0 0 0 

015-044 1.84 2.85 1.62 0.78 0.01 0 0 0 0 0 0 0 

045-074 0.67 1.56 0.83 0.3 0 0 0 0 0 0 0 0 

075-104 0.55 1.31 0.53 0.16 0 0 0 0 0 0 0 0 

105-134 0.47 0.79 0.27 0.08 0 0 0 0 0 0 0 0 

135-164 0.54 0.61 0.24 0.14 0.01 0 0 0 0 0 0 0 

165-194 1.03 1.3 0.81 0.58 0.18 0.1 0 0 0 0 0 0 

195-224 1.79 2.26 0.86 0.63 0.26 0.08 0 0 0 0 0 0 

225-254 0.87 2.55 1.42 1.31 0.29 0.07 0 0 0 0 0 0 

255-284 0.88 2.02 1.62 1.11 0.31 0 0 0 0 0 0 0 

285-314 1.13 2.63 1.99 0.81 0.02 0 0 0 0 0 0 0 

315-344 2.26 5.29 5.15 2.68 0.02 0 0 0 0 0 0 0 

 

 B
    1 - 3   4 - 6   

 7 - 
10  

 11 - 16   
17-
21 

22-
27 

28-
33 

34-
40 

41-
47 

48-
55 

56-
63 

>63 

B
ir-

E
la

bd
 2

01
4 

CALM 14.53 39.14 20.23 5.9 0.19 0 0 0 0 0 0 0 

Variable 0 0 0 0 0 0 0 0 0 0 0 0 

345-014 2.39 8.05 5.97 1.31 0 0 0 0 0 0 0 0 

015-044 1.83 5.61 1.96 0.34 0 0 0 0 0 0 0 0 

045-074 0.86 2.74 0.65 0.14 0 0 0 0 0 0 0 0 

075-104 0.84 1.67 0.3 0.01 0 0 0 0 0 0 0 0 

105-134 0.87 1.04 0.17 0.06 0 0 0 0 0 0 0 0 

135-164 0.62 0.9 0.32 0.13 0 0 0 0 0 0 0 0 

165-194 1.51 1.75 0.31 0.33 0.07 0 0 0 0 0 0 0 

195-224 1.51 2.96 0.8 0.54 0.02 0 0 0 0 0 0 0 

225-254 1.31 2.82 1.5 0.9 0.08 0 0 0 0 0 0 0 

255-284 0.63 1.97 1.39 0.51 0.02 0 0 0 0 0 0 0 

285-314 0.86 3.01 1.39 0.18 0 0 0 0 0 0 0 0 

315-344 1.3 6.62 5.47 1.45 0 0 0 0 0 0 0 0 
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C
    1 - 3   4 - 6   

 7 - 
10  

 11 - 16   
17-
21 

22-
27 

28-
33 

34-
40 

41-
47 

48-
55 

56-
63 

>63 
B

ir-
E

la
bd

 2
01

5 

CALM 11.3 42.27 21.8 8.68 0.61 0.16 0.07           

Variable 0 0 0 0 0 0 0 0 0 0 0 0 

345-014 2.9 7.95 5.68 1.85 0 0 0 0 0 0 0 0 

015-044 1.18 5.07 2.15 0.61 0 0 0 0 0 0 0 0 

045-074 0.57 2.61 0.92 0.19 0 0 0 0 0 0 0 0 

075-104 0.49 1.87 0.55 0.08 0 0 0 0 0 0 0 0 

105-134 0.43 1.04 0.13 0 0.02 0 0 0 0 0 0 0 

135-164 0.45 1.38 0.18 0.01 0 0 0 0 0 0 0 0 

165-194 0.88 2.51 0.46 0.27 0.02 0 0.02 0 0 0 0 0 

195-224 0.99 4.3 1.1 0.96 0.25 0.09 0.03 0 0 0 0 0 

225-254 0.46 3.03 1.7 1.39 0.22 0.07 0.02 0 0 0 0 0 

255-284 0.46 2.12 1.38 0.87 0.1 0 0 0 0 0 0 0 

285-314 1.04 3.05 1.77 0.61 0 0 0 0 0 0 0 0 

315-344 1.45 7.34 5.78 1.84 0 0 0 0 0 0 0 0 

 

 D
    1 - 3   4 - 6   

 7 - 
10  

 11 - 16   
17-
21 

22-
27 

28-
33 

34-
40 

41-
47 

48-
55 

56-
63 

>63 

E
l-M

al
ea

se
 2

01
3 

CALM 11.36 16.73 23.5 3.16 0.7 0.2 0.01           

Variable 0 0 0 0 0 0 0 0 0 0 0 0 

345-014 1.3 1.9 3.74 0.29 0 0 0.01 0 0 0 0 0 

015-044 1.19 1.29 1.4 0.14 0 0 0 0 0 0 0 0 

045-074 0.73 1.2 1.29 0.02 0 0 0 0 0 0 0 0 

075-104 0.57 0.77 0.81 0.02 0 0 0 0 0 0 0 0 

105-134 0.72 0.96 1.2 0.06 0 0 0 0 0 0 0 0 

135-164 1.33 2.38 3.33 0.17 0.01 0 0 0 0 0 0 0 

165-194 0.76 1 1.79 0.13 0 0 0 0 0 0 0 0 

195-224 0.16 0.34 0.4 0.09 0 0.02 0 0 0 0 0 0 

225-254 0.22 0.37 0.56 0.26 0.08 0 0 0 0 0 0 0 

255-284 0.74 0.95 1.73 0.72 0.38 0.15 0 0 0 0 0 0 

285-314 1.56 1.9 2.84 0.78 0.21 0.03 0 0 0 0 0 0 

315-344 2.08 3.67 4.41 0.48 0.02 0 0 0 0 0 0 0 
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E
l-M

al
ea

se
 2

01
4 

   1 - 3   4 - 6   
 7 - 
10  

 11 - 16   
17-
21 

22-
27 

28-
33 

34-
40 

41-
47 

48-
55 

  
56-
63 

>63 

CALM 6.72 23.28 28.51 18 2.04 0.18 0           

Variable 0 0 0 0 0 0 0 0 0 0 0 0 

345-014 1.02 3.26 4.69 2.36 0.11 0 0 0 0 0 0 0 

015-044 0.52 1.56 2.14 0.5 0.01 0 0 0 0 0 0 0 

045-074 0.31 1.2 1.37 0.8 0.01 0 0 0 0 0 0 0 

075-104 0.51 1.23 1.78 0.73 0.02 0 0 0 0 0 0 0 

105-134 0.44 2.26 2.69 0.92 0.04 0 0 0 0 0 0 0 

135-164 0.48 2.15 3.09 1.23 0.12 0 0 0 0 0 0 0 

165-194 0.48 0.87 1.03 0.45 0.14 0.01 0 0 0 0 0 0 

195-224 0.21 0.61 0.5 0.43 0.2 0.06 0 0 0 0 0 0 

225-254 0.38 0.83 1.23 1.2 0.24 0.02 0 0 0 0 0 0 

255-284 0.73 1.92 2.13 2.32 0.51 0.05 0 0.01 0 0 0 0 

285-314 0.68 2.66 2.61 1.9 0.26 0.02 0 0 0 0 0 0 

315-344 0.96 4.73 5.25 5.16 0.38 0.02 0 0 0 0 0 0 
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CALM 2.34 17.16 30.53 24.39 6.71 1.84 0.61 0 0 0 0 0 

Variable 0 0 0 0 0 0 0 0 0 0 0 0 

345-014 0.28 1.8 3.08 2.96 0.77 0.04 0 0 0 0 0 0 

015-044 0.26 1.7 2.65 1.34 0.32 0.04 0 0 0 0 0 0 

045-074 0.18 0.85 1.58 0.89 0.08 0.06 0 0 0 0 0 0 

075-104 0.22 0.97 1.22 0.39 0.04 0 0 0 0 0 0 0 

105-134 0.3 1.92 3.79 1.82 0.1 0 0 0 0 0 0 0 

135-164 0.24 1.99 2.61 1.2 0.18 0.02 0 0 0 0 0 0 

165-194 0.18 1.03 0.95 0.45 0.32 0.02 0 0 0 0 0 0 

195-224 0.08 0.69 0.95 1.05 0.47 0.12 0.12 0 0 0 0 0 

225-254 0 0.59 1.58 2.31 1.58 0.75 0.47 0 0 0 0 0 

255-284 0.1 1.42 3.53 3.53 1.16 0.43 0.02 0 0 0 0 0 

285-314 0.18 1.93 3.08 2.35 0.41 0.12 0 0 0 0 0 0 

315-344 0.32 2.27 5.51 6.1 1.28 0.24 0 0 0 0 0 0 
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Supplementary Table A3: Baselines information for the selected pairs to be used in the time series 
inversion (L8: 176/39) 

Pair Master  Slave  SB SED SAD TB Pair Master  Slave  SB SED SAD TB 

P1 8/3/2013 5/18/2014 51.6 2.6 2.0 288.0 P38 6/8/2016 7/10/2016 420.9 1.6 0.1 32.0 

P2 4/29/2013 8/6/2014 1771.6 0.6 7.6 464.0 P39 4/29/2013 8/27/2016 987.6 4.3 5.1 1216.0 

P3 8/3/2013 8/6/2014 399.1 0.8 0.8 368.0 P40 4/5/2016 8/27/2016 1589.8 3.0 3.9 144.0 

P4 5/18/2014 8/6/2014 349.4 3.4 2.8 80.0 P41 2/11/2014 10/14/2016 983.3 8.1 5.0 976.0 

P5 2/11/2014 10/25/2014 1303.0 4.8 7.6 256.0 P42 10/25/2014 10/14/2016 322.5 3.3 2.7 720.0 

P6 2/11/2014 12/28/2014 1641.6 7.1 8.1 320.0 P43 3/2/2015 10/14/2016 1587.7 2.2 9.3 592.0 

P7 2/11/2014 1/29/2015 452.2 3.5 2.4 352.0 P44 9/26/2015 10/14/2016 300.7 5.8 7.1 384.0 

P8 10/25/2014 1/29/2015 851.3 8.3 5.2 96.0 P45 3/4/2016 10/14/2016 587.4 1.2 9.9 224.0 

P9 12/28/2014 1/29/2015 1189.6 3.6 5.7 32.0 P46 2/11/2014 12/17/2016 897.9 6.7 9.5 1040.0 

P10 2/11/2014 3/2/2015 605.3 5.9 4.3 384.0 P47 12/28/2014 12/17/2016 744.3 0.4 1.4 720.0 

P11 3/15/2014 3/2/2015 684.6 4.9 2.9 352.0 P48 1/29/2015 12/17/2016 445.7 3.3 7.1 688.0 

P12 1/29/2015 3/2/2015 1056.8 9.4 6.7 32.0 P49 11/29/2015 12/17/2016 120.1 2.5 1.3 384.0 

P13 5/18/2014 7/8/2015 109.6 0.3 9.4 416.0 P50 1/16/2016 12/17/2016 40.3 0.9 4.5 336.0 

P14 6/19/2014 7/8/2015 772.2 1.2 1.3 384.0 P51 2/11/2014 2/3/2017 974.1 2.2 1.3 1088.0 

P15 4/29/2013 8/9/2015 32.3 1.0 6.2 832.0 P52 10/25/2014 2/3/2017 328.9 7.0 6.3 832.0 

P16 8/6/2014 8/9/2015 1754.9 0.5 1.5 368.0 P53 12/28/2014 2/3/2017 667.9 4.9 6.8 768.0 

P17 10/25/2014 9/26/2015 24.4 9.1 9.8 336.0 P54 1/29/2015 2/3/2017 522.4 1.3 1.1 736.0 

P18 3/2/2015 9/26/2015 1885.1 7.9 2.2 208.0 P55 3/2/2015 2/3/2017 1579.1 8.1 5.7 704.0 

P19 10/25/2014 11/29/2015 518.2 9.1 3.2 400.0 P56 11/29/2015 2/3/2017 189.4 2.1 9.4 432.0 

P20 12/28/2014 11/29/2015 857.3 2.8 2.6 336.0 P57 1/16/2016 2/3/2017 47.0 3.6 3.6 384.0 

P21 1/29/2015 11/29/2015 333.5 0.8 8.4 304.0 P58 3/4/2016 2/3/2017 577.9 9.1 6.2 336.0 

P22 2/11/2014 1/16/2016 937.0 5.8 5.0 704.0 P59 12/17/2016 2/3/2017 85.2 4.6 8.2 48.0 

P23 12/28/2014 1/16/2016 704.8 1.3 3.1 384.0 P60 4/29/2013 5/10/2017 42.3 1.8 6.5 1472.0 

P24 1/29/2015 1/16/2016 484.9 2.3 2.6 352.0 P61 8/6/2014 5/10/2017 1813.8 2.3 1.1 1008.0 

P25 11/29/2015 1/16/2016 155.6 1.5 5.8 48.0 P62 8/9/2015 5/10/2017 63.9 2.8 0.3 640.0 

P26 2/11/2014 3/4/2016 396.2 6.9 4.9 752.0 P63 5/18/2014 6/11/2017 247.3 1.1 9.4 1120.0 

P27 3/15/2014 3/4/2016 1684.8 3.9 2.3 720.0 P64 6/19/2014 6/11/2017 630.2 0.2 1.2 1088.0 

P28 3/2/2015 3/4/2016 1001.3 1.0 0.6 368.0 P65 7/8/2015 6/11/2017 143.9 1.4 0.0 704.0 

P29 9/26/2015 3/4/2016 883.8 6.9 2.8 160.0 P66 6/8/2016 6/11/2017 941.5 0.0 0.7 368.0 

P30 3/15/2014 4/5/2016 1877.1 7.6 6.5 752.0 P67 7/10/2016 6/11/2017 521.7 1.6 0.8 336.0 

P31 4/16/2014 4/5/2016 428.5 3.4 3.8 720.0 P68 6/19/2014 7/13/2017 1282.8 1.6 2.8 1120.0 

P32 5/18/2014 6/8/2016 1188.6 1.1 8.7 752.0 P69 6/8/2016 7/13/2017 971.3 1.8 0.9 400.0 

P33 6/19/2014 6/8/2016 312.0 0.2 1.9 720.0 P70 7/10/2016 7/13/2017 1391.9 0.3 0.8 368.0 

P34 7/8/2015 6/8/2016 1083.9 1.5 0.7 336.0 P71 6/11/2017 7/13/2017 1912.7 1.8 1.6 32.0 

P35 5/18/2014 7/10/2016 768.4 0.5 8.6 784.0 P72 3/15/2014 10/1/2017 1823.2 1.4 7.5 1296.0 

P36 6/19/2014 7/10/2016 116.2 1.4 2.1 752.0 P73 10/25/2014 10/1/2017 768.3 7.4 7.3 1072.0 

P37 7/8/2015 7/10/2016 665.0 0.1 0.8 368.0 P74 3/2/2015 10/1/2017 1139.9 6.3 4.6 944.0 
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Supplementary Figure A1: The geological formation of the Saini governorate. The source of this map is 
Conoco 1978 

 

Pair Master  Slave  SB SED SAD TB 

P75 9/26/2015 10/1/2017 745.3 1.6 2.4 736.0 

P76 3/4/2016 10/1/2017 138.6 5.3 5.2 576.0 

P77 10/14/2016 10/1/2017 449.8 4.1 4.7 352.0 

P78 2/11/2014 2/22/2018 1687.7 3.3 2.6 1472.0 

P79 1/29/2015 2/22/2018 1235.8 6.8 5.0 1120.0 

P80 1/16/2016 2/22/2018 751.4 9.1 7.6 768.0 

P81 3/4/2016 2/22/2018 1291.5 3.6 2.3 720.0 

P82 10/14/2016 2/22/2018 705.5 4.8 7.6 496.0 

P83 2/3/2017 2/22/2018 713.6 5.5 3.9 384.0 

P84 10/1/2017 2/22/2018 1153.1 8.9 2.9 144.0 

P85 4/16/2014 3/26/2018 1060.9 7.1 7.1 1440.0 

P86 3/2/2015 3/26/2018 1827.2 8.8 6.2 1120.0 

P87 9/26/2015 3/26/2018 61.2 0.9 8.3 912.0 

P88 3/4/2016 3/26/2018 826.1 7.8 5.6 752.0 

P89 4/5/2016 3/26/2018 634.0 3.7 3.3 720.0 

P90 8/27/2016 3/26/2018 955.9 6.7 7.2 576.0 
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Supplementary Table A4: Baselines information for the selected pairs to be used in the time series 
inversion ((S2:TR36TVU) 

Pair Master  Slave  SED SAD TB Pair Master  Slave  SED SAD TB 

P1 12/21/2015 1/20/2016 4.8 2.1 30.0 P38 9/11/2017 4/14/2018 7.3 3.8 215.0 

P2 7/21/2016 10/6/2016 5.5 2.8 77.0 P39 2/3/2017 5/19/2018 2.2 2.4 470.0 

P3 7/21/2016 12/15/2016 5.5 2.8 147.0 P40 8/12/2017 5/19/2018 6.6 4.8 280.0 

P4 12/21/2015 3/5/2017 7.4 5.3 440.0 P41 6/13/2017 6/18/2018 0.9 0.1 370.0 

P5 1/20/2016 3/5/2017 2.6 3.2 410.0 P42 7/13/2017 6/18/2018 3.0 1.7 340.0 

P6 2/19/2016 3/5/2017 2.7 4.6 380.0 P43 2/3/2017 7/18/2018 5.2 1.3 530.0 

P7 2/19/2016 4/4/2017 2.7 5.2 410.0 P44 6/13/2017 7/18/2018 3.9 2.4 400.0 

P8 7/21/2016 5/4/2017 1.0 2.2 287.0 P45 7/13/2017 7/18/2018 1.9 0.5 370.0 

P9 10/6/2016 5/4/2017 4.5 0.5 210.0 P46 5/19/2018 7/18/2018 7.3 1.2 60.0 

P10 12/15/2016 5/4/2017 4.5 0.5 140.0 P47 6/18/2018 7/18/2018 4.8 2.2 30.0 

P11 2/3/2017 7/13/2017 7.0 1.8 160.0 P48 4/29/2016 8/12/2018 4.2 1.1 835.0 

P12 6/13/2017 7/13/2017 2.0 1.9 30.0 P49 8/12/2017 8/12/2018 0.2 0.0 365.0 

P13 4/29/2016 8/12/2017 4.0 1.1 470.0 P50 5/19/2018 8/12/2018 6.3 4.8 85.0 

P14 7/21/2016 9/11/2017 5.2 2.6 417.0 P51 8/25/2016 9/21/2018 6.0 5.1 757.0 

P15 10/6/2016 9/11/2017 0.3 0.1 340.0 P52 10/6/2016 9/21/2018 4.4 2.8 715.0 

P16 12/15/2016 9/11/2017 0.3 0.1 270.0 P53 12/15/2016 9/21/2018 4.4 2.8 645.0 

P17 5/4/2017 9/11/2017 4.2 0.4 130.0 P54 9/11/2017 9/21/2018 4.7 3.0 375.0 

P18 8/25/2016 10/26/2017 4.8 6.6 427.0 P55 10/26/2017 10/31/2018 0.8 1.5 370.0 

P19 3/5/2017 10/26/2017 7.4 6.1 235.0 P56 11/20/2017 10/31/2018 1.3 5.6 345.0 

P20 12/21/2015 11/20/2017 2.1 4.3 700.0 P57 12/21/2015 12/10/2018 1.2 0.8 1085.0 

P21 1/20/2016 11/20/2017 6.9 2.3 670.0 P58 1/20/2016 12/10/2018 6.0 1.2 1055.0 

P22 10/26/2017 11/20/2017 2.1 7.0 25.0 P59 11/20/2017 12/10/2018 0.9 3.5 385.0 

P23 12/21/2015 12/30/2017 1.4 0.1 740.0 P60 12/30/2017 12/10/2018 2.5 0.9 345.0 

P24 1/20/2016 12/30/2017 3.4 2.1 710.0 P61 12/21/2015 1/4/2019 2.1 0.2 1110.0 

P25 3/5/2017 12/30/2017 6.1 5.4 300.0 P62 1/20/2016 1/4/2019 2.7 1.9 1080.0 

P26 11/20/2017 12/30/2017 3.5 4.4 40.0 P63 3/5/2017 1/4/2019 5.3 5.1 670.0 

P27 12/21/2015 2/3/2018 7.4 5.2 775.0 P64 11/20/2017 1/4/2019 4.2 4.1 410.0 

P28 1/20/2016 2/3/2018 2.6 3.2 745.0 P65 12/30/2017 1/4/2019 0.7 0.2 370.0 

P29 2/19/2016 2/3/2018 2.8 4.6 715.0 P66 2/3/2018 1/4/2019 5.3 5.1 335.0 

P30 3/5/2017 2/3/2018 0.0 0.1 335.0 P67 12/10/2018 1/4/2019 3.3 0.7 25.0 

P31 10/26/2017 2/3/2018 7.4 6.1 100.0 P68 1/20/2016 2/13/2019 4.3 6.0 1120.0 

P32 12/30/2017 2/3/2018 6.0 5.3 35.0 P69 2/19/2016 2/13/2019 1.0 1.8 1090.0 

P33 2/19/2016 3/5/2018 2.7 5.1 745.0 P70 3/5/2017 2/13/2019 1.7 2.7 710.0 

P34 4/4/2017 3/5/2018 0.0 0.1 335.0 P71 4/4/2017 2/13/2019 3.7 7.0 680.0 

P35 4/29/2016 4/14/2018 6.4 4.6 715.0 P72 2/3/2018 2/13/2019 1.7 2.8 375.0 

P36 7/21/2016 4/14/2018 2.1 1.1 632.0 P73 3/5/2018 2/13/2019 3.7 7.0 345.0 

P37 5/4/2017 4/14/2018 3.1 3.4 345.0   
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Supplementary Figure A2: The baseline relationship for tile (TR36VU), the top row for the E-W direction 
and the bottom for the N-S direction 

 

Supplementary Figure A3: The relationship between the temporal baseline and the uncertainties for the 
adjacent pairs, the right panel for E-W direction, and the left panel for N-S direction. The cases for the top 
to bottom as follow (174/39, 176/39, and TR36VU) 
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Supplementary Figure A4: Relationship between the time separation and both the sun elevation 
difference (SED) (A1-A3) and sun azimuth difference (SAD) (B1-B3). The relationship is best described 
by a sinusoidal relationship with a frequency of around one year. Each row represents different case 
study from top to bottom (P:174/ R:39, P:175/R:39 and P:175/R:39) 
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Supplementary Figure A5: The relationship between the baselines and the uncertainties for tile (P: 176/R: 
39) after applying the inversion (SED and SAD <10°). The top row for the E-W direction and bottom is 
for N-S direction  

 

Supplementary Figure A6: The relationship between the baselines and the uncertainties for tile (TR36VU) 
after applying the inversion (SED and SAD <10°). The top row for the E-W direction and bottom is for 
N-S direction  
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Supplementary Figure A7: The relationship between baselines and the percentage of mismatches for three 
baselines from right to left as follow: SED, SAD, and TB for different cases from top to bottom as follow: 
174/39, 175/39, and 176/39  
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Supplementary Figure A8: The relationship between the radiometric baseline components (SED and SAD) 
for all case studies (A1- P:174/ R:39), (A2-P:175/R:39), (A2-P:176/R:39), and (A4-TR36VU) 

 

Supplementary Figure A9: Relationship between both SED and SAD and the uncertainty. Each row 
represents different case study from top to bottom (P: 174/R: 39, P: 175/R: 39, and P: 175/R: 39) 
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Text A1: Configuration of the parameters of the correlation 

process  

Window size selection is considered an expert-based issue and varies according to the study area.  

Accordingly, a test was developed to determine whether there is a relationship between the window size 

and the uncertainties over the stable area, as well as the mismatches percentage after filtering. As a result, 

we focused on the larger window sizes starting at 32*32 pixels, as the smaller window sizes reveal a 

greater degree of noises especially in the frequency domain method provided by COSI-Corr due to the 

uncertainty principle proposed by Heisenberg. Additionally, the previous studies (Bontemps et al., 2018; 

Hermas et al., 2012; Lacroix et al., 2019, 2018; Scherler et al., 2008; Vermeesch and Drake, 2008) have 

discussed the potential of using the different window sizes between the initial and the final window sizes. 

Concerning the step size, we agreed that using the steps size 4 * 4 will provide us a sufficient ground 

resolution suitable for dune application, however we compared the results of using different step size (2 

* 2 and 6* 6) for two window sizes only (128 * 64, and 64* 32). The following Supplementary Table A5 

and Supplementary Table A6 show the pairs information used for the test, the uncertainty, and the 

mismatches percentages for both Landsat-8 and Sentinel-2 respectively. For the remaining parameters, 

we kept the default of the COSI-Corr as four iterations, and the threshold of masking is 0.9.  

 Landsat-8 window size test:  

We performed the window size test using the pair 38 covering the tile (P: 176, R: 39). This pair comes 

from the correlating of the B8 of the two images 08/06/2016 as master and 10/7/2016 as a slave.  The 

black rectangle displayed in Figure 4-1C was used to compare the uncertainty and the mismatches levels. 

Supplementary Table A5 presents the uncertainty level and the mismatches level of each test.  

Sentinel-2 window size test:  

We performed the window size test using two pairs (P1and P68) belong to tile (TR36VU). The black 

rectangle displayed in Figure 4-1C was used to compare the uncertainty and the mismatches levels. 

Supplementary Table A6 presents the uncertainty level and the mismatches level of each test.  

Text A2: Band selection of Sentinel-2 images   

Sentinel-2 provides four bands with 10 m resolution as follow blue (B2), green (B3), red (B4) and infra-

red (B8) bands, therefore the spatial resolution of the results would be the same when choosing any of 

them. Lacroix et al. (2018) tested the different performance of the four bands, and then they employed 
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the band -2 (blue) as input to the correlation process. Here we introduced a small test to better 

investigate the difference between the performances of the four bands. The comparison was held 

depending on the values of the uncertainty of the stable area and the mismatches percentages. Three 

different pairs were selected to perform this test. Supplementary Table A7 summarizes the information 

related to the master and slave of the pair, the uncertainty level in both directions, and the mismatches 

level. It can be noticed that the four bands show the same level of uncertainties and the same level of 

mismatches, which reveal similar performance, and the differences can be ignored. After this test, we 

decided to use the NIR band 8 of Sentinel-2 to perform the correlation of all pairs owing to it is less 

affected by the radiometric noise compared to other bands.  

Supplementary Table A5: Landsat-8 window size test 

  Test  window size  step  Uncertainty  Mismatches %  
Initial  final    EW NS 

P1 1 128*128 64*64 2*2 0.87 0.84 5.6 
2     4*4  0.77 0.74 2.6 
3     6*6 0.87 0.83 5.5 
4 128*128 32*32 4*4  0.84 0.82 5.4 
5 128*128 16*16 4*4  1.22 1.26 12.4 
6 64*64 64*64 4*4  0.86 0.82 5.7 
7 64*64 32*32 2*2 0.91 0.88 8.0 
8     4*4  0.98 0.99 10.5 
9     6*6 0.99 0.99 10.0 

   10 64*64 16*16 4*4  1.23 1.25 12.8 
11 32*32 32*32 4*4  0.98 0.98 10.7 
12 32*32 16*16 4*4  1.22 1.24 13.8 

P38  Test  window size  step  Uncertainty    Mismatches %  
Initial  final    EW NS 

1 128*128 64*64 4*4  0.94 0.89 3.1 
2 128*128 32*32 4*4  1.15 1.12 6.8 
3 128*128 16*16 4*4  1.43 1.42 10.2 
4 64*64 64*64 4*4  0.94 0.89 3.2 
5 64*64 32*32 4*4  1.15 1.12 7.0 
6 64*64 16*16 4*4  1.43 1.42 10.4 
7 32*32 32*32 4*4  1.15 1.12 7.4 
8 32*32 16*16 4*4  1.43 1.42 11.1 
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Supplementary Table A6: Sentinel-2 window size test 

  Test  window size  step  Uncertainty  mismatches %  
Initial  final  EW NS 

P1 1 64*64 64*64 6*6 0.62 0.52 1.0 
2 64*64 32*32 6*6 0.97 0.83 2.2 
3 64*64 16*16 6*6 0.39 0.32 0.2 
4 32*32 32*32 6*6 0.49 0.40 0.5 
5 32*32 16*16 6*6 0.62 0.48 1.0 

P68 1 64*64 64*64 6*6 0.87 0.63 13.6 
2 64*64 32*32 6*6 0.87 0.63 13.6 
3 64*64 16*16 6*6 1.05 0.81 9.8 
4 32*32 32*32 6*6 1.01 0.82 17.0 
5 32*32 16*16 6*6 1.24 1.18 14.5 

 

Supplementary Table A7: The test of Sentinel 2‘s bands of same spatial resolution (10 m) 

Pair Band Uncertainty mismatches % 
EW NS 

P30 B02 1.22 1.30 11.10 
B03 1.12 1.22 8.60 
B04 1.03 1.15 8.50 
B08 1.08 1.16 8.70 

P34 B02 0.89 1.10 75.40 
B03 0.75 1.01 67.90 
B04 0.73 0.99 78.00 
B08 0.76 1.04 69.00 

P49 B02 1.33 0.99 21.00 
B03 1.33 0.94 26.40 
B04 1.33 0.94 26.40 
B08 1.42 1.00 29.40 
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Text A3: Sand drift potential estimation 

The wind data are provided in a standard format including the average annual of the hourly occurrence 

percentage of surface wind speed measured at 10 m above the ground and are divided into 12 wind 

speed classes in 12 directions (See Tables A2). Due to the effective wind speed is defined as about 12 

knots (6 m/s; Fryberger 1979), Because the threshold speed for sand movement is all wind speeds below 

this threshold speed (i.e. below the 11-16 knot class) were excluded from the sand drift potential 

calculations. Sand drift potential refers to the amount of sand transferred by the effective wind. The 

drift potential (DP) was calculated using the method of Fryberger and Dean (1979) according to 

Equation 2-1.The directional variability index of surface wind (RDP/DP), which is the ratio of RDP to 

the total amount DP, is calculated according to Equation 2-2. Lower RDP/DP values indicate greater 

directional variability of the wind, while higher RDP/DP values mean that the wind is coming from the 

same direction. Supplementary Figure A10 shows the visual representations of the resultant drift 

potential of the three years at the two methodological stations while Supplementary Table A9 summarizes 

the values of the DP , RDP and RDD for the same years. 

Supplementary Table A8: Estimation of the weighting factors for different wind speed ranges.  

Wind speed (Knots)  mean wind speed  𝑺𝑺𝟐𝟐 (𝑺𝑺 − 𝑺𝑺𝒕𝒕) 𝑺𝑺𝟐𝟐(𝑺𝑺 − 𝑺𝑺𝒕𝒕) 

lower  upper  

11 16 13.5 182.25 1.5 2.73 

17 21 19 361 7 25.27 

22 27 24.5 600.25 12.5 75.03 

28 33 30.5 930.25 18.5 172.09 

34 40 37 1369 25 342.3 
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Supplementary Figure A10: Sand roses of two metrological stations over there years (2013-2015), the 
first row is for Bir El –Abd and the second is for El-Malease. The red arrows represent the sand drift in 
each direction and the blue one represents the resultant drift potential. 

 

Supplementary Table 9: Drift potential, resultant drift potential, and the resultant drift direction of 
two metrological stations El- Malease and Bir El-Abd for three years (2013-2015).  

  DP  RDP  RDD  RDP/DP 
El-Malease 2013 42.96 34.94 98.78 0.81 

2014 113.71 51.59 104.13 0.45 
2015 478.60 285.06 83.10 0.60 

Bir El –Abd  2013 73.04 41.05 59.38 0.56 
2014 20.74 08.06 98.42 0.38 
2015 62.92 38.58 58.43 0.61 
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Supplementary Figure A11: Comparison between the spatial coverage of the average migration rates 
of L8 before inversion (A) and after inversion (B). Panels (C) and (D) cumulative time series of the 
traditional and the inversion solutions, respectively all panels for the E-W directions. 
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Supplementary Figure A12: Comparison between the spatial coverage of the average migration rates 
of L8 before inversion (A) and after inversion (B). Panels (C) and (D) cumulative time series of the 
traditional and the inversion solutions, respectively. All panels for the N-S Directions. 

 

 

Supplementary Figure A13: Comparison between the spatial coverage of the average migration rates of S2 before 

inversion (A) and after inversion (B). Panels (C) and (D) cumulative time series of the traditional and the inversion 

solutions, respectively. All panels for the EW Directions 
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Supplementary Figure A15: Comparison between the spatial coverage of the average migration rates of S2 
before inversion (A) and after inversion (B). Panels (C) and (D) S cumulative time series of the traditional and 
the inversion solutions, respectively. All panels for the NS Directions 
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Appendix B-Appendix for Chapter 5 
Supplementary Table B1: Information on image acquisition and attributes for Landsat-8 frame (P:183, R:48) 

ID Acquisition date  Sun 
Zenith 

Sun 
Azimuth 

 Cloud Cover 
(%) ID Acquisition date  Sun 

Zenith 
Sun 

Azimuth 
 Cloud Cover 

(%) 
1 5/16/2013 68.15 81.63 0 37 11/9/2019 50.48 148.74 0 
2 7/3/2013 66.00 72.42 0 38 12/11/2019 44.06 150.63 0.01 
3 10/23/2013 55.04 144.27 0 39 1/28/2020 45.26 141.48 0.78 
4 2/12/2014 48.68 136.88 0 40 3/16/2020 57.79 123.16 0 
5 4/17/2014 65.51 103.00 0 41 4/17/2020 65.5 102.50 0.13 
6 6/20/2014 66.02 71.16 0 42 6/20/2020 65.98 71.17 0 
7 10/26/2014 54.08 144.76 0.35 43 7/22/2020 65.27 79.38 0 
8 11/27/2014 46.28 150.82 0      
9 12/29/2014 42.75 148.34 0      
10 1/30/2015 45.63 140.78 0.08      
11 5/22/2015 67.36 78.60 0      
12 6/23/2015 65.8 71.27 0      
13 9/27/2015 61.14 128.77 0.05      
14 11/14/2015 49.20 149.55 0      
15 12/16/2015 43.48 150.15 0.01      
16 1/17/2016 43.67 144.38 0.04      
17 2/18/2016 49.95 134.73 0      
18 4/22/2016 66.23 98.69 0.44      
19 7/11/2016 65.35 74.86 0.58      
20 8/28/2016 64.88 105.01 0.26      
21 9/29/2016 60.64 130.81 0.44      
22 1/19/2017 44.01 143.7 0      
23 5/27/2017 67.28 76.01 0      
24 8/31/2017 64.69 107.32 0      
25 10/18/2017 56.14 141.59 0      
26 11/19/2017 47.92 150.29 0      
27 3/11/2018 56.12 125.83 0      
28 5/30/2018 66.96 74.99 0      
29 7/17/2018 65.13 76.94 0.16      
30 8/18/2018 65.11 96.36 0      
31 10/21/2018 55.36 142.68 0      
32 11/22/2018 47.27 150.46 0      
33 1/25/2019 44.76 142.17 0.01      
34 6/2/2019 67.02 73.98 0      
35 7/20/2019 65.30 78.09 0.04      
36 9/22/2019 62.13 125.19 0.31      
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Supplementary Table B2: Information on image acquisition and attributes for Landsat-8 frame (P:184, R:48) 

ID Acquisition date  
Sun 

Zenith 
Sun 

Azimuth  Cloud 
Cover % ID Acquisition date  

Sun 
Zenith 

Sun 
Azimuth  Cloud 

Cover % (°) (°) (°) (°) 
1 5/23/2013 67.99 77.72 0 38 6/22/2018 65.76 71.27 0 
2 6/8/2013 67.18 72.08 0 39 7/24/2018 65.12 80.12 0 
3 8/27/2013 65.36 104.31 0.02 40 10/28/2018 53.5 145.36 0.01 
4 11/15/2013 49.03 150.25 0 41 12/15/2018 43.53 150.17 0.01 
5 3/7/2014 55.08 127.93 0 42 4/6/2019 63.16 111 0 
6 3/23/2014 59.76 119.83 0 43 5/24/2019 67.42 77.57 0 
7 4/8/2014 63.79 109.61 0 44 8/28/2019 64.93 104.41 0.09 
8 4/24/2014 66.5 97.59 0 45 10/15/2019 57.06 139.98 0.08 
9 5/10/2014 67.55 85.66 0 46 10/31/2019 52.83 146.43 0 
10 6/27/2014 65.71 71.58 0 47 11/16/2019 48.75 149.94 0.32 
11 7/13/2014 65.31 75.38 0 48 3/23/2020 59.8 119.36 0 
12 11/2/2014 52.21 147.02 0 49 4/24/2020 66.47 97.11 0 
13 12/4/2014 45.02 150.87 0 50 5/10/2020 67.51 85.28 0 
14 2/6/2015 47.05 138.65 0 51 7/13/2020 65.3 75.57 0.06 
15 2/22/2015 51.08 133.12 0 52 10/1/2020 60.2 132.19 0 
16 3/10/2015 55.73 126.42 0.06 

  

17 6/14/2015 66.25 71.51 0 
18 10/20/2015 55.72 142.21 0 
19 2/9/2016 47.7 137.8 0 
20 2/25/2016 51.88 132.11 0 
21 4/29/2016 66.97 93.3 0 
22 5/15/2016 67.59 82.09 0 
23 8/3/2016 65.34 86.1 0 
24 9/4/2016 64.38 110.96 0.01 
25 9/20/2016 62.33 124.19 0 
26 11/7/2016 50.79 148.44 0 
27 1/26/2017 45.03 141.81 0.52 
28 2/27/2017 52.67 131.01 0 
29 3/31/2017 61.84 114.66 0 
30 12/28/2017 42.76 148.47 0.13 
31 1/13/2018 43.32 145.21 0.02 
32 3/2/2018 53.45 129.84 0 
33 3/18/2018 58.18 122.33 0 
34 4/19/2018 65.68 101.33 0 
35 5/5/2018 67.26 89.15 0 
36 5/21/2018 67.34 78.98 0 
37 6/6/2018 66.6 72.87 0 
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Supplementary Table B3: Information on image acquisition and attributes for Sentinel-2 tile (T33QZU) 

ID Acquisition date  
Sun 

Zenith 
Sun 

Azimuth  Cloud 
Cover % (°) (°) 

1 1/16/2017 43.61 148.54 1.34 

2 11/17/2017 39.23 154.92 17.04 

3 11/27/2017 41.42 155.45 18.95 

4 12/12/2017 43.74 154.84 17.41 

5 12/27/2017 44.71 152.79 18.75 

6 2/10/2018 38.84 141.53 18.16 

7 2/15/2018 37.53 139.85 14.19 

8 11/2/2018 35.22 152.33 19.53 

9 11/12/2018 37.92 154.34 17.4 

10 11/22/2018 40.31 155.33 19.22 

11 12/12/2018 43.71 154.85 19.24 

12 1/11/2019 44.17 149.87 17.07 

13 1/21/2019 42.99 147.43 14.83 

14 1/31/2019 41.21 144.68 18.65 

15 2/5/2019 40.12 143.17 15.02 

16 2/20/2019 36.17 138.2 19.47 

17 11/17/2019 39.09 154.94 19.3 

 

 

 

 

 

 

 

 



 

 
 

   296 
 

Supplementary Table B4: Information on image acquisition and attributes for Sentinel-2 tile (T33QVY) 

Image 
Id Date 

Sun 
Zenith 

Sun 
Azimuth Cloud 

Cover% 
Image 

Id Date 
Sun 

Zenith 
Sun 

Azimuth Cloud 
Cover% (°) (°)  (°) (°)  

1 11/26/2015 41.37 157.85 0.8 35 11/5/2018 36.26 155.82 0.33 
2 12/16/2015 44.32 156.68 0 36 11/10/2018 37.63 156.66 0.77 
3 7/13/2016 19.37 74.34 0.86 37 11/25/2018 41.22 157.84 0.76 
4 8/2/2016 19.26 86.86 0.45 38 12/15/2018 44.27 156.74 0.02 
5 12/10/2016 43.78 157.21 0.84 39 1/19/2019 43.33 150.18 0.76 
6 12/30/2016 44.88 154.4 0.3 40 1/24/2019 42.52 148.95 0 
7 1/19/2017 43.26 150.05 0 41 2/13/2019 37.95 143.25 0.63 
8 4/29/2017 17.54 97.24 0.92 42 4/4/2019 22.43 119.79 0.85 
9 6/28/2017 19.12 69.47 0.9 43 4/19/2019 19 107.32 0.85 
10 7/28/2017 19.31 82.94 0.42 44 5/24/2019 17.14 76.48 0.54 
11 9/26/2017 24.99 137.74 0.63 45 6/18/2019 18.64 68.64 0.97 
12 10/21/2017 31.98 151.57 0.65 46 11/25/2019 41.16 157.86 0.66 
13 11/5/2017 36.33 155.88 0.91 47 11/30/2019 42.15 157.82 0.58 
14 11/15/2017 38.98 157.31 0.22 48 12/10/2019 43.7 157.27 0.55 
15 1/9/2018 44.43 152.42 0.86 49 2/28/2020 33.54 138.19 0.22 
16 2/8/2018 39.23 144.68 0.8 50 3/14/2020 28.65 131.81 0.85 
17 2/18/2018 36.47 141.53 0.64 51 3/19/2020 27.03 129.28 0.55 
18 2/28/2018 33.4 137.98 0.68 52 3/29/2020 23.94 123.36 0.63 
19 3/10/2018 30.15 133.88 0.89 53 6/7/2020 18.03 70.08 0.46 
20 4/9/2018 21.09 115.77 0.88 54 9/5/2020 20.98 119.41 0.48 
21 4/19/2018 18.97 107.09 0.76 55 10/5/2020 27.39 144.05 0.36 
22 4/24/2018 18.16 102.36 0.11 56 10/20/2020 31.73 151.42 0.69 
23 4/29/2018 17.58 97.47 0.88      
24 5/4/2018 17.16 92.62 0.93      
25 5/19/2018 17 79.69 0.82      
26 5/24/2018 17.17 76.35 0      
27 6/8/2018 18.07 69.97 0.91      
28 7/8/2018 19.34 72.11 0.4      
29 7/13/2018 19.38 74.13 0.57      
30 8/27/2018 20.01 109.69 0.37      
31 9/6/2018 21.09 119.82 0.22      
32 10/6/2018 27.54 144.28 0.27      
33 10/16/2018 30.41 149.49 0.32      
34 10/31/2018 34.84 154.69 0.55      
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Supplementary Table B5: information on image acquisition and attributes for Sentinel-1 frames 

 Path 7  Path 80 

(yyyymmdd) (yyyymmdd) 

20190107 20190112 

20190131 20190124 
20190212 20190205 

20190224 20190217 
20190308 20190301 

20190320 20190313 
20190401 20190325 

20190413 20190406 
20190425 20190430 

20190507 20190512 
20190519 20190524 

20190531 20190605 
20190612 20190617 

20190624 20190711 
20190706 20190723 

20190718 20190804 
20190730 20190816 

20190811 20190828 
20190823 20190909 

20190904 20190921 
20190916 20191003 

20190928 20191015 
20191010 20191027 

20191022 20191108 
20191103 20191120 

20191115 20191202 
20191127 20191214 

20191209 20191226 
20191221   
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Supplementary Table B6: 
Parameters of pairing selection 
thresholds, the matching process, 
and non-local mean filtering of both 
Landsat-8 and Sentinel-2.  

 

 

 

 

 

 

 

 

 

 

 

** Supplementary Table B7-B13 are attached at the end of the Appendix- B 

Sensor  Landsat-8  Sentinel-2  

Baseline SED (˚) 9 8 

selection thresholds SAD (˚) 9 8 
 

TB (days) 2100 1200 

requency correlator and non-local mean 
filter parameters  

  

  

  

  

Initial WS 64 × 64 
 

Final WS 32 × 32 

Step size 4 × 4 6 × 6 

Iterations 4 

Mask 0.9 
 

Noise 1.5 × 𝜎𝜎 

Search area 42 × 42 
 

Patch size 7 × 7 
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Supplementary Table B14: (A) precision of velocity estimate for L8 and S2 in case of pairs with the 
nominal repeat cycles, (B) wights assigned to the offset maps based on the time separation. 

(A) (B) 

Sensor  Res. 
(m)  

nominal 
repeat cycle 

(days)   

precision of  
velocity 
(m/y)  

Landsat-8  15*15 16 34.2*34.2  
Sentinel-2A/B  10*10 6 60.87*60.87 

 

 

Time separation (days)  weight  
0-20 0.2 
21-48 0.3 
49-96 0.4 

96-160 0.5 
126-224 0.6 
224-364 0.8 

larger than 365 1 
 

Supplementary Table B15: quantitative summary of our offset map’s networks. The displayed values 
summarize the following: 1) number of images and the number of offset maps generated to establish the 
inversion networks; 2) the condition number of the design matrices; 3) the threshold considered in including 
the pixels in the invasion; 4) the spatial coverage percentage and the percentages of pixels belong to one and 
two subsets; 4) the reference points used in the absolute calibration of the offset maps. 

Dataset Number 
of 

selected 
pairs  

Number 
of 

scenes  

design  
matrix  

Cond  
number  

stats of pixels conditions  Reference 
point 
(assumed 
to be 
stable) 

threshold 
of 

presence  

one 
subset % 

two 
subsets % 

L8 (183/48)  219 43 219*42 360.98  150 100% 0 S1 

L8 (184/ 48)  222 52 222*51 282.86  150  99.88% 0 .11% S1 

S2(QYV)  295 56 295*55 482.5  170 99.84% 0.078% S1 

S2(QZU)  82 17 82*16 227.85 55  99.99%  0 .01 % S2 

(L8:184/48+T33QYV) 514 95 514*95 705.49  320 97.71% 1.84% S1 

 (183/48+ T33QYV) 512 86 512*86 974.77  320  91.43%  7.03% S1 

 (183/48+ T33QZU) 300 59 300*59 627.92 200 88.34%   10.87% S2 

 

Supplementary Table B16: Analysis of statistical similarities between the different areas (10 Areas): binary 
results of the hypothesis analysis based on the F-test (upper diagonal values) and the Welch two sample T-test 
(lower diagonal values) for each pair of the ten areas for average for F-test: H0: variance of two samples is not 
significantly different. For T-test: H0: two samples mean are not significantly different. Values equal to 1 mean 
that the hypothesis can be rejected whares values equal to 0 refer to the pairs where the hypothesis can be 
accepted. A) annual magnitudes (AAM), B) prevailing migration direction, and C) mean spatial coherence 
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Supplementary Table B17: Analysis of statistical similarities between the different areas (10 Areas): 
Significance level (P-vales) based on the F-test (upper diagonal values) and the Welch two sample T-test (lower 
diagonal values) for each pair of the ten areas for average. For the F-test: H0: two samples are not significantly 
different. For T-test: H0: two samples mean are not significantly different. A A) annual magnitudes (AAM), B) 
prevailing migration direction (PMD), and C) mean spatial coherence (MSC). 

 

1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
1 100 1 1 1 1 1 1 1 1 1 1 100 0 1 1 1 1 1 1 1 1 1 100 1 0 1 1 1 1 1 1 0
2 1 100 1 1 1 0 1 1 0 1 2 1 100 1 1 1 0 1 1 0 1 2 1 100 0 1 1 1 1 1 1 0
3 1 1 100 1 1 1 1 1 1 1 3 1 1 100 0 1 1 1 1 1 1 3 1 1 100 1 1 1 1 1 1 0
4 1 1 1 100 1 1 1 1 1 1 4 1 1 0 100 1 1 1 1 1 1 4 1 1 1 100 1 0 1 1 1 1
5 1 1 1 1 100 1 1 1 1 1 5 1 1 1 1 100 1 1 0 1 1 5 1 1 1 1 100 1 1 0 0 1
6 1 0 1 1 1 100 1 1 0 1 6 1 1 1 1 1 100 1 1 1 1 6 1 1 1 0 1 100 1 1 1 1
7 1 1 1 1 1 1 100 0 1 1 7 1 1 1 1 1 1 100 1 1 1 7 1 1 1 1 1 1 100 1 1 1
8 1 1 1 1 1 1 0 100 1 1 8 1 1 1 1 0 1 1 100 1 1 8 1 1 1 1 0 1 1 100 0 1

9 1 1 1 1 1 0 1 1 100 1 9 0 0 1 1 1 1 1 1 100 1 9 1 1 1 1 1 1 1 1 100 1

10 1 1 1 1 1 1 1 1 1 100 10 1 1 1 1 1 0 1 1 1 100 10 1 1 1 1 1 1 1 1 1 100

(A) (B) (C)

1 6.60E-01 1.50E-09 1.50E-09 0 9.83E-64 5.41E-215 0.00E+00 0.00E+00 0.001147
2.29E-06 1 2.08E-08 2.08E-08 0.00E+00 1.39E-60 2.75E-209 0.00E+00 0 2.24E-04

8.35E-156 1.08E-108 1 1.00E+00 0.00E+00 1.88E-27 7.79E-143 0.00E+00 0.00E+00 1.57E-20
8.35E-156 1.08E-108 1.00E+00 1 0.00E+00 1.88E-27 7.79E-143 0.00E+00 0.00E+00 1.57E-20
0.00E+00 0 0.00E+00 0 1 0.00E+00 0.00E+00 1.00E+00 0.00E+00 0
5.61E-57 8.86E-32 7.03E-18 7.03E-18 0.00E+00 1 2.75E-49 0.00E+00 2.31E-296 1.64E-89

1.23E-200 1.77E-156 8.85E-18 8.85E-18 0.00E+00 2.74E-53 1 0 2.20E-112 2.03E-259
0.00E+00 0 0.00E+00 0.00E+00 1.00E+00 0 0 1 0.00E+00 0.00E+00
6.05E-02 0.27235 9.93E-54 9.93E-54 2.56E-222 3.09E-19 3.02E-91 2.56E-222 1 0.00E+00
2.84E-83 7.11E-48 1.24E-18 1.24E-18 0.00E+00 0.350126 1.53E-57 0.00E+00 2.88E-24 1

1 8.88E-87 5.21E-250 3.76E-125 0 2.26E-95 1.44E-197 1.44E-197 3.03E-79 0.006535
7.29E-22 1 9.26E-47 3.82E-05 1.87E-134 3.22E-01 1.33E-25 1.33E-25 0.363627 2.40E-111
0.00E+00 1.76E-269 1 1.03E-24 1.50E-25 8.30E-41 8.79E-05 8.79E-05 1.39E-52 1.03E-289
9.88E-65 7.36E-17 9.78E-166 1 1.39E-94 1.76E-03 2.15E-10 2.15E-10 5.01E-07 3.22E-154
2.68E-97 3.61E-35 1.15E-167 0.001148 1 3.00E-124 1.08E-46 1.08E-46 3.67E-144 0
7.68E-28 1.40E-01 1.68E-250 5.79E-12 3.39E-27 1 2.73E-21 2.73E-21 5.76E-02 4.94E-121

5.71E-159 1.29E-86 4.16E-62 1.34E-30 1.31E-21 5.87E-75 1 1 6.35E-30 2.56E-233
5.71E-159 1.29E-86 4.16E-62 1.34E-30 1.31E-21 5.87E-75 1 1 6.35E-30 2.56E-233
6.87E-34 0.003243 9.37E-223 1.25E-07 2.93E-19 1.35E-01 1.85E-61 1.85E-61 1 8.32E-103
2.36E-20 5.08E-85 0.00E+00 3.48E-158 2.66E-214 1.22E-96 1.72E-290 1.72E-290 1.20E-106 1

1 2.25E-02 2.46E-01 3.96E-08 6.2E-24 1.14E-05 1.12E-07 6.20E-24 4.23E-20 0.0718
3.71E-33 1 2.62E-01 1.31E-03 5.28E-15 3.50E-02 3.41E-14 5.28E-15 4.82E-12 6.30E-01
4.57E-74 9.34E-10 1 1.46E-05 4.05E-19 1.24E-03 1.02E-10 4.05E-19 9.96E-16 5.22E-01

2.90E-111 1.69E-27 4.49E-07 1 3.95E-06 2.69E-01 4.41E-27 3.95E-06 2.14E-04 2.20E-04
3.27E-213 1.14E-92 2.59E-51 1.71E-23 1 1.08E-08 4.29E-53 1.00E+00 3.61E-01 1.05E-16
2.04E-113 5.31E-28 3.45E-07 1.00E+00 7.20E-24 1 3.68E-22 1.08E-08 1.53E-06 9.60E-03
0.00E+00 0.00E+00 1.56E-241 1.15E-161 1.05E-54 5.04E-165 1 4.29E-53 2.94E-47 1.23E-12
3.27E-213 1.14E-92 2.59E-51 1.71E-23 1.00E+00 7.2E-24 1.05E-54 10 3.61E-01 1.05E-16
4.46E-03 1.01E-16 7.86E-45 5.90E-74 1.16E-157 3.48E-75 0.00E+00 1.16E-157 1 1.47E-13
2.80E-02 3.65E-44 2.82E-89 3.04E-128 4.74E-233 1.2E-130 0.00E+00 4.74E-233 1.37E-06 1

A

B

C
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Supplementary Figure B1: Average monthly wind speed and direction as extracted from the ECMWF/ERA for location located insider the 
Bode’le depression. (A) average monthly of wind directions from2013-2020; (B) average monthly of wind speed from 2013-2020; (C) and (D) 
same as (A) and (B) but for the old years 1984-2008.
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Supplementary Figure B2: Spatial distribution of multi spatial coherence as extracted from four descending 
tracks of Sentinel-1 images. the coherence values range from 0 to 1 with the mobile features score lower 
coherence values and stagnant features score higher coherence values  

 

Supplementary Figure B3: Spatial distribution of active sandy patches as extracted from the masks generated 
by the mean spatial coherence and the AAMs. The red polygon donates the boundaries of the Bode’le 
depression, where the black rectangle donates the boundaries of group of dune fields in the northwest of study 
area. 
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Supplementary Figure B4: Temporal distribution of the pairing network for Landsat-8 frames: A) Frame 
(P:184, R:48), and B) Frame (P:183, R:48) 

 

Supplementary Figure B5: Temporal distribution of the pairing network for Sentinel-2 tiles: A) tile (T33QYV), 
and B) tile (T33QZU) 
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Supplementary Figure B6: Temporal distribution of the pairing network for Sentinel-2 tiles: A) tile (P:183, 
R:48+T33QYV), B) (tile (P:184, R:48) +T33QYV)), and (tile (P:183, R:48) +T33QZU)). 

 

Supplementary Figure B7: Sand roses represent the relationship between the dune migration rates and the 
directions of active dune areas for (A) T33QYV and (B) T33QZU. 
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Supplementary Figure B8: Spatial distribution of the areas of encroachment. The patch size is 100 km2. All sandy features and dune were included 
in the calculation. The projection is UTM–Zone 33N. The background is light gray canvas © using Esri ArcMap 10.3. 
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Supplementary Figure B9: Spatial distribution of average prevailing migration direction estimated for each patch (A). Spatial distribution of the 
concentration ratio estimated for the migration directions estimated for each patch (B). The patch size is 100 km2. All sandy features and dune 
were included in the calculation. The projection is UTM–Zone 33N. The background is light gray canvas © using Esri ArcMap 10.3. 
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Supplementary Figure B10: Same as Figure 6 in the main manuscript but for points from P09 to P16 

 

Supplementary Figure B11: Cumulative projected displacement time series extracted from the inversion 
of the fusion between two sensors. Red, blue, and magenta points denote the inversion fusion of 
(L8:184/48+T33QYV), (L8:183/48+T33QYV), and (L8:183/48+T33QZU), respectively. The black lines 
denote the best linear fit of the CPD. 
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Supplementary Figure B12: Seasonal fluctuations as extracted by subtracting the best linear least square 
fit from the CPDs. 
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Supplementary Figure B13: Average monthly wind speed for the ten points belong to Landsat-8 
183/48extrcted from ECMWF data between 2013–2020. The red lines represent the wind speed, and the 
blue pentagrams denote the acquisition epochs (monthly basis). Panels from A, b, C, D, E, F, G, H, I, J 
denote points P03, P04, P05, P06, P11, P12, P13, P14, P15, and P16. 

 

Supplementary Figure B14: Average monthly wind directions as extracted from the U and V 
components provided by ECMWF data between 2013–2020, for the ten points belong to Landsat-8 
183/48extrcted from. The red lines represent the wind speed, and the blue pentagrams denote the 
acquisition epochs (monthly basis). The green dashed lines denote the boundaries of wind blowout toward 
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the southwest directions. Panels from A, b, C, D, E, F, G, H, I, J denote points P03, P04, P05, P06, P11, 
P12, P13, P14, P15, and P16. 

 

(A) 

 

(B) 

 

 

 Supplementary Figure B15: Uncertainty of offset maps after the inversion (A) and the percentage of 
Improvement in the uncertainty before and after the inversion (B) for S2 frame (QYV). The colored cells 
represent the different pairs where each pair is defined by the acquisition dates. The master (y-axis) and 
slave (x-axis). The acquisition dates of each frame can be found in Table S4.
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Supplementary Table B7: Information on image pairs and associated baselines (S2:T33QYV)

Pair 
ID 

Master date Slave date 
SED 
(˚) 

SAD 
(˚) 

TB 
(days) 

P001 11/26/2015 12/16/2015 2.96 1.17 20 

P002 11/26/2015 12/10/2016 2.42 0.64 380 

P003 11/26/2015 12/30/2016 3.52 3.46 400 

P004 11/26/2015 1/19/2017 1.89 7.8 420 

P005 11/26/2015 10/21/2017 9.38 6.29 695 

P006 11/26/2015 11/5/2017 5.04 1.98 710 

P007 11/26/2015 11/15/2017 2.38 0.54 720 

P008 11/26/2015 1/9/2018 3.07 5.43 775 

P009 11/26/2015 10/31/2018 6.53 3.16 1070 

P010 11/26/2015 11/5/2018 5.11 2.03 1075 

P011 11/26/2015 11/10/2018 3.73 1.19 1080 

P012 11/26/2015 11/25/2018 0.15 0.01 1095 

P013 11/26/2015 12/15/2018 2.9 1.11 1115 

P014 11/26/2015 1/19/2019 1.96 7.67 1150 

P015 11/26/2015 1/24/2019 1.15 8.91 1155 

P016 12/16/2015 12/10/2016 0.54 0.53 360 

P017 12/16/2015 12/30/2016 0.56 2.28 380 

P018 12/16/2015 1/19/2017 1.06 6.63 400 

P019 12/16/2015 11/5/2017 8 0.8 690 

P020 12/16/2015 11/15/2017 5.34 0.63 700 

P021 12/16/2015 1/9/2018 0.11 4.26 755 

P022 12/16/2015 10/31/2018 9.49 1.99 1050 

P023 12/16/2015 11/5/2018 8.06 0.86 1055 

P024 12/16/2015 11/10/2018 6.69 0.01 1060 

P025 12/16/2015 11/25/2018 3.11 1.16 1075 

P026 12/16/2015 12/15/2018 0.06 0.06 1095 

P027 12/16/2015 1/19/2019 1 6.5 1130 

P028 12/16/2015 1/24/2019 1.81 7.73 1135 

P029 7/13/2016 6/28/2017 0.25 4.87 350 

P030 7/13/2016 7/28/2017 0.06 8.6 380 

P031 7/13/2016 5/19/2018 2.37 5.35 675 

P032 7/13/2016 5/24/2018 2.2 2.01 680 

P033 7/13/2016 6/8/2018 1.3 4.37 695 

P034 7/13/2016 7/8/2018 0.03 2.23 725 

P035 7/13/2016 7/13/2018 0.01 0.21 730 

P036 7/13/2016 5/24/2019 2.23 2.14 1045 

P037 7/13/2016 6/18/2019 0.73 5.71 1070 

P038 8/2/2016 7/28/2017 0.05 3.92 360 

P039 8/2/2016 5/4/2018 2.1 5.76 640 

P040 8/2/2016 5/19/2018 2.26 7.17 655 

P041 12/10/2016 12/30/2016 1.1 2.81 20 

P042 12/10/2016 1/19/2017 0.52 7.16 40 

P043 12/10/2016 11/5/2017 7.46 1.33 330 

P044 12/10/2016 11/15/2017 4.8 0.1 340 

P045 12/10/2016 1/9/2018 0.65 4.79 395 

P046 12/10/2016 10/31/2018 8.95 2.52 690 

P047 12/10/2016 11/5/2018 7.53 1.39 695 

P048 12/10/2016 11/10/2018 6.15 0.55 700 

P049 12/10/2016 11/25/2018 2.57 0.63 715 

P050 12/10/2016 12/15/2018 0.48 0.47 735 

P051 12/10/2016 1/19/2019 0.46 7.03 770 

P052 12/10/2016 1/24/2019 1.27 8.26 775 

P053 12/10/2016 11/25/2019 2.62 0.65 1080 

P054 12/10/2016 11/30/2019 1.64 0.61 1085 

P055 12/10/2016 12/10/2019 0.09 0.06 1095 

P056 12/30/2016 1/19/2017 1.62 4.35 20 

P057 12/30/2016 11/5/2017 8.56 1.48 310 

P058 12/30/2016 11/15/2017 5.9 2.92 320 

P059 12/30/2016 1/9/2018 0.45 1.97 375 

P060 12/30/2016 2/8/2018 5.66 9.71 405 

P061 12/30/2016 11/5/2018 8.63 1.43 675 

P062 12/30/2016 11/10/2018 7.25 2.27 680 

P063 12/30/2016 11/25/2018 3.67 3.44 695 

P064 12/30/2016 12/15/2018 0.62 2.34 715 

P065 12/30/2016 1/19/2019 1.56 4.21 750 

P066 12/30/2016 1/24/2019 2.37 5.45 755 

P067 12/30/2016 11/25/2019 3.72 3.46 1060 

P068 12/30/2016 11/30/2019 2.74 3.42 1065 

P069 12/30/2016 12/10/2019 1.19 2.88 1075 

P070 1/19/2017 11/5/2017 6.93 5.83 290 

P071 1/19/2017 11/15/2017 4.28 7.26 300 

P072 1/19/2017 1/9/2018 1.17 2.37 355 

P073 1/19/2017 2/8/2018 4.04 5.37 385 

P074 1/19/2017 2/18/2018 6.79 8.52 395 

P075 1/19/2017 10/31/2018 8.43 4.64 650 

P076 1/19/2017 11/5/2018 7 5.77 655 

P077 1/19/2017 11/10/2018 5.63 6.61 660 

P078 1/19/2017 11/25/2018 2.04 7.79 675 

P079 1/19/2017 12/15/2018 1.01 6.69 695 

P080 1/19/2017 1/19/2019 0.07 0.13 730 

P081 1/19/2017 1/24/2019 0.74 1.1 735 

P082 1/19/2017 2/13/2019 5.31 6.8 755 

P083 1/19/2017 11/25/2019 2.1 7.81 1040 

P084 1/19/2017 11/30/2019 1.11 7.77 1045 
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P085 1/19/2017 12/10/2019 0.44 7.22 1055 

P086 4/29/2017 4/19/2018 1.43 9.84 355 

P087 4/29/2017 4/24/2018 0.62 5.11 360 

P088 4/29/2017 4/29/2018 0.04 0.23 365 

P089 4/29/2017 5/4/2018 0.38 4.62 370 

P090 6/28/2017 5/24/2018 1.95 6.88 330 

P091 6/28/2017 6/8/2018 1.05 0.5 345 

P092 6/28/2017 7/8/2018 0.23 2.64 375 

P093 6/28/2017 7/13/2018 0.26 4.66 380 

P094 6/28/2017 5/24/2019 1.98 7.02 695 

P095 6/28/2017 6/18/2019 0.48 0.83 720 

P096 6/28/2017 6/7/2020 1.09 0.61 1075 

P097 7/28/2017 5/4/2018 2.15 9.68 280 

P098 7/28/2017 5/19/2018 2.31 3.25 295 

P099 7/28/2017 5/24/2018 2.14 6.6 300 

P100 7/28/2017 7/13/2018 0.07 8.82 350 

P101 7/28/2017 5/24/2019 2.17 6.46 665 

P102 9/26/2017 2/28/2018 8.41 0.24 155 

P103 9/26/2017 3/10/2018 5.16 3.86 165 

P104 9/26/2017 10/6/2018 2.55 6.54 375 

P105 9/26/2017 2/28/2020 8.55 0.45 885 

P106 9/26/2017 3/14/2020 3.67 5.94 900 

P107 9/26/2017 3/19/2020 2.04 8.46 905 

P108 9/26/2017 10/5/2020 2.4 6.31 1105 

P109 10/21/2017 11/5/2017 4.34 4.31 15 

P110 10/21/2017 11/15/2017 7 5.74 25 

P111 10/21/2017 2/8/2018 7.24 6.89 110 

P112 10/21/2017 10/6/2018 4.44 7.28 350 

P113 10/21/2017 10/16/2018 1.57 2.08 360 

P114 10/21/2017 10/31/2018 2.85 3.12 375 

P115 10/21/2017 11/5/2018 4.28 4.26 380 

P116 10/21/2017 11/10/2018 5.65 5.1 385 

P117 10/21/2017 11/25/2018 9.23 6.27 400 

P118 10/21/2017 2/13/2019 5.96 8.31 480 

P119 10/21/2017 11/25/2019 9.18 6.29 765 

P120 10/21/2017 10/5/2020 4.6 7.51 1080 

P121 10/21/2017 10/20/2020 0.25 0.14 1095 

P122 11/5/2017 1/9/2018 8.1 3.45 65 

P123 11/5/2017 10/16/2018 5.92 6.39 345 

P124 11/5/2017 10/31/2018 1.49 1.18 360 

P125 11/5/2017 11/5/2018 0.07 0.05 365 

P126 11/5/2017 11/10/2018 1.3 0.79 370 

P127 11/5/2017 11/25/2018 4.89 1.96 385 

P128 11/5/2017 12/15/2018 7.94 0.87 405 

P129 11/5/2017 1/19/2019 7 5.69 440 

P130 11/5/2017 1/24/2019 6.19 6.93 445 

P131 11/5/2017 11/25/2019 4.83 1.98 750 

P132 11/5/2017 11/30/2019 5.82 1.94 755 

P133 11/5/2017 12/10/2019 7.37 1.4 765 

P134 11/5/2017 10/20/2020 4.6 4.45 1080 

P135 11/15/2017 1/9/2018 5.45 4.89 55 

P136 11/15/2017 10/16/2018 8.57 7.82 335 

P137 11/15/2017 10/31/2018 4.15 2.62 350 

P138 11/15/2017 11/5/2018 2.72 1.49 355 

P139 11/15/2017 11/10/2018 1.35 0.65 360 

P140 11/15/2017 11/25/2018 2.24 0.53 375 

P141 11/15/2017 12/15/2018 5.28 0.57 395 

P142 11/15/2017 1/19/2019 4.34 7.13 430 

P143 11/15/2017 1/24/2019 3.54 8.36 435 

P144 11/15/2017 11/25/2019 2.18 0.55 740 

P145 11/15/2017 11/30/2019 3.17 0.51 745 

P146 11/15/2017 12/10/2019 4.71 0.04 755 

P147 11/15/2017 10/20/2020 7.25 5.89 1070 

P148 1/9/2018 2/8/2018 5.21 7.74 30 

P149 1/9/2018 10/31/2018 9.6 2.27 295 

P150 1/9/2018 11/5/2018 8.17 3.4 300 

P151 1/9/2018 11/10/2018 6.8 4.24 305 

P152 1/9/2018 11/25/2018 3.21 5.42 320 

P153 1/9/2018 12/15/2018 0.16 4.32 340 

P154 1/9/2018 1/19/2019 1.11 2.24 375 

P155 1/9/2018 1/24/2019 1.91 3.48 380 

P156 1/9/2018 2/13/2019 6.48 9.17 400 

P157 1/9/2018 11/25/2019 3.27 5.44 685 

P158 1/9/2018 11/30/2019 2.28 5.4 690 

P159 1/9/2018 12/10/2019 0.74 4.85 700 

P160 2/8/2018 2/28/2018 5.83 6.7 20 

P161 2/8/2018 10/16/2018 8.81 4.81 250 

P162 2/8/2018 1/19/2019 4.1 5.5 345 

P163 2/8/2018 1/24/2019 3.29 4.27 350 

P164 2/8/2018 2/13/2019 1.28 1.43 370 

P165 2/8/2018 2/28/2020 5.69 6.49 750 

P166 2/8/2018 10/20/2020 7.49 6.74 985 

P167 2/18/2018 3/10/2018 6.32 7.65 20 

P168 2/18/2018 10/6/2018 8.93 2.76 230 

P169 2/18/2018 10/16/2018 6.06 7.96 240 

P170 2/18/2018 1/19/2019 6.86 8.66 335 

P171 2/18/2018 1/24/2019 6.05 7.42 340 

P172 2/18/2018 2/13/2019 1.48 1.72 360 
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P173 2/18/2018 2/28/2020 2.93 3.34 740 

P174 2/18/2018 3/14/2020 7.82 9.72 755 

P175 2/18/2018 10/5/2020 9.08 2.52 960 

P176 2/18/2018 10/20/2020 4.74 9.9 975 

P177 2/28/2018 10/6/2018 5.86 6.31 220 

P178 2/28/2018 2/13/2019 4.55 5.27 350 

P179 2/28/2018 2/28/2020 0.14 0.21 730 

P180 2/28/2018 3/14/2020 4.74 6.17 745 

P181 2/28/2018 3/19/2020 6.37 8.7 750 

P182 2/28/2018 10/5/2020 6.01 6.07 950 

P183 3/10/2018 2/13/2019 7.8 9.37 340 

P184 3/10/2018 2/28/2020 3.39 4.31 720 

P185 3/10/2018 3/14/2020 1.49 2.07 735 

P186 3/10/2018 3/19/2020 3.12 4.6 740 

P187 4/9/2018 8/27/2018 1.08 6.07 140 

P188 4/9/2018 9/6/2018 0 4.05 150 

P189 4/9/2018 4/4/2019 1.34 4.02 360 

P190 4/9/2018 4/19/2019 2.09 8.45 375 

P191 4/9/2018 3/29/2020 2.85 7.6 720 

P192 4/9/2018 9/5/2020 0.11 3.64 880 

P193 4/19/2018 8/27/2018 1.04 2.61 130 

P194 4/19/2018 4/19/2019 0.03 0.23 365 

P195 4/24/2018 8/27/2018 1.85 7.34 125 

P196 4/24/2018 4/19/2019 0.83 4.96 360 

P197 4/29/2018 4/19/2019 1.42 9.85 355 

P198 5/19/2018 6/8/2018 1.08 9.73 20 

P199 5/19/2018 7/8/2018 2.35 7.58 50 

P200 5/19/2018 7/13/2018 2.38 5.57 55 

P201 5/19/2018 5/24/2019 0.14 3.21 370 

P202 5/19/2018 6/7/2020 1.03 9.62 750 

P203 5/24/2018 6/8/2018 0.9 6.38 15 

P204 5/24/2018 7/8/2018 2.17 4.24 45 

P205 5/24/2018 7/13/2018 2.21 2.22 50 

P206 5/24/2018 5/24/2019 0.03 0.14 365 

P207 5/24/2018 6/18/2019 1.47 7.71 390 

P208 5/24/2018 6/7/2020 0.86 6.27 745 

P209 6/8/2018 7/8/2018 1.27 2.14 30 

P210 6/8/2018 7/13/2018 1.31 4.16 35 

P211 6/8/2018 5/24/2019 0.93 6.52 350 

P212 6/8/2018 6/18/2019 0.57 1.33 375 

P213 6/8/2018 6/7/2020 0.04 0.11 730 

P214 7/8/2018 5/24/2019 2.21 4.37 320 

P215 7/8/2018 6/18/2019 0.7 3.47 345 

P216 7/8/2018 6/7/2020 1.31 2.04 700 

P217 7/13/2018 5/24/2019 2.24 2.36 315 

P218 7/13/2018 6/18/2019 0.74 5.49 340 

P219 7/13/2018 6/7/2020 1.35 4.05 695 

P220 8/27/2018 4/19/2019 1.01 2.37 235 

P221 8/27/2018 9/5/2020 0.97 9.71 740 

P222 9/6/2018 4/4/2019 1.34 0.03 210 

P223 9/6/2018 3/19/2020 5.94 9.46 560 

P224 9/6/2018 3/29/2020 2.85 3.54 570 

P225 9/6/2018 9/5/2020 0.11 0.41 730 

P226 10/6/2018 2/28/2020 6 6.1 510 

P227 10/6/2018 10/5/2020 0.15 0.23 730 

P228 10/6/2018 10/20/2020 4.19 7.14 745 

P229 10/16/2018 10/31/2018 4.42 5.2 15 

P230 10/16/2018 11/5/2018 5.85 6.34 20 

P231 10/16/2018 11/10/2018 7.22 7.18 25 

P232 10/16/2018 2/13/2019 7.54 6.23 120 

P233 10/16/2018 10/5/2020 3.02 5.43 720 

P234 10/16/2018 10/20/2020 1.32 1.94 735 

P235 10/31/2018 11/25/2018 6.38 3.15 25 

P236 10/31/2018 12/15/2018 9.43 2.05 45 

P237 10/31/2018 1/19/2019 8.49 4.51 80 

P238 10/31/2018 1/24/2019 7.68 5.74 85 

P239 10/31/2018 11/25/2019 6.32 3.17 390 

P240 10/31/2018 11/30/2019 7.31 3.13 395 

P241 10/31/2018 12/10/2019 8.86 2.58 405 

P242 10/31/2018 10/20/2020 3.1 3.27 720 

P243 11/5/2018 11/25/2018 4.96 2.02 20 

P244 11/5/2018 12/15/2018 8.01 0.92 40 

P245 11/5/2018 1/19/2019 7.07 5.64 75 

P246 11/5/2018 1/24/2019 6.26 6.88 80 

P247 11/5/2018 11/25/2019 4.9 2.04 385 

P248 11/5/2018 11/30/2019 5.89 1.99 390 

P249 11/5/2018 12/10/2019 7.44 1.45 400 

P250 11/5/2018 10/20/2020 4.53 4.4 715 

P251 11/10/2018 11/25/2018 3.59 1.17 15 

P252 11/10/2018 12/15/2018 6.63 0.08 35 

P253 11/10/2018 1/19/2019 5.69 6.48 70 

P254 11/10/2018 1/24/2019 4.89 7.72 75 

P255 11/10/2018 11/25/2019 3.53 1.2 380 

P256 11/10/2018 11/30/2019 4.52 1.15 385 

P257 11/10/2018 12/10/2019 6.06 0.61 395 

P258 11/10/2018 10/20/2020 5.9 5.24 710 

P259 11/25/2018 12/15/2018 3.05 1.1 20 

P260 11/25/2018 1/19/2019 2.11 7.65 55 
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P261 11/25/2018 1/24/2019 1.3 8.89 60 

P262 11/25/2018 11/25/2019 0.06 0.02 365 

P263 11/25/2018 11/30/2019 0.93 0.02 370 

P264 11/25/2018 12/10/2019 2.48 0.57 380 

P265 11/25/2018 10/20/2020 9.49 6.42 695 

P266 12/15/2018 1/19/2019 0.94 6.56 35 

P267 12/15/2018 1/24/2019 1.75 7.79 40 

P268 12/15/2018 11/25/2019 3.11 1.12 345 

P269 12/15/2018 11/30/2019 2.12 1.08 350 

P270 12/15/2018 12/10/2019 0.57 0.53 360 

P271 1/19/2019 2/13/2019 5.38 6.93 25 

P272 1/19/2019 11/25/2019 2.17 7.68 310 

P273 1/19/2019 11/30/2019 1.18 7.63 315 

P274 1/19/2019 12/10/2019 0.37 7.09 325 

P275 1/24/2019 2/13/2019 4.57 5.69 20 

P276 1/24/2019 11/25/2019 1.36 8.91 305 

P277 1/24/2019 11/30/2019 0.37 8.87 310 

P278 1/24/2019 12/10/2019 1.18 8.33 320 

P279 2/13/2019 2/28/2020 4.41 5.07 380 

P280 2/13/2019 10/20/2020 6.22 8.17 615 

P281 4/4/2019 3/19/2020 4.6 9.49 350 

P282 4/4/2019 3/29/2020 1.51 3.58 360 

P283 4/4/2019 9/5/2020 1.45 0.38 520 

P284 5/24/2019 6/18/2019 1.5 7.85 25 

P285 5/24/2019 6/7/2020 0.89 6.41 380 

P286 6/18/2019 6/7/2020 0.61 1.44 355 

P287 11/25/2019 12/10/2019 2.54 0.59 15 

P288 11/25/2019 10/20/2020 9.43 6.44 330 

P289 2/28/2020 3/14/2020 4.89 6.38 15 

P290 2/28/2020 3/19/2020 6.51 8.91 20 

P291 2/28/2020 10/5/2020 6.15 5.87 220 

P292 3/14/2020 3/29/2020 4.72 8.44 15 

P293 3/19/2020 9/5/2020 6.05 9.87 170 

P294 3/29/2020 9/5/2020 2.95 3.95 160 

P295 10/5/2020 10/20/2020 4.34 7.37 15 

Supplementary Table B8: Information on image pairs and associated baselines (S2:T33QZU)

Pair 
ID 

Master date Slave date 
SED 
(˚) 

SAD 
(˚) 

TB 
(days) 

P001 1/16/2017 11/17/2017 4.38 6.38 305 

P002 1/16/2017 11/27/2017 2.2 6.91 315 

P003 1/16/2017 12/12/2017 0.12 6.3 330 

P004 1/16/2017 12/27/2017 1.1 4.25 345 

P005 1/16/2017 2/10/2018 4.77 7.01 390 

P006 1/16/2017 2/15/2018 6.08 8.69 395 

P007 1/16/2017 11/2/2018 8.39 3.79 655 

P008 1/16/2017 11/12/2018 5.7 5.8 665 

P009 1/16/2017 11/22/2018 3.31 6.79 675 

P010 1/16/2017 12/12/2018 0.1 6.31 695 

P011 1/16/2017 1/11/2019 0.55 1.33 725 

P012 1/16/2017 1/21/2019 0.62 1.11 735 

P013 1/16/2017 1/31/2019 2.41 3.86 745 

P014 1/16/2017 2/5/2019 3.5 5.37 750 

P015 1/16/2017 11/17/2019 4.52 6.4 1035 

P016 11/17/2017 12/12/2017 4.51 0.08 25 

P017 11/17/2017 12/27/2017 5.48 2.13 40 

P018 11/17/2017 11/2/2018 4.01 2.58 350 

P019 11/17/2017 11/12/2018 1.32 0.58 360 

P020 11/17/2017 11/22/2018 1.08 0.41 370 

P021 11/17/2017 12/12/2018 4.48 0.07 390 

P022 11/17/2017 1/11/2019 4.94 5.05 420 

P023 11/17/2017 1/21/2019 3.76 7.49 430 

P024 11/17/2017 11/17/2019 0.14 0.02 730 

P025 11/27/2017 12/12/2017 2.32 0.61 15 

P026 11/27/2017 12/27/2017 3.3 2.66 30 

P027 11/27/2017 11/2/2018 6.19 3.11 340 

P028 11/27/2017 11/12/2018 3.5 1.11 350 

P029 11/27/2017 11/22/2018 1.11 0.12 360 

P030 11/27/2017 12/12/2018 2.3 0.6 380 

P031 11/27/2017 1/11/2019 2.75 5.58 410 

P032 11/27/2017 1/21/2019 1.57 8.02 420 

P033 11/27/2017 11/17/2019 2.32 0.51 720 

P034 12/12/2017 12/27/2017 0.97 2.04 15 

P035 12/12/2017 11/12/2018 5.82 0.5 335 

P036 12/12/2017 11/22/2018 3.43 0.5 345 

P037 12/12/2017 12/12/2018 0.02 0.02 365 

P038 12/12/2017 1/11/2019 0.43 4.96 395 
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P039 12/12/2017 1/21/2019 0.75 7.4 405 

P040 12/12/2017 11/17/2019 4.65 0.11 705 

P041 12/27/2017 11/12/2018 6.8 1.55 320 

P042 12/27/2017 11/22/2018 4.4 2.54 330 

P043 12/27/2017 12/12/2018 1 2.06 350 

P044 12/27/2017 1/11/2019 0.54 2.92 380 

P045 12/27/2017 1/21/2019 1.72 5.36 390 

P046 12/27/2017 1/31/2019 3.51 8.11 400 

P047 12/27/2017 2/5/2019 4.59 9.62 405 

P048 12/27/2017 11/17/2019 5.62 2.15 690 

P049 2/10/2018 1/11/2019 5.33 8.34 335 

P050 2/10/2018 1/21/2019 4.15 5.9 345 

P051 2/10/2018 1/31/2019 2.36 3.15 355 

P052 2/10/2018 2/5/2019 1.28 1.64 360 

P053 2/10/2018 2/20/2019 2.67 3.33 375 

P054 2/15/2018 1/21/2019 5.46 7.58 340 

P055 2/15/2018 1/31/2019 3.67 4.83 350 

P056 2/15/2018 2/5/2019 2.59 3.33 355 

P057 2/15/2018 2/20/2019 1.36 1.65 370 

P058 11/2/2018 11/22/2018 5.08 3 20 

P059 11/2/2018 1/21/2019 7.77 4.9 80 

P060 11/2/2018 1/31/2019 5.98 7.65 90 

P061 11/2/2018 2/5/2019 4.89 9.16 95 

P062 11/2/2018 11/17/2019 3.87 2.61 380 

P063 11/12/2018 12/12/2018 5.8 0.51 30 

P064 11/12/2018 1/11/2019 6.25 4.47 60 

P065 11/12/2018 1/21/2019 5.07 6.91 70 

P066 11/12/2018 1/31/2019 3.29 9.66 80 

P067 11/12/2018 11/17/2019 1.18 0.6 370 

P068 11/22/2018 12/12/2018 3.41 0.48 20 

P069 11/22/2018 1/11/2019 3.86 5.46 50 

P070 11/22/2018 1/21/2019 2.68 7.9 60 

P071 11/22/2018 11/17/2019 1.21 0.39 360 

P072 12/12/2018 1/11/2019 0.45 4.98 30 

P073 12/12/2018 1/21/2019 0.72 7.42 40 

P074 12/12/2018 11/17/2019 4.62 0.09 340 

P075 1/11/2019 1/31/2019 2.96 5.19 20 

P076 1/11/2019 2/5/2019 4.05 6.7 25 

P077 1/11/2019 11/17/2019 5.07 5.07 310 

P078 1/21/2019 2/5/2019 2.87 4.26 15 

P079 1/21/2019 2/20/2019 6.82 9.23 30 

P080 1/21/2019 11/17/2019 3.9 7.51 300 

P081 1/31/2019 2/20/2019 5.03 6.48 20 

P082 2/5/2019 2/20/2019 3.94 4.97 15 

 

Supplementary Table B9: Information on image pairs and associated baselines (L8:184/48)

Pair 
ID 

Master date Slave date 
SED 
(˚) 

SAD 
(˚) 

TB 
(days) 

P001 5/16/2013 7/3/2013 2.14 9.21 48 

P002 5/16/2013 5/22/2015 0.79 3.03 736 

P003 5/16/2013 7/11/2016 2.8 6.76 1152 

P004 5/16/2013 5/27/2017 0.87 5.61 1472 

P005 5/16/2013 5/30/2018 1.19 6.64 1840 

P006 5/16/2013 7/17/2018 3.02 4.68 1888 

P007 5/16/2013 8/18/2018 3.04 14.73 1920 

P008 5/16/2013 7/22/2020 2.88 2.25 2624 

P009 7/3/2013 6/20/2014 0.02 1.26 352 

P010 7/3/2013 5/22/2015 1.36 6.18 688 

P011 7/3/2013 6/23/2015 0.2 1.15 720 

P012 7/3/2013 7/11/2016 0.65 2.44 1104 

P013 7/3/2013 5/27/2017 1.27 3.59 1424 

P014 7/3/2013 6/2/2019 1.02 1.55 2160 

P015 7/3/2013 5/30/2018 0.96 2.57 1792 

P016 7/3/2013 7/17/2018 0.87 4.52 1840 

P017 7/3/2013 7/22/2020 0.73 6.96 2576 

P018 10/23/2013 2/12/2014 6.37 7.39 112 

P019 10/23/2013 10/26/2014 0.96 0.49 368 

P020 10/23/2013 11/27/2014 8.77 6.55 400 

P021 10/23/2013 1/30/2015 9.41 3.49 464 

P022 10/23/2013 11/14/2015 5.84 5.28 752 

P023 10/23/2013 2/18/2016 5.09 9.54 848 

P024 10/23/2013 10/18/2017 1.09 2.68 1456 

P025 10/23/2013 11/19/2017 7.13 6.02 1488 

P026 10/23/2013 10/21/2018 0.31 1.59 1824 
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P027 10/23/2013 11/22/2018 7.77 6.19 1856 

P028 2/12/2014 10/26/2014 5.41 7.88 256 

P029 2/12/2014 1/30/2015 3.05 3.89 352 

P030 2/12/2014 1/17/2016 5.01 7.5 704 

P031 2/12/2014 2/18/2016 1.27 2.16 736 

P032 2/12/2014 1/19/2017 4.67 6.82 1072 

P033 2/12/2014 10/18/2017 7.46 4.71 1344 

P034 2/12/2014 10/21/2018 6.68 5.79 1712 

P035 2/12/2014 1/25/2019 3.92 5.29 1808 

P036 2/12/2014 1/28/2020 3.41 4.6 2176 

P037 4/17/2014 4/22/2016 0.72 4.3 736 

P038 4/17/2014 8/28/2016 0.63 2.01 864 

P039 4/17/2014 8/31/2017 0.82 4.33 1232 

P040 4/17/2014 8/18/2018 0.4 6.64 1584 

P041 4/17/2014 4/17/2020 0.01 0.5 2192 

P042 6/20/2014 5/22/2015 1.34 7.44 336 

P043 6/20/2014 6/23/2015 0.23 0.11 368 

P044 6/20/2014 7/11/2016 0.67 3.7 752 

P045 6/20/2014 5/27/2017 1.25 4.85 1072 

P046 6/20/2014 5/30/2018 0.93 3.83 1440 

P047 6/20/2014 7/17/2018 0.9 5.78 1488 

P048 6/20/2014 6/2/2019 1 2.82 1808 

P049 6/20/2014 7/20/2019 0.73 6.93 1856 

P050 6/20/2014 6/20/2020 0.04 0.01 2192 

P051 10/26/2014 11/27/2014 7.81 6.06 32 

P052 10/26/2014 1/30/2015 8.45 3.98 96 

P053 10/26/2014 11/14/2015 4.88 4.79 384 

P054 10/26/2014 10/18/2017 2.05 3.17 1088 

P055 10/26/2014 11/19/2017 6.17 5.53 1120 

P056 10/26/2014 10/21/2018 1.27 2.08 1456 

P057 10/26/2014 11/22/2018 6.81 5.7 1488 

P058 10/26/2014 1/25/2019 9.32 2.59 1552 

P059 10/26/2014 11/9/2019 3.61 3.98 1840 

P060 10/26/2014 1/28/2020 8.82 3.28 1920 

P061 11/27/2014 12/29/2014 3.53 2.48 32 

P062 11/27/2014 11/14/2015 2.93 1.27 352 

P063 11/27/2014 12/16/2015 2.8 0.67 384 

P064 11/27/2014 1/17/2016 2.6 6.44 416 

P065 11/27/2014 1/19/2017 2.27 7.11 784 

P066 11/27/2014 11/19/2017 1.64 0.52 1088 

P067 11/27/2014 10/18/2017 9.86 9.23 1056 

P068 11/27/2014 10/21/2018 9.08 8.14 1424 

P069 11/27/2014 11/22/2018 1 0.36 1456 

P070 11/27/2014 1/25/2019 1.52 8.65 1520 

P071 11/27/2014 11/9/2019 4.2 2.08 1808 

P072 11/27/2014 12/11/2019 2.21 0.18 1840 

P073 11/27/2014 1/28/2020 1.01 9.34 1888 

P074 12/29/2014 1/30/2015 2.88 7.56 32 

P075 12/29/2014 11/14/2015 6.45 1.21 320 

P076 12/29/2014 12/16/2015 0.73 1.81 352 

P077 12/29/2014 1/17/2016 0.92 3.96 384 

P078 12/29/2014 1/19/2017 1.26 4.64 752 

P079 12/29/2014 11/19/2017 5.17 1.95 1056 

P080 12/29/2014 11/22/2018 4.52 2.12 1424 

P081 12/29/2014 1/25/2019 2.01 6.17 1488 

P082 12/29/2014 11/9/2019 7.73 0.4 1776 

P083 12/29/2014 12/11/2019 1.31 2.29 1808 

P084 12/29/2014 1/28/2020 2.51 6.86 1856 

P085 1/30/2015 11/14/2015 3.57 8.77 288 

P086 1/30/2015 12/16/2015 2.15 9.37 320 

P087 1/30/2015 1/17/2016 1.96 3.6 352 

P088 1/30/2015 2/18/2016 4.32 6.05 384 

P089 1/30/2015 1/19/2017 1.62 2.92 720 

P090 1/30/2015 11/19/2017 2.29 9.51 1024 

P091 1/30/2015 10/21/2018 9.73 1.9 1360 

P092 1/30/2015 11/22/2018 1.64 9.68 1392 

P093 1/30/2015 1/25/2019 0.87 1.39 1456 

P094 1/30/2015 11/9/2019 4.85 7.96 1744 

P095 1/30/2015 12/11/2019 1.57 9.85 1776 

P096 1/30/2015 1/28/2020 0.37 0.7 1824 

P097 5/22/2015 6/23/2015 1.56 7.33 32 

P098 5/22/2015 7/11/2016 2.01 3.74 416 

P099 5/22/2015 5/27/2017 0.08 2.59 736 

P100 5/22/2015 5/30/2018 0.4 3.61 1104 

P101 5/22/2015 7/17/2018 2.23 1.66 1152 

P102 5/22/2015 6/2/2019 0.34 4.62 1472 
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P103 5/22/2015 7/20/2019 2.06 0.51 1520 

P104 5/22/2015 6/20/2020 1.38 7.43 1856 

P105 5/22/2015 7/22/2020 2.09 0.78 1888 

P106 6/23/2015 7/11/2016 0.45 3.59 384 

P107 6/23/2015 5/27/2017 1.48 4.74 704 

P108 6/23/2015 5/30/2018 1.16 3.72 1072 

P109 6/23/2015 7/17/2018 0.67 5.67 1120 

P110 6/23/2015 6/2/2019 1.23 2.7 1440 

P111 6/23/2015 7/20/2019 0.5 6.82 1488 

P112 6/23/2015 6/20/2020 0.18 0.11 1824 

P113 6/23/2015 7/22/2020 0.53 8.11 1856 

P114 9/27/2015 9/29/2016 0.5 2.04 368 

P115 9/27/2015 3/11/2018 5.02 2.93 896 

P116 9/27/2015 9/22/2019 0.99 3.58 1456 

P117 9/27/2015 3/16/2020 3.35 5.6 1632 

P118 11/14/2015 12/16/2015 5.72 0.6 32 

P119 11/14/2015 1/17/2016 5.53 5.17 64 

P120 11/14/2015 1/19/2017 5.2 5.85 432 

P121 11/14/2015 10/18/2017 6.93 7.96 704 

P122 11/14/2015 11/19/2017 1.29 0.74 736 

P123 11/14/2015 10/21/2018 6.15 6.88 1072 

P124 11/14/2015 11/22/2018 1.93 0.91 1104 

P125 11/14/2015 1/25/2019 4.44 7.38 1168 

P126 11/14/2015 11/9/2019 1.27 0.81 1456 

P127 11/14/2015 12/11/2019 5.14 1.08 1488 

P128 11/14/2015 1/28/2020 3.94 8.07 1536 

P129 12/16/2015 1/17/2016 0.19 5.77 32 

P130 12/16/2015 1/19/2017 0.53 6.45 400 

P131 12/16/2015 11/19/2017 4.44 0.14 704 

P132 12/16/2015 11/22/2018 3.79 0.31 1072 

P133 12/16/2015 1/25/2019 1.28 7.98 1136 

P134 12/16/2015 11/9/2019 7 1.41 1424 

P135 12/16/2015 12/11/2019 0.58 0.48 1456 

P136 12/16/2015 1/28/2020 1.78 8.67 1504 

P137 1/17/2016 2/18/2016 6.28 9.65 32 

P138 1/17/2016 1/19/2017 0.33 0.68 368 

P139 1/17/2016 11/19/2017 4.24 5.91 672 

P140 1/17/2016 11/22/2018 3.6 6.08 1040 

P141 1/17/2016 1/25/2019 1.09 2.21 1104 

P142 1/17/2016 11/9/2019 6.8 4.36 1392 

P143 1/17/2016 12/11/2019 0.39 6.25 1424 

P144 1/17/2016 1/28/2020 1.59 2.9 1472 

P145 2/18/2016 1/19/2017 5.95 8.98 336 

P146 2/18/2016 10/18/2017 6.19 6.86 608 

P147 2/18/2016 3/11/2018 6.17 8.89 752 

P148 2/18/2016 10/21/2018 5.41 7.95 976 

P149 2/18/2016 1/25/2019 5.19 7.45 1072 

P150 2/18/2016 1/28/2020 4.69 6.75 1440 

P151 4/22/2016 8/28/2016 1.35 6.31 128 

P152 4/22/2016 8/31/2017 1.54 8.63 496 

P153 4/22/2016 8/18/2018 1.12 2.33 848 

P154 4/22/2016 4/17/2020 0.73 3.81 1456 

P155 7/11/2016 5/27/2017 1.93 1.15 320 

P156 7/11/2016 5/30/2018 1.61 0.13 688 

P157 7/11/2016 7/17/2018 0.22 2.08 736 

P158 7/11/2016 6/2/2019 1.67 0.89 1056 

P159 7/11/2016 7/20/2019 0.05 3.23 1104 

P160 7/11/2016 6/20/2020 0.63 3.7 1440 

P161 7/11/2016 7/22/2020 0.08 4.52 1472 

P162 8/28/2016 8/31/2017 0.2 2.32 368 

P163 8/28/2016 8/18/2018 0.23 8.65 720 

P164 8/28/2016 4/17/2020 0.62 2.51 1328 

P165 9/29/2016 3/11/2018 4.52 4.98 528 

P166 9/29/2016 9/22/2019 1.49 5.62 1088 

P167 9/29/2016 3/16/2020 2.84 7.64 1264 

P168 1/19/2017 11/19/2017 3.91 6.59 304 

P169 1/19/2017 11/22/2018 3.27 6.76 672 

P170 1/19/2017 1/25/2019 0.75 1.53 736 

P171 1/19/2017 11/9/2019 6.47 5.04 1024 

P172 1/19/2017 12/11/2019 0.06 6.93 1056 

P173 1/19/2017 1/28/2020 1.26 2.22 1104 

P174 5/27/2017 5/30/2018 0.32 1.02 368 

P175 5/27/2017 7/17/2018 2.15 0.93 416 

P176 5/27/2017 6/2/2019 0.25 2.04 736 

P177 5/27/2017 7/20/2019 1.98 2.08 784 

P178 5/27/2017 6/20/2020 1.3 4.85 1120 
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P179 5/27/2017 7/22/2020 2.01 3.36 1152 

P180 8/31/2017 4/17/2020 0.82 4.82 960 

P181 10/18/2017 11/19/2017 8.22 8.7 32 

P182 10/18/2017 10/21/2018 0.78 1.09 368 

P183 10/18/2017 11/9/2019 5.66 7.15 752 

P184 10/18/2017 11/22/2018 8.86 8.87 400 

P185 11/19/2017 10/21/2018 7.44 7.62 336 

P186 11/19/2017 11/22/2018 0.64 0.17 368 

P187 11/19/2017 1/25/2019 3.16 8.12 432 

P188 11/19/2017 11/9/2019 2.56 1.55 720 

P189 11/19/2017 12/11/2019 3.85 0.34 752 

P190 11/19/2017 1/28/2020 2.65 8.81 800 

P191 3/11/2018 9/22/2019 6.01 0.65 560 

P192 3/11/2018 3/16/2020 1.67 2.67 736 

P193 5/30/2018 7/17/2018 1.83 1.95 48 

P194 5/30/2018 6/2/2019 0.07 1.01 368 

P195 5/30/2018 7/20/2019 1.66 3.1 416 

P196 5/30/2018 6/20/2020 0.98 3.82 752 

P197 5/30/2018 7/22/2020 1.69 4.39 784 

P198 7/17/2018 6/2/2019 1.9 2.97 320 

P199 7/17/2018 7/20/2019 0.17 1.15 368 

P200 7/17/2018 6/20/2020 0.85 5.78 704 

P201 7/17/2018 7/22/2020 0.14 2.44 736 

P202 8/18/2018 4/17/2020 0.4 6.14 608 

P203 10/21/2018 11/22/2018 8.08 7.78 32 

P204 10/21/2018 11/9/2019 4.88 6.06 384 

P205 11/22/2018 1/25/2019 2.51 8.29 64 

P206 11/22/2018 11/9/2019 3.2 1.72 352 

P207 11/22/2018 12/11/2019 3.21 0.17 384 

P208 11/22/2018 1/28/2020 2.01 8.98 432 

P209 1/25/2019 11/9/2019 5.72 6.57 288 

P210 1/25/2019 12/11/2019 0.7 8.46 320 

P211 1/25/2019 1/28/2020 0.5 0.69 368 

P212 6/2/2019 7/20/2019 1.73 4.12 48 

P213 6/2/2019 6/20/2020 1.04 2.81 384 

P214 6/2/2019 7/22/2020 1.75 5.4 416 

P215 7/20/2019 6/20/2020 0.68 6.93 336 

P216 7/20/2019 7/22/2020 0.03 1.29 368 

P217 9/22/2019 3/16/2020 4.34 2.02 176 

P218 11/9/2019 1/28/2020 5.21 7.26 80 

P219 12/11/2019 1/28/2020 1.2 9.15 48 

P220 6/20/2020 7/22/2020 2.21 0.71 32 
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Supplementary Table B10: Information on image pairs and associated baselines (L8:184/48) 

Pair 
ID 

Master date Slave date 
SED 
(˚) 

SAD 
(˚) 

TB 
(days) 

P001 5/23/2013 5/10/2014 0.44 7.95 352 

P002 5/23/2013 6/27/2014 2.27 6.13 400 

P003 5/23/2013 7/13/2014 2.67 2.34 416 

P004 5/23/2013 6/14/2015 1.74 6.2 752 

P005 5/23/2013 5/15/2016 0.4 4.38 1088 

P006 5/23/2013 8/3/2016 2.64 8.38 1168 

P007 5/23/2013 5/21/2018 0.65 1.26 1824 

P008 5/23/2013 6/6/2018 1.38 4.85 1840 

P009 5/23/2013 6/22/2018 2.23 6.44 1856 

P010 5/23/2013 7/24/2018 2.86 2.41 1888 

P011 5/23/2013 5/24/2019 0.56 0.15 2192 

P012 6/8/2013 5/24/2019 0.24 5.48 2176 

P013 6/8/2013 6/27/2014 1.47 0.5 384 

P014 6/8/2013 7/13/2014 1.87 3.3 400 

P015 6/8/2013 6/14/2015 0.93 0.57 736 

P016 6/8/2013 5/21/2018 0.16 6.9 1808 

P017 6/8/2013 6/6/2018 0.58 0.78 1824 

P018 6/8/2013 6/22/2018 1.42 0.81 1840 

P019 6/8/2013 7/24/2018 2.06 8.04 1872 

P020 8/27/2013 4/8/2014 1.57 5.31 224 

P021 8/27/2013 4/24/2014 1.13 6.71 240 

P022 8/27/2013 4/6/2019 2.2 6.7 2048 

P023 8/27/2013 8/28/2019 0.43 0.1 2192 

P024 8/27/2013 9/4/2016 0.99 6.66 1104 

P025 8/27/2013 4/19/2018 0.32 2.98 1696 

P026 11/15/2013 10/31/2019 3.81 3.82 2176 

P027 11/15/2013 11/16/2019 0.28 0.32 2192 

P028 11/15/2013 11/2/2014 3.19 3.24 352 

P029 11/15/2013 12/4/2014 4.01 0.62 384 

P030 11/15/2013 10/20/2015 6.7 8.05 704 

P031 11/15/2013 11/7/2016 1.76 1.82 1088 

P032 11/15/2013 1/26/2017 3.99 8.44 1168 

P033 11/15/2013 12/28/2017 6.26 1.79 1504 

P034 11/15/2013 1/13/2018 5.7 5.04 1520 

P035 11/15/2013 10/28/2018 4.47 4.89 1808 

P036 11/15/2013 12/15/2018 5.5 0.09 1856 

P037 3/7/2014 2/22/2015 4 5.19 352 

P038 3/7/2014 3/10/2015 0.65 1.51 368 

P039 3/7/2014 2/25/2016 3.2 4.18 720 

P040 3/7/2014 9/20/2016 7.25 3.74 928 

P041 3/7/2014 2/27/2017 2.41 3.08 1088 

P042 3/7/2014 3/2/2018 1.63 1.92 1456 

P043 3/7/2014 3/18/2018 3.1 5.6 1472 

P044 3/23/2014 3/23/2020 0.04 0.47 2192 

P045 3/23/2014 3/10/2015 4.03 6.59 352 

P046 3/23/2014 9/4/2016 4.61 8.87 896 

P047 3/23/2014 9/20/2016 2.57 4.36 912 

P048 3/23/2014 3/31/2017 2.08 5.16 1104 

P049 3/23/2014 3/18/2018 1.58 2.5 1456 

P050 3/23/2014 4/6/2019 3.4 8.83 1840 

P051 4/8/2014 9/4/2016 0.59 1.35 880 

P052 4/8/2014 3/31/2017 1.95 5.05 1088 

P053 4/8/2014 4/19/2018 1.89 8.29 1472 

P054 4/8/2014 4/6/2019 0.63 1.39 1824 

P055 4/8/2014 8/28/2019 1.14 5.21 1968 

P056 4/24/2014 4/24/2020 0.03 0.48 2192 

P057 4/24/2014 4/29/2016 0.47 4.3 736 

P058 4/24/2014 4/19/2018 0.82 3.74 1456 

P059 4/24/2014 5/5/2018 0.77 8.44 1472 

P060 4/24/2014 8/28/2019 1.57 6.81 1952 

P061 5/10/2014 5/10/2020 0.03 0.38 2192 

P062 5/10/2014 4/29/2016 0.58 7.63 720 

P063 5/10/2014 5/15/2016 0.04 3.57 736 

P064 5/10/2014 8/3/2016 2.21 0.43 816 

P065 5/10/2014 5/5/2018 0.28 3.49 1456 

P066 5/10/2014 5/21/2018 0.21 6.68 1472 

P067 5/10/2014 7/24/2018 2.42 5.54 1536 

P068 5/10/2014 5/24/2019 0.12 8.1 1840 

P069 6/27/2014 6/14/2015 0.54 0.07 352 

P070 6/27/2014 5/21/2018 1.63 7.4 1424 

P071 6/27/2014 6/6/2018 0.89 1.28 1440 

P072 6/27/2014 6/22/2018 0.04 0.31 1456 
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P073 6/27/2014 7/24/2018 0.59 8.54 1488 

P074 6/27/2014 5/24/2019 1.71 5.98 1792 

P075 7/13/2014 7/13/2020 0.01 0.19 2192 

P076 7/13/2014 6/14/2015 0.94 3.86 336 

P077 7/13/2014 5/15/2016 2.27 6.71 672 

P078 7/13/2014 5/21/2018 2.03 3.6 1408 

P079 7/13/2014 6/6/2018 1.29 2.51 1424 

P080 7/13/2014 6/22/2018 0.44 4.11 1440 

P081 7/13/2014 7/24/2018 0.19 4.74 1472 

P082 7/13/2014 5/24/2019 2.11 2.19 1776 

P083 11/2/2014 12/4/2014 7.2 3.85 32 

P084 11/2/2014 2/6/2015 5.16 8.37 96 

P085 11/2/2014 10/20/2015 3.51 4.81 352 

P086 11/2/2014 11/7/2016 1.43 1.42 736 

P087 11/2/2014 1/26/2017 7.18 5.2 816 

P088 11/2/2014 10/28/2018 1.28 1.65 1456 

P089 11/2/2014 10/15/2019 4.85 7.04 1808 

P090 11/2/2014 10/31/2019 0.62 0.58 1824 

P091 11/2/2014 11/16/2019 3.47 2.92 1840 

P092 12/4/2014 11/7/2016 5.77 2.43 704 

P093 12/4/2014 12/28/2017 2.26 2.41 1120 

P094 12/4/2014 1/13/2018 1.69 5.66 1136 

P095 12/4/2014 12/15/2018 1.49 0.7 1472 

P096 12/4/2014 10/31/2019 7.81 4.44 1792 

P097 12/4/2014 11/16/2019 3.73 0.93 1808 

P098 2/6/2015 10/20/2015 8.67 3.56 256 

P099 2/6/2015 2/9/2016 0.64 0.85 368 

P100 2/6/2015 2/25/2016 4.83 6.54 384 

P101 2/6/2015 1/26/2017 2.02 3.16 720 

P102 2/6/2015 2/27/2017 5.62 7.64 752 

P103 2/6/2015 1/13/2018 3.73 6.56 1072 

P104 2/6/2015 3/2/2018 6.4 8.81 1120 

P105 2/6/2015 10/28/2018 6.44 6.71 1360 

P106 2/6/2015 10/31/2019 5.78 7.78 1728 

P107 2/22/2015 2/9/2016 3.38 4.68 352 

P108 2/22/2015 2/25/2016 0.81 1.01 368 

P109 2/22/2015 1/26/2017 6.04 8.69 704 

P110 2/22/2015 2/27/2017 1.59 2.11 736 

P111 2/22/2015 3/2/2018 2.37 3.28 1104 

P112 2/22/2015 10/15/2019 5.98 6.85 1696 

P113 3/10/2015 10/1/2020 4.47 5.77 2032 

P114 3/10/2015 2/25/2016 3.85 5.69 352 

P115 3/10/2015 9/20/2016 6.6 2.23 560 

P116 3/10/2015 2/27/2017 3.06 4.59 720 

P117 3/10/2015 3/2/2018 2.28 3.43 1088 

P118 3/10/2015 3/18/2018 2.45 4.09 1104 

P119 3/10/2015 3/23/2020 4.07 7.05 1840 

P120 6/14/2015 5/21/2018 1.09 7.47 1072 

P121 6/14/2015 6/6/2018 0.35 1.35 1088 

P122 6/14/2015 6/22/2018 0.49 0.24 1104 

P123 6/14/2015 7/24/2018 1.13 8.61 1136 

P124 6/14/2015 5/24/2019 1.17 6.05 1440 

P125 6/14/2015 7/13/2020 0.95 4.06 1856 

P126 10/20/2015 2/9/2016 8.02 4.41 112 

P127 10/20/2015 11/7/2016 4.93 6.23 384 

P128 10/20/2015 10/28/2018 2.22 3.16 1104 

P129 10/20/2015 10/15/2019 1.34 2.23 1456 

P130 10/20/2015 10/31/2019 2.89 4.23 1472 

P131 10/20/2015 11/16/2019 6.97 7.73 1488 

P132 2/9/2016 1/26/2017 2.66 4.02 352 

P133 2/9/2016 2/27/2017 4.97 6.79 384 

P134 2/9/2016 1/13/2018 4.37 7.42 704 

P135 2/9/2016 3/2/2018 5.76 7.95 752 

P136 2/9/2016 10/28/2018 5.8 7.57 992 

P137 2/9/2016 10/31/2019 5.13 8.64 1360 

P138 2/25/2016 10/1/2020 8.32 0.08 1680 

P139 2/25/2016 2/27/2017 0.79 1.1 368 

P140 2/25/2016 3/2/2018 1.57 2.27 736 

P141 2/25/2016 10/15/2019 5.18 7.87 1328 

P142 4/29/2016 8/3/2016 1.63 7.2 96 

P143 4/29/2016 4/19/2018 1.29 8.03 720 

P144 4/29/2016 5/5/2018 0.29 4.14 736 

P145 4/29/2016 4/24/2020 0.5 3.81 1456 

P146 4/29/2016 5/10/2020 0.54 8.01 1472 

P147 5/15/2016 8/3/2016 2.25 4 80 

P148 5/15/2016 5/5/2018 0.32 7.06 720 
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P149 5/15/2016 5/21/2018 0.25 3.11 736 

P150 5/15/2016 7/24/2018 2.46 1.97 800 

P151 5/15/2016 5/24/2019 0.16 4.53 1104 

P152 5/15/2016 5/10/2020 0.08 3.19 1456 

P153 5/15/2016 7/13/2020 2.28 6.52 1520 

P154 8/3/2016 5/5/2018 1.92 3.06 640 

P155 8/3/2016 5/21/2018 2 7.12 656 

P156 8/3/2016 7/24/2018 0.22 5.97 720 

P157 8/3/2016 5/24/2019 2.08 8.53 1024 

P158 8/3/2016 5/10/2020 2.17 0.81 1376 

P159 9/4/2016 3/31/2017 2.54 3.7 208 

P160 9/4/2016 4/6/2019 1.21 0.04 944 

P161 9/4/2016 8/28/2019 0.55 6.55 1088 

P162 9/4/2016 3/23/2020 4.58 8.4 1296 

P163 9/20/2016 3/2/2018 8.88 5.66 528 

P164 9/20/2016 3/18/2018 4.15 1.86 544 

P165 9/20/2016 3/23/2020 2.54 4.83 1280 

P166 9/20/2016 10/1/2020 2.13 8 1472 

P167 11/7/2016 1/26/2017 5.75 6.62 80 

P168 11/7/2016 12/28/2017 8.03 0.03 416 

P169 11/7/2016 1/13/2018 7.46 3.22 432 

P170 11/7/2016 10/28/2018 2.71 3.07 720 

P171 11/7/2016 12/15/2018 7.26 1.73 768 

P172 11/7/2016 10/15/2019 6.28 8.46 1072 

P173 11/7/2016 10/31/2019 2.04 2 1088 

P174 11/7/2016 11/16/2019 2.04 1.5 1104 

P175 1/26/2017 12/28/2017 2.27 6.65 336 

P176 1/26/2017 1/13/2018 1.71 3.4 352 

P177 1/26/2017 12/15/2018 1.51 8.35 688 

P178 1/26/2017 10/31/2019 7.8 4.62 1008 

P179 1/26/2017 11/16/2019 3.71 8.13 1024 

P180 2/27/2017 3/2/2018 0.78 1.16 368 

P181 2/27/2017 3/18/2018 5.51 8.68 384 

P182 2/27/2017 10/15/2019 4.39 8.97 960 

P183 2/27/2017 10/1/2020 7.53 1.18 1312 

P184 3/31/2017 3/18/2018 3.66 7.66 352 

P185 3/31/2017 4/6/2019 1.32 3.66 736 

P186 3/31/2017 3/23/2020 2.04 4.7 1088 

P187 12/28/2017 12/15/2018 0.77 1.7 352 

P188 12/28/2017 11/16/2019 5.99 1.47 688 

P189 1/13/2018 12/15/2018 0.2 4.95 336 

P190 1/13/2018 11/16/2019 5.42 4.72 672 

P191 3/2/2018 3/23/2020 6.34 10.48 752 

P192 3/2/2018 10/1/2020 6.75 2.34 944 

P193 3/18/2018 10/1/2020 2.02 9.86 928 

P194 3/18/2018 3/23/2020 1.62 2.97 736 

P195 4/19/2018 8/28/2019 0.75 3.08 496 

P196 4/19/2018 4/24/2020 0.79 4.22 736 

P197 5/5/2018 7/24/2018 2.14 9.03 80 

P198 5/5/2018 4/24/2020 0.79 7.96 720 

P199 5/5/2018 5/10/2020 0.25 3.87 736 

P200 5/21/2018 6/22/2018 1.58 7.71 32 

P201 5/21/2018 7/24/2018 2.22 1.14 64 

P202 5/21/2018 5/24/2019 0.09 1.41 368 

P203 5/21/2018 5/10/2020 0.17 6.31 720 

P204 5/21/2018 7/13/2020 2.04 3.41 784 

P205 6/6/2018 7/24/2018 1.48 7.26 48 

P206 6/6/2018 5/24/2019 0.82 4.7 352 

P207 6/6/2018 7/13/2020 1.3 2.7 768 

P208 6/22/2018 7/24/2018 0.63 8.85 32 

P209 6/22/2018 5/24/2019 1.67 6.29 336 

P210 6/22/2018 7/13/2020 0.45 4.3 752 

P211 7/24/2018 5/10/2020 2.39 5.16 656 

P212 7/24/2018 7/13/2020 0.18 4.55 720 

P213 10/28/2018 10/15/2019 3.57 5.39 352 

P214 10/28/2018 10/31/2019 0.67 1.07 368 

P215 10/28/2018 11/16/2019 4.75 4.58 384 

P216 12/15/2018 10/31/2019 9.3 3.73 320 

P217 12/15/2018 11/16/2019 5.22 0.23 336 

P218 4/6/2019 3/23/2020 3.36 8.36 352 

P219 5/24/2019 5/10/2020 0.09 7.72 352 

P220 5/24/2019 7/13/2020 2.12 2 416 

P221 8/28/2019 4/24/2020 1.54 7.3 240 

P222 10/15/2019 10/1/2020 3.14 7.79 352 
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Supplementary Table B11: Information on image pairs and associated baselines (L8:183/48+TR33QYV)

Pair 
ID  

MASTER 
iD  Mater date 

Slave 
iD  Slave date 

TB 
(day) 

1 L01 5/16/2013 L02 7/3/2013 48 

2 L01 5/16/2013 L11 5/22/2015 736 

3 L01 5/16/2013 L19 7/11/2016 1154 

4 L01 5/16/2013 L23 5/27/2017 1472 

5 L01 5/16/2013 L28 5/30/2018 1840 

6 L01 5/16/2013 L29 7/17/2018 1888 

7 L01 5/16/2013 L30 8/18/2018 1920 

8 L01 5/16/2013 L43 7/22/2020 2624 

9 L02 7/3/2013 L06 6/20/2014 352 

10 L02 7/3/2013 L11 5/22/2015 688 

11 L02 7/3/2013 L12 6/23/2015 720 

12 L02 7/3/2013 L19 7/11/2016 1106 

13 L02 7/3/2013 L23 5/27/2017 1424 

14 L02 7/3/2013 L28 5/30/2018 1792 

15 L02 7/3/2013 L29 7/17/2018 1840 

16 L02 7/3/2013 L34 6/2/2019 2160 

17 L02 7/3/2013 L43 7/22/2020 2576 

18 L03 10/23/2013 L04 2/12/2014 112 

19 L03 10/23/2013 L07 10/26/2014 368 

20 L03 10/23/2013 L08 11/27/2014 400 

21 L03 10/23/2013 L10 1/30/2015 464 

22 L03 10/23/2013 L14 11/14/2015 752 

23 L03 10/23/2013 L17 2/18/2016 848 

24 L03 10/23/2013 L25 10/18/2017 1459 

25 L03 10/23/2013 L26 11/19/2017 1484 

26 L03 10/23/2013 L31 10/21/2018 1824 

27 L03 10/23/2013 L32 11/22/2018 1859 

28 L04 2/12/2014 L07 10/26/2014 256 

29 L04 2/12/2014 L10 1/30/2015 352 

30 L04 2/12/2014 L16 1/17/2016 704 

31 L04 2/12/2014 L17 2/18/2016 736 

32 L04 2/12/2014 L22 1/19/2017 1072 

33 L04 2/12/2014 L25 10/18/2017 1347 

34 L04 2/12/2014 L31 10/21/2018 1712 

35 L04 2/12/2014 L33 1/25/2019 1808 

36 L04 2/12/2014 L39 1/28/2020 2176 

37 L05 4/17/2014 L18 4/22/2016 736 

38 L05 4/17/2014 L20 8/28/2016 864 

39 L05 4/17/2014 L24 8/31/2017 1232 

40 L05 4/17/2014 L30 8/18/2018 1584 

41 L05 4/17/2014 L41 4/17/2020 2192 

42 L06 6/20/2014 L11 5/22/2015 336 

43 L06 6/20/2014 L12 6/23/2015 368 

44 L06 6/20/2014 L19 7/11/2016 754 

45 L06 6/20/2014 L23 5/27/2017 1072 

46 L06 6/20/2014 L28 5/30/2018 1440 

47 L06 6/20/2014 L29 7/17/2018 1488 

48 L06 6/20/2014 L34 6/2/2019 1808 

49 L06 6/20/2014 L35 7/20/2019 1856 

50 L06 6/20/2014 L42 6/20/2020 2192 

51 L07 10/26/2014 L08 11/27/2014 32 

52 L07 10/26/2014 L10 1/30/2015 96 

53 L07 10/26/2014 L14 11/14/2015 384 

54 L07 10/26/2014 L25 10/18/2017 1091 

55 L07 10/26/2014 L26 11/19/2017 1116 

56 L07 10/26/2014 L31 10/21/2018 1456 

57 L07 10/26/2014 L32 11/22/2018 1491 

58 L07 10/26/2014 L33 1/25/2019 1552 

59 L07 10/26/2014 L37 11/9/2019 1840 

60 L07 10/26/2014 L39 1/28/2020 1920 

61 L08 11/27/2014 L09 12/29/2014 32 

62 L08 11/27/2014 L14 11/14/2015 352 

63 L08 11/27/2014 L15 12/16/2015 384 

64 L08 11/27/2014 L16 1/17/2016 416 

65 L08 11/27/2014 L22 1/19/2017 784 

66 L08 11/27/2014 L25 10/18/2017 1059 

67 L08 11/27/2014 L26 11/19/2017 1084 

68 L08 11/27/2014 L31 10/21/2018 1424 

69 L08 11/27/2014 L32 11/22/2018 1459 

70 L08 11/27/2014 L33 1/25/2019 1520 

71 L08 11/27/2014 L37 11/9/2019 1808 

72 L08 11/27/2014 L38 12/11/2019 1840 

73 L08 11/27/2014 L39 1/28/2020 1888 

74 L09 12/29/2014 L10 1/30/2015 32 

75 L09 12/29/2014 L14 11/14/2015 320 

76 L09 12/29/2014 L15 12/16/2015 352 

77 L09 12/29/2014 L16 1/17/2016 384 

78 L09 12/29/2014 L22 1/19/2017 752 

79 L09 12/29/2014 L26 11/19/2017 1052 
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80 L09 12/29/2014 L32 11/22/2018 1427 

81 L09 12/29/2014 L33 1/25/2019 1488 

82 L09 12/29/2014 L37 11/9/2019 1776 

83 L09 12/29/2014 L38 12/11/2019 1808 

84 L09 12/29/2014 L39 1/28/2020 1856 

85 L10 1/30/2015 L14 11/14/2015 288 

86 L10 1/30/2015 L15 12/16/2015 320 

87 L10 1/30/2015 L16 1/17/2016 352 

88 L10 1/30/2015 L17 2/18/2016 384 

89 L10 1/30/2015 L22 1/19/2017 720 

90 L10 1/30/2015 L26 11/19/2017 1020 

91 L10 1/30/2015 L31 10/21/2018 1360 

92 L10 1/30/2015 L32 11/22/2018 1395 

93 L10 1/30/2015 L33 1/25/2019 1456 

94 L10 1/30/2015 L37 11/9/2019 1744 

95 L10 1/30/2015 L38 12/11/2019 1776 

96 L10 1/30/2015 L39 1/28/2020 1824 

97 L11 5/22/2015 L12 6/23/2015 32 

98 L11 5/22/2015 L19 7/11/2016 418 

99 L11 5/22/2015 L23 5/27/2017 736 

100 L11 5/22/2015 L28 5/30/2018 1104 

101 L11 5/22/2015 L29 7/17/2018 1152 

102 L11 5/22/2015 L34 6/2/2019 1472 

103 L11 5/22/2015 L35 7/20/2019 1520 

104 L11 5/22/2015 L42 6/20/2020 1856 

105 L11 5/22/2015 L43 7/22/2020 1888 

106 L12 6/23/2015 L19 7/11/2016 386 

107 L12 6/23/2015 L23 5/27/2017 704 

108 L12 6/23/2015 L28 5/30/2018 1072 

109 L12 6/23/2015 L29 7/17/2018 1120 

110 L12 6/23/2015 L34 6/2/2019 1440 

111 L12 6/23/2015 L35 7/20/2019 1488 

112 L12 6/23/2015 L42 6/20/2020 1824 

113 L12 6/23/2015 L43 7/22/2020 1856 

114 L13 9/27/2015 L21 9/29/2016 368 

115 L13 9/27/2015 L27 3/11/2018 896 

116 L13 9/27/2015 L36 9/22/2019 1456 

117 L13 9/27/2015 L40 3/16/2020 1632 

118 L14 11/14/2015 L15 12/16/2015 32 

119 L14 11/14/2015 L16 1/17/2016 64 

120 L14 11/14/2015 L22 1/19/2017 432 

121 L14 11/14/2015 L25 10/18/2017 707 

122 L14 11/14/2015 L26 11/19/2017 732 

123 L14 11/14/2015 L31 10/21/2018 1072 

124 L14 11/14/2015 L32 11/22/2018 1107 

125 L14 11/14/2015 L33 1/25/2019 1168 

126 L14 11/14/2015 L37 11/9/2019 1456 

127 L14 11/14/2015 L38 12/11/2019 1488 

128 L14 11/14/2015 L39 1/28/2020 1536 

129 S01 11/26/2015 S02 12/16/2015 20 

130 S01 11/26/2015 S05 12/10/2016 380 

131 S01 11/26/2015 S06 12/30/2016 400 

132 S01 11/26/2015 S07 1/19/2017 420 

133 S01 11/26/2015 S12 10/21/2017 695 

134 S01 11/26/2015 S13 11/5/2017 710 

135 S01 11/26/2015 S14 11/15/2017 720 

136 S01 11/26/2015 S15 1/9/2018 775 

137 S01 11/26/2015 S34 10/31/2018 1070 

138 S01 11/26/2015 S35 11/5/2018 1075 

139 S01 11/26/2015 S36 11/10/2018 1080 

140 S01 11/26/2015 S37 11/25/2018 1095 

141 S01 11/26/2015 S38 12/15/2018 1115 

142 S01 11/26/2015 S39 1/19/2019 1150 

143 S01 11/26/2015 S40 1/24/2019 1156 

144 L15 12/16/2015 L16 1/17/2016 32 

145 S02 12/16/2015 S05 12/10/2016 360 

146 S02 12/16/2015 S06 12/30/2016 380 

147 S02 12/16/2015 S07 1/19/2017 400 

148 L15 12/16/2015 L22 1/19/2017 400 

149 S02 12/16/2015 S13 11/5/2017 690 

150 S02 12/16/2015 S14 11/15/2017 700 

151 L15 12/16/2015 L26 11/19/2017 700 

152 S02 12/16/2015 S15 1/9/2018 755 

153 S02 12/16/2015 S34 10/31/2018 1050 

154 S02 12/16/2015 S35 11/5/2018 1055 

155 S02 12/16/2015 S36 11/10/2018 1060 

156 S02 12/16/2015 S37 11/25/2018 1075 

157 S02 12/16/2015 S38 12/15/2018 1095 

158 L15 12/16/2015 L32 11/22/2018 1075 

159 S02 12/16/2015 S39 1/19/2019 1130 

160 S02 12/16/2015 S40 1/24/2019 1136 

161 L15 12/16/2015 L33 1/25/2019 1136 
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162 L15 12/16/2015 L37 11/9/2019 1424 

163 L15 12/16/2015 L38 12/11/2019 1456 

164 L15 12/16/2015 L39 1/28/2020 1504 

165 L16 1/17/2016 L17 2/18/2016 32 

166 L16 1/17/2016 L22 1/19/2017 368 

167 L16 1/17/2016 L26 11/19/2017 668 

168 L16 1/17/2016 L32 11/22/2018 1043 

169 L16 1/17/2016 L33 1/25/2019 1104 

170 L16 1/17/2016 L37 11/9/2019 1392 

171 L16 1/17/2016 L38 12/11/2019 1424 

172 L16 1/17/2016 L39 1/28/2020 1472 

173 L17 2/18/2016 L22 1/19/2017 336 

174 L17 2/18/2016 L25 10/18/2017 611 

175 L17 2/18/2016 L27 3/11/2018 752 

176 L17 2/18/2016 L31 10/21/2018 976 

177 L17 2/18/2016 L33 1/25/2019 1072 

178 L17 2/18/2016 L39 1/28/2020 1440 

179 L18 4/22/2016 L20 8/28/2016 128 

180 L18 4/22/2016 L24 8/31/2017 496 

181 L18 4/22/2016 L30 8/18/2018 848 

182 L18 4/22/2016 L41 4/17/2020 1456 

183 L19 7/11/2016 L23 5/27/2017 318 

184 L19 7/11/2016 L28 5/30/2018 686 

185 L19 7/11/2016 L29 7/17/2018 734 

186 S03 7/13/2016 S09 6/28/2017 350 

187 S03 7/13/2016 S10 7/28/2017 380 

188 S03 7/13/2016 S25 5/19/2018 675 

189 S03 7/13/2016 S26 5/24/2018 680 

190 S03 7/13/2016 S27 6/8/2018 695 

191 S03 7/13/2016 S28 7/8/2018 725 

192 S03 7/13/2016 S29 7/13/2018 734 

193 S03 7/13/2016 S44 5/24/2019 1045 

194 L19 7/11/2016 L34 6/2/2019 1054 

195 S03 7/13/2016 S45 6/18/2019 1070 

196 L19 7/11/2016 L35 7/20/2019 1102 

197 L19 7/11/2016 L42 6/20/2020 1438 

198 L19 7/11/2016 L43 7/22/2020 1470 

199 S04 8/2/2016 S10 7/28/2017 360 

200 S04 8/2/2016 S24 5/4/2018 640 

201 S04 8/2/2016 S25 5/19/2018 655 

202 L20 8/28/2016 L24 8/31/2017 368 

203 L20 8/28/2016 L30 8/18/2018 720 

204 L20 8/28/2016 L41 4/17/2020 1328 

205 L21 9/29/2016 L27 3/11/2018 528 

206 L21 9/29/2016 L36 9/22/2019 1088 

207 L21 9/29/2016 L40 3/16/2020 1264 

208 S05 12/10/2016 S06 12/30/2016 20 

209 S05 12/10/2016 S07 1/19/2017 40 

210 S05 12/10/2016 S13 11/5/2017 330 

211 S05 12/10/2016 S14 11/15/2017 340 

212 S05 12/10/2016 S15 1/9/2018 395 

213 S05 12/10/2016 S34 10/31/2018 690 

214 S05 12/10/2016 S35 11/5/2018 695 

215 S05 12/10/2016 S36 11/10/2018 700 

216 S05 12/10/2016 S37 11/25/2018 715 

217 S05 12/10/2016 S38 12/15/2018 735 

218 S05 12/10/2016 S39 1/19/2019 770 

219 S05 12/10/2016 S40 1/24/2019 776 

220 S05 12/10/2016 S46 11/25/2019 1080 

221 S05 12/10/2016 S47 11/30/2019 1085 

222 S05 12/10/2016 S48 12/10/2019 1096 

223 S06 12/30/2016 S07 1/19/2017 20 

224 S06 12/30/2016 S13 11/5/2017 310 

225 S06 12/30/2016 S14 11/15/2017 320 

226 S06 12/30/2016 S15 1/9/2018 375 

227 S06 12/30/2016 S16 2/8/2018 405 

228 S06 12/30/2016 S35 11/5/2018 675 

229 S06 12/30/2016 S36 11/10/2018 680 

230 S06 12/30/2016 S37 11/25/2018 695 

231 S06 12/30/2016 S38 12/15/2018 715 

232 S06 12/30/2016 S39 1/19/2019 750 

233 S06 12/30/2016 S40 1/24/2019 756 

234 S06 12/30/2016 S46 11/25/2019 1060 

235 S06 12/30/2016 S47 11/30/2019 1065 

236 S06 12/30/2016 S48 12/10/2019 1076 

237 S07 1/19/2017 S13 11/5/2017 290 

238 S07 1/19/2017 S14 11/15/2017 300 

239 L22 1/19/2017 L26 11/19/2017 300 

240 S07 1/19/2017 S15 1/9/2018 355 

241 S07 1/19/2017 S16 2/8/2018 385 

242 S07 1/19/2017 S17 2/18/2018 395 

243 S07 1/19/2017 S34 10/31/2018 650 
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244 S07 1/19/2017 S35 11/5/2018 655 

245 S07 1/19/2017 S36 11/10/2018 660 

246 S07 1/19/2017 S37 11/25/2018 675 

247 L22 1/19/2017 L32 11/22/2018 675 

248 S07 1/19/2017 S38 12/15/2018 695 

249 S07 1/19/2017 S39 1/19/2019 730 

250 S07 1/19/2017 S40 1/24/2019 736 

251 L22 1/19/2017 L33 1/25/2019 736 

252 S07 1/19/2017 S41 2/13/2019 755 

253 L22 1/19/2017 L37 11/9/2019 1024 

254 S07 1/19/2017 S46 11/25/2019 1040 

255 S07 1/19/2017 S47 11/30/2019 1045 

256 S07 1/19/2017 S48 12/10/2019 1056 

257 L22 1/19/2017 L38 12/11/2019 1056 

258 L22 1/19/2017 L39 1/28/2020 1104 

259 S08 4/29/2017 S21 4/19/2018 355 

260 S08 4/29/2017 S22 4/24/2018 360 

261 S08 4/29/2017 S23 4/29/2018 365 

262 S08 4/29/2017 S24 5/4/2018 370 

263 L23 5/27/2017 L28 5/30/2018 368 

264 L23 5/27/2017 L29 7/17/2018 416 

265 L23 5/27/2017 L34 6/2/2019 736 

266 L23 5/27/2017 L35 7/20/2019 784 

267 L23 5/27/2017 L42 6/20/2020 1120 

268 L23 5/27/2017 L43 7/22/2020 1152 

269 S09 6/28/2017 S26 5/24/2018 330 

270 S09 6/28/2017 S27 6/8/2018 345 

271 S09 6/28/2017 S28 7/8/2018 375 

272 S09 6/28/2017 S29 7/13/2018 384 

273 S09 6/28/2017 S44 5/24/2019 695 

274 S09 6/28/2017 S45 6/18/2019 720 

275 S09 6/28/2017 S53 6/7/2020 1075 

276 S10 7/28/2017 S24 5/4/2018 280 

277 S10 7/28/2017 S25 5/19/2018 295 

278 S10 7/28/2017 S26 5/24/2018 300 

279 S10 7/28/2017 S29 7/13/2018 354 

280 S10 7/28/2017 S44 5/24/2019 665 

281 L24 8/31/2017 L41 4/17/2020 960 

282 S11 9/26/2017 S18 2/28/2018 155 

283 S11 9/26/2017 S19 3/10/2018 166 

284 S11 9/26/2017 S32 10/6/2018 375 

285 S11 9/26/2017 S49 2/28/2020 885 

286 S11 9/26/2017 S50 3/14/2020 902 

287 S11 9/26/2017 S51 3/19/2020 902 

288 S11 9/26/2017 S55 10/5/2020 1105 

289 S12 10/21/2017 S13 11/5/2017 15 

290 L25 10/18/2017 L26 11/19/2017 25 

291 S12 10/21/2017 S14 11/15/2017 25 

292 S12 10/21/2017 S16 2/8/2018 110 

293 S12 10/21/2017 S32 10/6/2018 350 

294 S12 10/21/2017 S33 10/16/2018 365 

295 L25 10/18/2017 L31 10/21/2018 365 

296 S12 10/21/2017 S34 10/31/2018 375 

297 S12 10/21/2017 S35 11/5/2018 380 

298 S12 10/21/2017 S36 11/10/2018 385 

299 L25 10/18/2017 L32 11/22/2018 400 

300 S12 10/21/2017 S37 11/25/2018 400 

301 S12 10/21/2017 S41 2/13/2019 480 

302 L25 10/18/2017 L37 11/9/2019 749 

303 S12 10/21/2017 S46 11/25/2019 765 

304 S12 10/21/2017 S55 10/5/2020 1080 

305 S12 10/21/2017 S56 10/20/2020 1095 

306 S13 11/5/2017 S15 1/9/2018 65 

307 S13 11/5/2017 S33 10/16/2018 350 

308 S13 11/5/2017 S34 10/31/2018 360 

309 S13 11/5/2017 S35 11/5/2018 365 

310 S13 11/5/2017 S36 11/10/2018 370 

311 S13 11/5/2017 S37 11/25/2018 385 

312 S13 11/5/2017 S38 12/15/2018 405 

313 S13 11/5/2017 S39 1/19/2019 440 

314 S13 11/5/2017 S40 1/24/2019 446 

315 S13 11/5/2017 S46 11/25/2019 750 

316 S13 11/5/2017 S47 11/30/2019 755 

317 S13 11/5/2017 S48 12/10/2019 766 

318 S13 11/5/2017 S56 10/20/2020 1080 

319 S14 11/15/2017 S15 1/9/2018 55 

320 L26 11/19/2017 L31 10/21/2018 340 

321 S14 11/15/2017 S33 10/16/2018 340 

322 S14 11/15/2017 S34 10/31/2018 350 

323 S14 11/15/2017 S35 11/5/2018 355 

324 S14 11/15/2017 S36 11/10/2018 360 

325 S14 11/15/2017 S37 11/25/2018 375 
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326 L26 11/19/2017 L32 11/22/2018 375 

327 S14 11/15/2017 S38 12/15/2018 395 

328 S14 11/15/2017 S39 1/19/2019 430 

329 S14 11/15/2017 S40 1/24/2019 436 

330 L26 11/19/2017 L33 1/25/2019 436 

331 L26 11/19/2017 L37 11/9/2019 724 

332 S14 11/15/2017 S46 11/25/2019 740 

333 S14 11/15/2017 S47 11/30/2019 745 

334 S14 11/15/2017 S48 12/10/2019 756 

335 L26 11/19/2017 L38 12/11/2019 756 

336 L26 11/19/2017 L39 1/28/2020 804 

337 S14 11/15/2017 S56 10/20/2020 1070 

338 S15 1/9/2018 S16 2/8/2018 30 

339 S15 1/9/2018 S34 10/31/2018 295 

340 S15 1/9/2018 S35 11/5/2018 300 

341 S15 1/9/2018 S36 11/10/2018 305 

342 S15 1/9/2018 S37 11/25/2018 320 

343 S15 1/9/2018 S38 12/15/2018 340 

344 S15 1/9/2018 S39 1/19/2019 375 

345 S15 1/9/2018 S40 1/24/2019 381 

346 S15 1/9/2018 S41 2/13/2019 400 

347 S15 1/9/2018 S46 11/25/2019 685 

348 S15 1/9/2018 S47 11/30/2019 690 

349 S15 1/9/2018 S48 12/10/2019 701 

350 S16 2/8/2018 S18 2/28/2018 20 

351 S16 2/8/2018 S33 10/16/2018 255 

352 S16 2/8/2018 S39 1/19/2019 345 

353 S16 2/8/2018 S40 1/24/2019 351 

354 S16 2/8/2018 S41 2/13/2019 370 

355 S16 2/8/2018 S49 2/28/2020 750 

356 S16 2/8/2018 S56 10/20/2020 985 

357 S17 2/18/2018 S19 3/10/2018 21 

358 S17 2/18/2018 S32 10/6/2018 230 

359 S17 2/18/2018 S33 10/16/2018 245 

360 S17 2/18/2018 S39 1/19/2019 335 

361 S17 2/18/2018 S40 1/24/2019 341 

362 S17 2/18/2018 S41 2/13/2019 360 

363 S17 2/18/2018 S49 2/28/2020 740 

364 S17 2/18/2018 S50 3/14/2020 757 

365 S17 2/18/2018 S55 10/5/2020 960 

366 S17 2/18/2018 S56 10/20/2020 975 

367 S18 2/28/2018 S32 10/6/2018 220 

368 S18 2/28/2018 S41 2/13/2019 350 

369 S18 2/28/2018 S49 2/28/2020 730 

370 S18 2/28/2018 S50 3/14/2020 747 

371 S18 2/28/2018 S51 3/19/2020 747 

372 S18 2/28/2018 S55 10/5/2020 950 

373 S19 3/10/2018 S41 2/13/2019 339 

374 L27 3/11/2018 L36 9/22/2019 560 

375 S19 3/10/2018 S49 2/28/2020 719 

376 S19 3/10/2018 S50 3/14/2020 736 

377 S19 3/10/2018 S51 3/19/2020 736 

378 L27 3/11/2018 L40 3/16/2020 736 

379 S20 4/9/2018 S30 8/27/2018 140 

380 S20 4/9/2018 S31 9/6/2018 150 

381 S20 4/9/2018 S42 4/4/2019 360 

382 S20 4/9/2018 S43 4/19/2019 375 

383 S20 4/9/2018 S52 3/29/2020 720 

384 S20 4/9/2018 S54 9/5/2020 880 

385 S21 4/19/2018 S30 8/27/2018 130 

386 S21 4/19/2018 S43 4/19/2019 365 

387 S22 4/24/2018 S30 8/27/2018 125 

388 S22 4/24/2018 S43 4/19/2019 360 

389 S23 4/29/2018 S43 4/19/2019 355 

390 S25 5/19/2018 S27 6/8/2018 20 

391 S25 5/19/2018 S28 7/8/2018 50 

392 S25 5/19/2018 S29 7/13/2018 59 

393 S25 5/19/2018 S44 5/24/2019 370 

394 S25 5/19/2018 S53 6/7/2020 750 

395 S26 5/24/2018 S27 6/8/2018 15 

396 S26 5/24/2018 S28 7/8/2018 45 

397 S26 5/24/2018 S29 7/13/2018 54 

398 S26 5/24/2018 S44 5/24/2019 365 

399 S26 5/24/2018 S45 6/18/2019 390 

400 S26 5/24/2018 S53 6/7/2020 745 

401 L28 5/30/2018 L29 7/17/2018 48 

402 L28 5/30/2018 L34 6/2/2019 368 

403 L28 5/30/2018 L35 7/20/2019 416 

404 L28 5/30/2018 L42 6/20/2020 752 

405 L28 5/30/2018 L43 7/22/2020 784 

406 S27 6/8/2018 S28 7/8/2018 30 

407 S27 6/8/2018 S29 7/13/2018 39 
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408 S27 6/8/2018 S44 5/24/2019 350 

409 S27 6/8/2018 S45 6/18/2019 375 

410 S27 6/8/2018 S53 6/7/2020 730 

411 S28 7/8/2018 S44 5/24/2019 320 

412 S28 7/8/2018 S45 6/18/2019 345 

413 S28 7/8/2018 S53 6/7/2020 700 

414 S29 7/13/2018 S44 5/24/2019 311 

415 L29 7/17/2018 L34 6/2/2019 320 

416 S29 7/13/2018 S45 6/18/2019 336 

417 L29 7/17/2018 L35 7/20/2019 368 

418 S29 7/13/2018 S53 6/7/2020 691 

419 L29 7/17/2018 L42 6/20/2020 704 

420 L29 7/17/2018 L43 7/22/2020 736 

421 L30 8/18/2018 L41 4/17/2020 608 

422 S30 8/27/2018 S43 4/19/2019 235 

423 S30 8/27/2018 S54 9/5/2020 740 

424 S31 9/6/2018 S42 4/4/2019 210 

425 S31 9/6/2018 S51 3/19/2020 557 

426 S31 9/6/2018 S52 3/29/2020 570 

427 S31 9/6/2018 S54 9/5/2020 730 

428 S32 10/6/2018 S49 2/28/2020 510 

429 S32 10/6/2018 S55 10/5/2020 730 

430 S32 10/6/2018 S56 10/20/2020 745 

431 S33 10/16/2018 S34 10/31/2018 10 

432 S33 10/16/2018 S35 11/5/2018 15 

433 S33 10/16/2018 S36 11/10/2018 20 

434 L31 10/21/2018 L32 11/22/2018 35 

435 S33 10/16/2018 S41 2/13/2019 115 

436 L31 10/21/2018 L37 11/9/2019 384 

437 S33 10/16/2018 S55 10/5/2020 715 

438 S33 10/16/2018 S56 10/20/2020 730 

439 S34 10/31/2018 S37 11/25/2018 25 

440 S34 10/31/2018 S38 12/15/2018 45 

441 S34 10/31/2018 S39 1/19/2019 80 

442 S34 10/31/2018 S40 1/24/2019 86 

443 S34 10/31/2018 S46 11/25/2019 390 

444 S34 10/31/2018 S47 11/30/2019 395 

445 S34 10/31/2018 S48 12/10/2019 406 

446 S34 10/31/2018 S56 10/20/2020 720 

447 S35 11/5/2018 S37 11/25/2018 20 

448 S35 11/5/2018 S38 12/15/2018 40 

449 S35 11/5/2018 S39 1/19/2019 75 

450 S35 11/5/2018 S40 1/24/2019 81 

451 S35 11/5/2018 S46 11/25/2019 385 

452 S35 11/5/2018 S47 11/30/2019 390 

453 S35 11/5/2018 S48 12/10/2019 401 

454 S35 11/5/2018 S56 10/20/2020 715 

455 S36 11/10/2018 S37 11/25/2018 15 

456 S36 11/10/2018 S38 12/15/2018 35 

457 S36 11/10/2018 S39 1/19/2019 70 

458 S36 11/10/2018 S40 1/24/2019 76 

459 S36 11/10/2018 S46 11/25/2019 380 

460 S36 11/10/2018 S47 11/30/2019 385 

461 S36 11/10/2018 S48 12/10/2019 396 

462 S36 11/10/2018 S56 10/20/2020 710 

463 S37 11/25/2018 S38 12/15/2018 20 

464 S37 11/25/2018 S39 1/19/2019 55 

465 S37 11/25/2018 S40 1/24/2019 61 

466 L32 11/22/2018 L33 1/25/2019 61 

467 L32 11/22/2018 L37 11/9/2019 349 

468 S37 11/25/2018 S46 11/25/2019 365 

469 S37 11/25/2018 S47 11/30/2019 370 

470 S37 11/25/2018 S48 12/10/2019 381 

471 L32 11/22/2018 L38 12/11/2019 381 

472 L32 11/22/2018 L39 1/28/2020 429 

473 S37 11/25/2018 S56 10/20/2020 695 

474 S38 12/15/2018 S39 1/19/2019 35 

475 S38 12/15/2018 S40 1/24/2019 41 

476 S38 12/15/2018 S46 11/25/2019 345 

477 S38 12/15/2018 S47 11/30/2019 350 

478 S38 12/15/2018 S48 12/10/2019 361 

479 S39 1/19/2019 S41 2/13/2019 25 

480 S39 1/19/2019 S46 11/25/2019 310 

481 S39 1/19/2019 S47 11/30/2019 315 

482 S39 1/19/2019 S48 12/10/2019 326 

483 S40 1/24/2019 S41 2/13/2019 19 

484 L33 1/25/2019 L37 11/9/2019 288 

485 S40 1/24/2019 S46 11/25/2019 304 

486 S40 1/24/2019 S47 11/30/2019 309 

487 S40 1/24/2019 S48 12/10/2019 320 

488 L33 1/25/2019 L38 12/11/2019 320 

489 L33 1/25/2019 L39 1/28/2020 368 
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490 S41 2/13/2019 S49 2/28/2020 380 

491 S41 2/13/2019 S56 10/20/2020 615 

492 S42 4/4/2019 S51 3/19/2020 347 

493 S42 4/4/2019 S52 3/29/2020 360 

494 S42 4/4/2019 S54 9/5/2020 520 

495 S44 5/24/2019 S45 6/18/2019 25 

496 S44 5/24/2019 S53 6/7/2020 380 

497 S17 6/2/2019 L35 7/20/2019 48 

498 L34 6/2/2019 L42 6/20/2020 384 

499 L34 6/2/2019 L43 7/22/2020 416 

500 S45 6/18/2019 S53 6/7/2020 355 

501 L35 7/20/2019 L42 6/20/2020 336 

502 L35 7/20/2019 L43 7/22/2020 368 

503 L36 9/22/2019 L40 3/16/2020 176 

504 L37 11/9/2019 L39 1/28/2020 80 

505 S46 11/25/2019 S48 12/10/2019 16 

506 S46 11/25/2019 S56 10/20/2020 330 

507 L39 1/28/2020 L42 6/20/2020 144 

508 S49 2/28/2020 S50 3/14/2020 17 

509 S49 2/28/2020 S51 3/19/2020 17 

510 S49 2/28/2020 S55 10/5/2020 220 

511 S50 3/14/2020 S52 3/29/2020 13 

512 S51 3/19/2020 S54 9/5/2020 173 

513 S52 3/29/2020 S54 9/5/2020 160 

514 S55 10/5/2020 S56 10/20/2020 15 

 

 

Supplementary Table B12: Information on image pairs and associated baselines 
(L8:184/48+TR33QYV) 

Pair 
ID  

MASTER 
iD  

Mater date Slave  
iD  

Slave date TB 
(day) 

1 L01 5/23/2013 L09 5/10/2014 352 

2 L01 5/23/2013 L10 6/27/2014 400 

3 L01 5/23/2013 L11 7/13/2014 416 

4 L01 5/23/2013 L17 6/14/2015 752 

5 L01 5/23/2013 L22 5/15/2016 1088 

6 L01 5/23/2013 L23 8/3/2016 1168 

7 L01 5/23/2013 L36 5/21/2018 1824 

8 L01 5/23/2013 L37 6/6/2018 1840 

9 L01 5/23/2013 L38 6/22/2018 1856 

10 L01 5/23/2013 L39 7/24/2018 1888 

11 L01 5/23/2013 L43 5/24/2019 2192 

12 L02 6/8/2013 L10 6/27/2014 384 

13 L02 6/8/2013 L11 7/13/2014 400 

14 L02 6/8/2013 L17 6/14/2015 736 

15 L02 6/8/2013 L36 5/21/2018 1808 

16 L02 6/8/2013 L37 6/6/2018 1824 

17 L02 6/8/2013 L38 6/22/2018 1840 

18 L02 6/8/2013 L39 7/24/2018 1872 

19 L02 6/8/2013 L43 5/24/2019 2176 

20 L03 8/27/2013 L07 4/8/2014 224 

21 L03 8/27/2013 L08 4/24/2014 240 

22 L03 8/27/2013 L24 9/4/2016 1104 

23 L03 8/27/2013 L34 4/19/2018 1696 

24 L03 8/27/2013 L42 4/6/2019 2048 

25 L03 8/27/2013 L44 8/28/2019 2192 

26 L04 11/15/2013 L12 11/2/2014 352 

27 L04 11/15/2013 L13 12/4/2014 384 

28 L04 11/15/2013 L18 10/20/2015 704 

29 L04 11/15/2013 L26 11/7/2016 1088 

30 L04 11/15/2013 L27 1/26/2017 1168 

31 L04 11/15/2013 L30 12/28/2017 1504 

32 L04 11/15/2013 L31 1/13/2018 1520 

33 L04 11/15/2013 L40 10/28/2018 1808 

34 L04 11/15/2013 L41 12/15/2018 1856 

35 L04 11/15/2013 L46 10/31/2019 2176 

36 L04 11/15/2013 L47 11/16/2019 2192 

37 L05 3/7/2014 L15 2/22/2015 352 

38 L05 3/7/2014 L16 3/10/2015 368 

39 L05 3/7/2014 L20 2/25/2016 720 

40 L05 3/7/2014 L25 9/20/2016 928 

41 L05 3/7/2014 L28 2/27/2017 1088 

42 L05 3/7/2014 L32 3/2/2018 1456 

43 L05 3/7/2014 L33 3/18/2018 1472 

44 L06 3/23/2014 L16 3/10/2015 352 

45 L06 3/23/2014 L24 9/4/2016 896 

46 L06 3/23/2014 L25 9/20/2016 912 

47 L06 3/23/2014 L29 3/31/2017 1104 



 

329 
 

48 L06 3/23/2014 L33 3/18/2018 1456 

49 L06 3/23/2014 L42 4/6/2019 1840 

50 L06 3/23/2014 L48 3/23/2020 2192 

51 L07 4/8/2014 L24 9/4/2016 880 

52 L07 4/8/2014 L29 3/31/2017 1088 

53 L07 4/8/2014 L34 4/19/2018 1472 

54 L07 4/8/2014 L42 4/6/2019 1824 

55 L07 4/8/2014 L44 8/28/2019 1968 

56 L08 4/24/2014 L21 4/29/2016 736 

57 L08 4/24/2014 L34 4/19/2018 1456 

58 L08 4/24/2014 L35 5/5/2018 1472 

59 L08 4/24/2014 L44 8/28/2019 1952 

60 L08 4/24/2014 L49 4/24/2020 2192 

61 L09 5/10/2014 L21 4/29/2016 720 

62 L09 5/10/2014 L22 5/15/2016 736 

63 L09 5/10/2014 L23 8/3/2016 816 

64 L09 5/10/2014 L35 5/5/2018 1456 

65 L09 5/10/2014 L36 5/21/2018 1472 

66 L09 5/10/2014 L39 7/24/2018 1536 

67 L09 5/10/2014 L43 5/24/2019 1840 

68 L09 5/10/2014 L50 5/10/2020 2192 

69 L10 6/27/2014 L17 6/14/2015 352 

70 L10 6/27/2014 L36 5/21/2018 1424 

71 L10 6/27/2014 L37 6/6/2018 1440 

72 L10 6/27/2014 L38 6/22/2018 1456 

73 L10 6/27/2014 L39 7/24/2018 1488 

74 L10 6/27/2014 L43 5/24/2019 1792 

75 L11 7/13/2014 L17 6/14/2015 336 

76 L11 7/13/2014 L22 5/15/2016 672 

77 L11 7/13/2014 L36 5/21/2018 1408 

78 L11 7/13/2014 L37 6/6/2018 1424 

79 L11 7/13/2014 L38 6/22/2018 1440 

80 L11 7/13/2014 L39 7/24/2018 1472 

81 L11 7/13/2014 L43 5/24/2019 1776 

82 L11 7/13/2014 L51 7/13/2020 2192 

83 L12 11/2/2014 L13 12/4/2014 32 

84 L12 11/2/2014 L14 2/6/2015 96 

85 L12 11/2/2014 L18 10/20/2015 352 

86 L12 11/2/2014 L26 11/7/2016 736 

87 L12 11/2/2014 L27 1/26/2017 816 

88 L12 11/2/2014 L40 10/28/2018 1456 

89 L12 11/2/2014 L45 10/15/2019 1808 

90 L12 11/2/2014 L46 10/31/2019 1824 

91 L12 11/2/2014 L47 11/16/2019 1840 

92 L13 12/4/2014 L26 11/7/2016 704 

93 L13 12/4/2014 L30 12/28/2017 1120 

94 L13 12/4/2014 L31 1/13/2018 1136 

95 L13 12/4/2014 L41 12/15/2018 1472 

96 L13 12/4/2014 L46 10/31/2019 1792 

97 L13 12/4/2014 L47 11/16/2019 1808 

98 L14 2/6/2015 L18 10/20/2015 256 

99 L14 2/6/2015 L19 2/9/2016 368 

100 L14 2/6/2015 L20 2/25/2016 384 

101 L14 2/6/2015 L27 1/26/2017 720 

102 L14 2/6/2015 L28 2/27/2017 752 

103 L14 2/6/2015 L31 1/13/2018 1072 

104 L14 2/6/2015 L32 3/2/2018 1120 

105 L14 2/6/2015 L40 10/28/2018 1360 

106 L14 2/6/2015 L46 10/31/2019 1728 

107 L15 2/22/2015 L19 2/9/2016 352 

108 L15 2/22/2015 L20 2/25/2016 368 

109 L15 2/22/2015 L27 1/26/2017 704 

110 L15 2/22/2015 L28 2/27/2017 736 

111 L15 2/22/2015 L32 3/2/2018 1104 

112 L15 2/22/2015 L45 10/15/2019 1696 

113 L16 3/10/2015 L20 2/25/2016 352 

114 L16 3/10/2015 L25 9/20/2016 560 

115 L16 3/10/2015 L28 2/27/2017 720 

116 L16 3/10/2015 L32 3/2/2018 1088 

117 L16 3/10/2015 L33 3/18/2018 1104 

118 L16 3/10/2015 L48 3/23/2020 1840 

119 L16 3/10/2015 L52 10/1/2020 2032 

120 L17 6/14/2015 L36 5/21/2018 1072 

121 L17 6/14/2015 L37 6/6/2018 1088 

122 L17 6/14/2015 L38 6/22/2018 1104 

123 L17 6/14/2015 L39 7/24/2018 1136 

124 L17 6/14/2015 L43 5/24/2019 1440 

125 L17 6/14/2015 L51 7/13/2020 1856 

126 L18 10/20/2015 L19 2/9/2016 112 

127 L18 10/20/2015 L26 11/7/2016 384 

128 L18 10/20/2015 L40 10/28/2018 1104 

129 L18 10/20/2015 L45 10/15/2019 1456 



 

330 
 

130 L18 10/20/2015 L46 10/31/2019 1472 

131 L18 10/20/2015 L47 11/16/2019 1488 

132 S01 11/26/2015 S02 12/16/2015 20 

133 S01 11/26/2015 S05 12/10/2016 380 

134 S01 11/26/2015 S06 12/30/2016 400 

135 S01 11/26/2015 S07 1/19/2017 420 

136 S01 11/26/2015 S12 10/21/2017 695 

137 S01 11/26/2015 S13 11/5/2017 710 

138 S01 11/26/2015 S14 11/15/2017 720 

139 S01 11/26/2015 S15 1/9/2018 775 

140 S01 11/26/2015 S34 10/31/2018 1070 

141 S01 11/26/2015 S35 11/5/2018 1075 

142 S01 11/26/2015 S36 11/10/2018 1080 

143 S01 11/26/2015 S37 11/25/2018 1095 

144 S01 11/26/2015 S38 12/15/2018 1115 

145 S01 11/26/2015 S39 1/19/2019 1150 

146 S01 11/26/2015 S40 1/24/2019 1155 

147 S02 12/16/2015 S05 12/10/2016 360 

148 S02 12/16/2015 S06 12/30/2016 380 

149 S02 12/16/2015 S07 1/19/2017 400 

150 S02 12/16/2015 S13 11/5/2017 690 

151 S02 12/16/2015 S14 11/15/2017 700 

152 S02 12/16/2015 S15 1/9/2018 755 

153 S02 12/16/2015 S34 10/31/2018 1050 

154 S02 12/16/2015 S35 11/5/2018 1055 

155 S02 12/16/2015 S36 11/10/2018 1060 

156 S02 12/16/2015 S37 11/25/2018 1075 

157 S02 12/16/2015 S38 12/15/2018 1095 

158 S02 12/16/2015 S39 1/19/2019 1130 

159 S02 12/16/2015 S40 1/24/2019 1135 

160 L19 2/9/2016 L27 1/26/2017 352 

161 L19 2/9/2016 L28 2/27/2017 384 

162 L19 2/9/2016 L31 1/13/2018 704 

163 L19 2/9/2016 L32 3/2/2018 752 

164 L19 2/9/2016 L40 10/28/2018 992 

165 L19 2/9/2016 L46 10/31/2019 1360 

166 L20 2/25/2016 L28 2/27/2017 368 

167 L20 2/25/2016 L32 3/2/2018 736 

168 L20 2/25/2016 L45 10/15/2019 1328 

169 L20 2/25/2016 L52 10/1/2020 1680 

170 L21 4/29/2016 L23 8/3/2016 96 

171 L21 4/29/2016 L34 4/19/2018 720 

172 L21 4/29/2016 L35 5/5/2018 736 

173 L21 4/29/2016 L49 4/24/2020 1456 

174 L21 4/29/2016 L50 5/10/2020 1472 

175 L22 5/15/2016 L23 8/3/2016 80 

176 L22 5/15/2016 L35 5/5/2018 720 

177 L22 5/15/2016 L36 5/21/2018 736 

178 L22 5/15/2016 L39 7/24/2018 800 

179 L22 5/15/2016 L43 5/24/2019 1104 

180 L22 5/15/2016 L50 5/10/2020 1456 

181 L22 5/15/2016 L51 7/13/2020 1520 

182 S03 7/13/2016 S09 6/28/2017 350 

183 S03 7/13/2016 S10 7/28/2017 380 

184 S03 7/13/2016 S25 5/19/2018 675 

185 S03 7/13/2016 S26 5/24/2018 680 

186 S03 7/13/2016 S27 6/8/2018 695 

187 S03 7/13/2016 S28 7/8/2018 725 

188 S03 7/13/2016 S29 7/13/2018 730 

189 S03 7/13/2016 S44 5/24/2019 1045 

190 S03 7/13/2016 S45 6/18/2019 1070 

191 S04 8/2/2016 S10 7/28/2017 360 

192 S04 8/2/2016 S24 5/4/2018 640 

193 S04 8/2/2016 S25 5/19/2018 655 

194 L23 8/3/2016 L35 5/5/2018 640 

195 L23 8/3/2016 L36 5/21/2018 656 

196 L23 8/3/2016 L39 7/24/2018 720 

197 L23 8/3/2016 L43 5/24/2019 1024 

198 L23 8/3/2016 L50 5/10/2020 1376 

199 L24 9/4/2016 L29 3/31/2017 208 

200 L24 9/4/2016 L42 4/6/2019 944 

201 L24 9/4/2016 L44 8/28/2019 1088 

202 L24 9/4/2016 L48 3/23/2020 1296 

203 L25 9/20/2016 L32 3/2/2018 528 

204 L25 9/20/2016 L33 3/18/2018 544 

205 L25 9/20/2016 L48 3/23/2020 1280 

206 L25 9/20/2016 L52 10/1/2020 1472 

207 L26 11/7/2016 L27 1/26/2017 80 

208 L26 11/7/2016 L30 12/28/2017 416 

209 L26 11/7/2016 L31 1/13/2018 432 

210 L26 11/7/2016 L40 10/28/2018 720 

211 L26 11/7/2016 L41 12/15/2018 768 
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212 L26 11/7/2016 L45 10/15/2019 1072 

213 L26 11/7/2016 L46 10/31/2019 1088 

214 L26 11/7/2016 L47 11/16/2019 1104 

215 S05 12/10/2016 S06 12/30/2016 20 

216 S05 12/10/2016 S07 1/19/2017 40 

217 S05 12/10/2016 S13 11/5/2017 330 

218 S05 12/10/2016 S14 11/15/2017 340 

219 S05 12/10/2016 S15 1/9/2018 395 

220 S05 12/10/2016 S34 10/31/2018 690 

221 S05 12/10/2016 S35 11/5/2018 695 

222 S05 12/10/2016 S36 11/10/2018 700 

223 S05 12/10/2016 S37 11/25/2018 715 

224 S05 12/10/2016 S38 12/15/2018 735 

225 S05 12/10/2016 S39 1/19/2019 770 

226 S05 12/10/2016 S40 1/24/2019 775 

227 S05 12/10/2016 S46 11/25/2019 1080 

228 S05 12/10/2016 S47 11/30/2019 1085 

229 S05 12/10/2016 S48 12/10/2019 1095 

230 S06 12/30/2016 S07 1/19/2017 20 

231 S06 12/30/2016 S13 11/5/2017 310 

232 S06 12/30/2016 S14 11/15/2017 320 

233 S06 12/30/2016 S15 1/9/2018 375 

234 S06 12/30/2016 S16 2/8/2018 405 

235 S06 12/30/2016 S35 11/5/2018 675 

236 S06 12/30/2016 S36 11/10/2018 680 

237 S06 12/30/2016 S37 11/25/2018 695 

238 S06 12/30/2016 S38 12/15/2018 715 

239 S06 12/30/2016 S39 1/19/2019 750 

240 S06 12/30/2016 S40 1/24/2019 755 

241 S06 12/30/2016 S46 11/25/2019 1060 

242 S06 12/30/2016 S47 11/30/2019 1065 

243 S06 12/30/2016 S48 12/10/2019 1075 

244 S07 1/19/2017 S13 11/5/2017 290 

245 S07 1/19/2017 S14 11/15/2017 300 

246 S07 1/19/2017 S15 1/9/2018 355 

247 S07 1/19/2017 S16 2/8/2018 385 

248 S07 1/19/2017 S17 2/18/2018 395 

249 S07 1/19/2017 S34 10/31/2018 650 

250 S07 1/19/2017 S35 11/5/2018 655 

251 S07 1/19/2017 S36 11/10/2018 660 

252 S07 1/19/2017 S37 11/25/2018 675 

253 S07 1/19/2017 S38 12/15/2018 695 

254 S07 1/19/2017 S39 1/19/2019 730 

255 S07 1/19/2017 S40 1/24/2019 735 

256 S07 1/19/2017 S41 2/13/2019 755 

257 S07 1/19/2017 S46 11/25/2019 1040 

258 S07 1/19/2017 S47 11/30/2019 1045 

259 S07 1/19/2017 S48 12/10/2019 1055 

260 L27 1/26/2017 L30 12/28/2017 336 

261 L27 1/26/2017 L31 1/13/2018 352 

262 L27 1/26/2017 L41 12/15/2018 688 

263 L27 1/26/2017 L46 10/31/2019 1008 

264 L27 1/26/2017 L47 11/16/2019 1024 

265 L28 2/27/2017 L32 3/2/2018 368 

266 L28 2/27/2017 L33 3/18/2018 384 

267 L28 2/27/2017 L45 10/15/2019 960 

268 L28 2/27/2017 L52 10/1/2020 1312 

269 L29 3/31/2017 L33 3/18/2018 352 

270 L29 3/31/2017 L42 4/6/2019 736 

271 L29 3/31/2017 L48 3/23/2020 1088 

272 S08 4/29/2017 S21 4/19/2018 355 

273 S08 4/29/2017 S22 4/24/2018 360 

274 S08 4/29/2017 S23 4/29/2018 365 

275 S08 4/29/2017 S24 5/4/2018 370 

276 S09 6/28/2017 S26 5/24/2018 330 

277 S09 6/28/2017 S27 6/8/2018 345 

278 S09 6/28/2017 S28 7/8/2018 375 

279 S09 6/28/2017 S29 7/13/2018 380 

280 S09 6/28/2017 S44 5/24/2019 695 

281 S09 6/28/2017 S45 6/18/2019 720 

282 S09 6/28/2017 S53 6/7/2020 1075 

283 S10 7/28/2017 S24 5/4/2018 280 

284 S10 7/28/2017 S25 5/19/2018 295 

285 S10 7/28/2017 S26 5/24/2018 300 

286 S10 7/28/2017 S29 7/13/2018 350 

287 S10 7/28/2017 S44 5/24/2019 665 

288 S11 9/26/2017 S18 2/28/2018 155 

289 S11 9/26/2017 S19 3/10/2018 165 

290 S11 9/26/2017 S32 10/6/2018 375 

291 S11 9/26/2017 S49 2/28/2020 885 

292 S11 9/26/2017 S50 3/14/2020 900 

293 S11 9/26/2017 S51 3/19/2020 905 
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294 S11 9/26/2017 S55 10/5/2020 1105 

295 S12 10/21/2017 S13 11/5/2017 15 

296 S12 10/21/2017 S14 11/15/2017 25 

297 S12 10/21/2017 S16 2/8/2018 110 

298 S12 10/21/2017 S32 10/6/2018 350 

299 S12 10/21/2017 S33 10/16/2018 360 

300 S12 10/21/2017 S34 10/31/2018 375 

301 S12 10/21/2017 S35 11/5/2018 380 

302 S12 10/21/2017 S36 11/10/2018 385 

303 S12 10/21/2017 S37 11/25/2018 400 

304 S12 10/21/2017 S41 2/13/2019 480 

305 S12 10/21/2017 S46 11/25/2019 765 

306 S12 10/21/2017 S55 10/5/2020 1080 

307 S12 10/21/2017 S56 10/20/2020 1095 

308 S13 11/5/2017 S15 1/9/2018 65 

309 S13 11/5/2017 S33 10/16/2018 345 

310 S13 11/5/2017 S34 10/31/2018 360 

311 S13 11/5/2017 S35 11/5/2018 365 

312 S13 11/5/2017 S36 11/10/2018 370 

313 S13 11/5/2017 S37 11/25/2018 385 

314 S13 11/5/2017 S38 12/15/2018 405 

315 S13 11/5/2017 S39 1/19/2019 440 

316 S13 11/5/2017 S40 1/24/2019 445 

317 S13 11/5/2017 S46 11/25/2019 750 

318 S13 11/5/2017 S47 11/30/2019 755 

319 S13 11/5/2017 S48 12/10/2019 765 

320 S13 11/5/2017 S56 10/20/2020 1080 

321 S14 11/15/2017 S15 1/9/2018 55 

322 S14 11/15/2017 S33 10/16/2018 335 

323 S14 11/15/2017 S34 10/31/2018 350 

324 S14 11/15/2017 S35 11/5/2018 355 

325 S14 11/15/2017 S36 11/10/2018 360 

326 S14 11/15/2017 S37 11/25/2018 375 

327 S14 11/15/2017 S38 12/15/2018 395 

328 S14 11/15/2017 S39 1/19/2019 430 

329 S14 11/15/2017 S40 1/24/2019 435 

330 S14 11/15/2017 S46 11/25/2019 740 

331 S14 11/15/2017 S47 11/30/2019 745 

332 S14 11/15/2017 S48 12/10/2019 755 

333 S14 11/15/2017 S56 10/20/2020 1070 

334 L30 12/28/2017 L41 12/15/2018 352 

335 L30 12/28/2017 L47 11/16/2019 688 

336 S15 1/9/2018 S16 2/8/2018 30 

337 S15 1/9/2018 S34 10/31/2018 295 

338 S15 1/9/2018 S35 11/5/2018 300 

339 S15 1/9/2018 S36 11/10/2018 305 

340 S15 1/9/2018 S37 11/25/2018 320 

341 S15 1/9/2018 S38 12/15/2018 340 

342 L31 1/13/2018 L41 12/15/2018 336 

343 S15 1/9/2018 S39 1/19/2019 375 

344 S15 1/9/2018 S40 1/24/2019 380 

345 S15 1/9/2018 S41 2/13/2019 400 

346 L31 1/13/2018 L47 11/16/2019 672 

347 S15 1/9/2018 S46 11/25/2019 685 

348 S15 1/9/2018 S47 11/30/2019 690 

349 S16 2/8/2018 S18 2/28/2018 20 

350 S16 2/8/2018 S33 10/16/2018 250 

351 S16 2/8/2018 S39 1/19/2019 345 

352 S16 2/8/2018 S40 1/24/2019 350 

353 S16 2/8/2018 S41 2/13/2019 370 

354 S16 2/8/2018 S49 2/28/2020 750 

355 S16 2/8/2018 S56 10/20/2020 985 

356 S17 2/18/2018 S19 3/10/2018 20 

357 S17 2/18/2018 S32 10/6/2018 230 

358 S17 2/18/2018 S33 10/16/2018 240 

359 S17 2/18/2018 S39 1/19/2019 335 

360 S17 2/18/2018 S40 1/24/2019 340 

361 S17 2/18/2018 S41 2/13/2019 360 

362 S17 2/18/2018 S49 2/28/2020 740 

363 S17 2/18/2018 S50 3/14/2020 755 

364 S17 2/18/2018 S55 10/5/2020 960 

365 S17 2/18/2018 S56 10/20/2020 975 

366 S18 2/28/2018 S32 10/6/2018 220 

367 S18 2/28/2018 S41 2/13/2019 350 

368 S18 2/28/2018 S49 2/28/2020 730 

369 S18 2/28/2018 S50 3/14/2020 745 

370 S18 2/28/2018 S51 3/19/2020 750 

371 L32 3/2/2018 L48 3/23/2020 752 

372 S18 2/28/2018 S55 10/5/2020 950 

373 L32 3/2/2018 L52 10/1/2020 944 

374 S19 3/10/2018 S41 2/13/2019 340 

375 S19 3/10/2018 S49 2/28/2020 720 
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376 S19 3/10/2018 S50 3/14/2020 735 

377 S19 3/10/2018 S51 3/19/2020 740 

378 L33 3/18/2018 L48 3/23/2020 736 

379 L33 3/18/2018 L52 10/1/2020 928 

380 S20 4/9/2018 S30 8/27/2018 140 

381 S20 4/9/2018 S31 9/6/2018 150 

382 S20 4/9/2018 S42 4/4/2019 360 

383 S20 4/9/2018 S43 4/19/2019 375 

384 S20 4/9/2018 S52 3/29/2020 720 

385 S20 4/9/2018 S54 9/5/2020 880 

386 S21 4/19/2018 S30 8/27/2018 130 

387 S21 4/19/2018 S43 4/19/2019 365 

388 L34 4/19/2018 L44 8/28/2019 496 

389 L34 4/19/2018 L49 4/24/2020 736 

390 S22 4/24/2018 S30 8/27/2018 125 

391 S22 4/24/2018 S43 4/19/2019 360 

392 S23 4/29/2018 S43 4/19/2019 355 

393 L35 5/5/2018 L39 7/24/2018 80 

394 L35 5/5/2018 L49 4/24/2020 720 

395 L35 5/5/2018 L50 5/10/2020 736 

396 S25 5/19/2018 S27 6/8/2018 20 

397 L36 5/21/2018 L38 6/22/2018 32 

398 S25 5/19/2018 S28 7/8/2018 50 

399 S25 5/19/2018 S29 7/13/2018 55 

400 L36 5/21/2018 L39 7/24/2018 64 

401 S25 5/19/2018 S44 5/24/2019 370 

402 S25 5/19/2018 S53 6/7/2020 750 

403 L36 5/21/2018 L43 5/24/2019 368 

404 L36 5/21/2018 L50 5/10/2020 720 

405 L36 5/21/2018 L51 7/13/2020 784 

406 S26 5/24/2018 S27 6/8/2018 15 

407 S26 5/24/2018 S28 7/8/2018 45 

408 S26 5/24/2018 S29 7/13/2018 50 

409 S26 5/24/2018 S44 5/24/2019 365 

410 S26 5/24/2018 S45 6/18/2019 390 

411 S26 5/24/2018 S53 6/7/2020 745 

412 S27 6/8/2018 S28 7/8/2018 30 

413 S27 6/8/2018 S29 7/13/2018 35 

414 L37 6/6/2018 L39 7/24/2018 48 

415 L37 6/6/2018 L43 5/24/2019 352 

416 S27 6/8/2018 S44 5/24/2019 350 

417 S27 6/8/2018 S45 6/18/2019 375 

418 S27 6/8/2018 S53 6/7/2020 730 

419 L37 6/6/2018 L51 7/13/2020 768 

420 L38 6/22/2018 L39 7/24/2018 32 

421 L38 6/22/2018 L43 5/24/2019 336 

422 L38 6/22/2018 L51 7/13/2020 752 

423 S28 7/8/2018 S44 5/24/2019 320 

424 S28 7/8/2018 S45 6/18/2019 345 

425 S28 7/8/2018 S53 6/7/2020 700 

426 S29 7/13/2018 S44 5/24/2019 315 

427 S29 7/13/2018 S45 6/18/2019 340 

428 S29 7/13/2018 S53 6/7/2020 695 

429 L39 7/24/2018 L50 5/10/2020 656 

430 L39 7/24/2018 L51 7/13/2020 720 

431 S30 8/27/2018 S43 4/19/2019 235 

432 S30 8/27/2018 S54 9/5/2020 740 

433 S31 9/6/2018 S42 4/4/2019 210 

434 S31 9/6/2018 S51 3/19/2020 560 

435 S31 9/6/2018 S52 3/29/2020 570 

436 S31 9/6/2018 S54 9/5/2020 730 

437 S32 10/6/2018 S49 2/28/2020 510 

438 S32 10/6/2018 S55 10/5/2020 730 

439 S32 10/6/2018 S56 10/20/2020 745 

440 S33 10/16/2018 S34 10/31/2018 15 

441 S33 10/16/2018 S35 11/5/2018 20 

442 S33 10/16/2018 S36 11/10/2018 25 

443 S33 10/16/2018 S41 2/13/2019 120 

444 S33 10/16/2018 S55 10/5/2020 720 

445 S33 10/16/2018 S56 10/20/2020 735 

446 S34 10/31/2018 S37 11/25/2018 25 

447 S34 10/31/2018 S38 12/15/2018 45 

448 S34 10/31/2018 S39 1/19/2019 80 

449 S34 10/31/2018 S40 1/24/2019 85 

450 L40 10/28/2018 L45 10/15/2019 352 

451 L40 10/28/2018 L46 10/31/2019 368 

452 L40 10/28/2018 L47 11/16/2019 384 

453 S34 10/31/2018 S46 11/25/2019 390 

454 S34 10/31/2018 S47 11/30/2019 395 

455 S34 10/31/2018 S48 12/10/2019 405 

456 S34 10/31/2018 S56 10/20/2020 720 

457 S35 11/5/2018 S37 11/25/2018 20 
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458 S35 11/5/2018 S38 12/15/2018 40 

459 S35 11/5/2018 S39 1/19/2019 75 

460 S35 11/5/2018 S40 1/24/2019 80 

461 S35 11/5/2018 S46 11/25/2019 385 

462 S35 11/5/2018 S47 11/30/2019 390 

463 S35 11/5/2018 S48 12/10/2019 400 

464 S35 11/5/2018 S56 10/20/2020 715 

465 S36 11/10/2018 S37 11/25/2018 15 

466 S36 11/10/2018 S38 12/15/2018 35 

467 S36 11/10/2018 S39 1/19/2019 70 

468 S36 11/10/2018 S40 1/24/2019 75 

469 S36 11/10/2018 S46 11/25/2019 380 

470 S36 11/10/2018 S47 11/30/2019 385 

471 S36 11/10/2018 S48 12/10/2019 395 

472 S36 11/10/2018 S56 10/20/2020 710 

473 S37 11/25/2018 S38 12/15/2018 20 

474 S37 11/25/2018 S39 1/19/2019 55 

475 S37 11/25/2018 S40 1/24/2019 60 

476 S37 11/25/2018 S46 11/25/2019 365 

477 S37 11/25/2018 S47 11/30/2019 370 

478 S37 11/25/2018 S48 12/10/2019 380 

479 S37 11/25/2018 S56 10/20/2020 695 

480 S38 12/15/2018 S39 1/19/2019 35 

481 S38 12/15/2018 S40 1/24/2019 40 

482 L41 12/15/2018 L46 10/31/2019 320 

483 L41 12/15/2018 L47 11/16/2019 336 

484 S38 12/15/2018 S46 11/25/2019 345 

485 S38 12/15/2018 S47 11/30/2019 350 

486 S38 12/15/2018 S48 12/10/2019 360 

487 S39 1/19/2019 S41 2/13/2019 25 

488 S39 1/19/2019 S46 11/25/2019 310 

489 S39 1/19/2019 S47 11/30/2019 315 

490 S39 1/19/2019 S48 12/10/2019 325 

491 S40 1/24/2019 S41 2/13/2019 20 

492 S40 1/24/2019 S46 11/25/2019 305 

493 S40 1/24/2019 S47 11/30/2019 310 

494 S40 1/24/2019 S48 12/10/2019 320 

495 S41 2/13/2019 S49 2/28/2020 380 

496 S41 2/13/2019 S56 10/20/2020 615 

497 S42 4/4/2019 S51 3/19/2020 350 

498 S42 4/4/2019 S52 3/29/2020 360 

499 L42 4/6/2019 L48 3/23/2020 352 

500 S42 4/4/2019 S54 9/5/2020 520 

501 S44 5/24/2019 S45 6/18/2019 25 

502 L43 5/24/2019 L50 5/10/2020 352 

503 S44 5/24/2019 S53 6/7/2020 380 

504 L43 5/24/2019 L51 7/13/2020 416 

505 S45 6/18/2019 S53 6/7/2020 355 

506 L44 8/28/2019 L49 4/24/2020 240 

507 L45 10/15/2019 L52 10/1/2020 352 

508 S46 11/25/2019 S48 12/10/2019 15 

509 S46 11/25/2019 S56 10/20/2020 330 

510 S49 2/28/2020 S50 3/14/2020 15 

511 S49 2/28/2020 S51 3/19/2020 20 

512 S49 2/28/2020 S55 10/5/2020 220 

513 S50 3/14/2020 S52 3/29/2020 15 

514 S51 3/19/2020 S54 9/5/2020 170 

515 S52 3/29/2020 S54 9/5/2020 160 

516 S55 10/5/2020 S56 10/20/2020 15 
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Supplementary Table B13: Information on image pairs and associated baselines 
(L8:183/48+TR33QZU) 

Pair 
ID  

MASTER 
iD  

Mater date Slave  
iD  

Slave date TB 
(day) 

1 L1 5/16/2013 L2 7/3/2013 48 

2 L1 5/16/2013 L11 5/22/2015 736 

3 L1 5/16/2013 L19 7/11/2016 1152 

4 L1 5/16/2013 L23 5/27/2017 1472 

5 L1 5/16/2013 L28 5/30/2018 1840 

6 L1 5/16/2013 L29 7/17/2018 1888 

7 L1 5/16/2013 L30 8/18/2018 1920 

8 L1 5/16/2013 L43 7/22/2020 2624 

9 L2 7/3/2013 L6 6/20/2014 352 

10 L2 7/3/2013 L11 5/22/2015 688 

11 L2 7/3/2013 L12 6/23/2015 720 

12 L2 7/3/2013 L19 7/11/2016 1104 

13 L2 7/3/2013 L23 5/27/2017 1424 

14 L2 7/3/2013 L28 5/30/2018 1792 

15 L2 7/3/2013 L29 7/17/2018 1840 

16 L2 7/3/2013 L34 6/2/2019 2160 

17 L2 7/3/2013 L43 7/22/2020 2576 

18 L3 10/23/2013 L4 2/12/2014 112 

19 L3 10/23/2013 L7 10/26/2014 368 

20 L3 10/23/2013 L8 11/27/2014 400 

21 L3 10/23/2013 L10 1/30/2015 464 

22 L3 10/23/2013 L14 11/14/2015 752 

23 L3 10/23/2013 L17 2/18/2016 848 

24 L3 10/23/2013 L25 10/18/2017 1456 

25 L3 10/23/2013 L26 11/19/2017 1488 

26 L3 10/23/2013 L31 10/21/2018 1824 

27 L3 10/23/2013 L32 11/22/2018 1856 

28 L4 2/12/2014 L7 10/26/2014 256 

29 L4 2/12/2014 L10 1/30/2015 352 

30 L4 2/12/2014 L16 1/17/2016 704 

31 L4 2/12/2014 L17 2/18/2016 736 

32 L4 2/12/2014 L22 1/19/2017 1072 

33 L4 2/12/2014 L25 10/18/2017 1344 

34 L4 2/12/2014 L31 10/21/2018 1712 

35 L4 2/12/2014 L33 1/25/2019 1808 

36 L4 2/12/2014 L39 1/28/2020 2176 

37 L5 4/17/2014 L18 4/22/2016 736 

38 L5 4/17/2014 L20 8/28/2016 864 

39 L5 4/17/2014 L24 8/31/2017 1232 

40 L5 4/17/2014 L30 8/18/2018 1584 

41 L5 4/17/2014 L41 4/17/2020 2192 

42 L6 6/20/2014 L11 5/22/2015 336 

43 L6 6/20/2014 L12 6/23/2015 368 

44 L6 6/20/2014 L19 7/11/2016 752 

45 L6 6/20/2014 L23 5/27/2017 1072 

46 L6 6/20/2014 L28 5/30/2018 1440 

47 L6 6/20/2014 L29 7/17/2018 1488 

48 L6 6/20/2014 L34 6/2/2019 1808 

49 L6 6/20/2014 L35 7/20/2019 1856 

50 L6 6/20/2014 L42 6/20/2020 2192 

51 L7 10/26/2014 L8 11/27/2014 32 

52 L7 10/26/2014 L10 1/30/2015 96 

53 L7 10/26/2014 L14 11/14/2015 384 

54 L7 10/26/2014 L25 10/18/2017 1088 

55 L7 10/26/2014 L26 11/19/2017 1120 

56 L7 10/26/2014 L31 10/21/2018 1456 

57 L7 10/26/2014 L32 11/22/2018 1488 

58 L7 10/26/2014 L33 1/25/2019 1552 

59 L7 10/26/2014 L37 11/9/2019 1840 

60 L7 10/26/2014 L39 1/28/2020 1920 

61 L8 11/27/2014 L9 12/29/2014 32 

62 L8 11/27/2014 L14 11/14/2015 352 

63 L8 11/27/2014 L15 12/16/2015 384 

64 L8 11/27/2014 L16 1/17/2016 416 

65 L8 11/27/2014 L22 1/19/2017 784 

66 L8 11/27/2014 L25 10/18/2017 1056 

67 L8 11/27/2014 L26 11/19/2017 1088 

68 L8 11/27/2014 L31 10/21/2018 1424 

69 L8 11/27/2014 L32 11/22/2018 1456 

70 L8 11/27/2014 L33 1/25/2019 1520 

71 L8 11/27/2014 L37 11/9/2019 1808 

72 L8 11/27/2014 L38 12/11/2019 1840 

73 L8 11/27/2014 L39 1/28/2020 1888 

74 L9 12/29/2014 L10 1/30/2015 32 

75 L9 12/29/2014 L14 11/14/2015 320 
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76 L9 12/29/2014 L15 12/16/2015 352 

77 L9 12/29/2014 L16 1/17/2016 384 

78 L9 12/29/2014 L22 1/19/2017 752 

79 L9 12/29/2014 L26 11/19/2017 1056 

80 L9 12/29/2014 L32 11/22/2018 1424 

81 L9 12/29/2014 L33 1/25/2019 1488 

82 L9 12/29/2014 L37 11/9/2019 1776 

83 L9 12/29/2014 L38 12/11/2019 1808 

84 L9 12/29/2014 L39 1/28/2020 1856 

85 L10 1/30/2015 L14 11/14/2015 288 

86 L10 1/30/2015 L15 12/16/2015 320 

87 L10 1/30/2015 L16 1/17/2016 352 

88 L10 1/30/2015 L17 2/18/2016 384 

89 L10 1/30/2015 L22 1/19/2017 720 

90 L10 1/30/2015 L26 11/19/2017 1024 

91 L10 1/30/2015 L31 10/21/2018 1360 

92 L10 1/30/2015 L32 11/22/2018 1392 

93 L10 1/30/2015 L33 1/25/2019 1456 

94 L10 1/30/2015 L37 11/9/2019 1744 

95 L10 1/30/2015 L38 12/11/2019 1776 

96 L10 1/30/2015 L39 1/28/2020 1824 

97 L11 5/22/2015 L12 6/23/2015 32 

98 L11 5/22/2015 L19 7/11/2016 416 

99 L11 5/22/2015 L23 5/27/2017 736 

100 L11 5/22/2015 L28 5/30/2018 1104 

101 L11 5/22/2015 L29 7/17/2018 1152 

102 L11 5/22/2015 L34 6/2/2019 1472 

103 L11 5/22/2015 L35 7/20/2019 1520 

104 L11 5/22/2015 L42 6/20/2020 1856 

105 L11 5/22/2015 L43 7/22/2020 1888 

106 L12 6/23/2015 L19 7/11/2016 384 

107 L12 6/23/2015 L23 5/27/2017 704 

108 L12 6/23/2015 L28 5/30/2018 1072 

109 L12 6/23/2015 L29 7/17/2018 1120 

110 L12 6/23/2015 L34 6/2/2019 1440 

111 L12 6/23/2015 L35 7/20/2019 1488 

112 L12 6/23/2015 L42 6/20/2020 1824 

113 L12 6/23/2015 L43 7/22/2020 1856 

114 L13 9/27/2015 L21 9/29/2016 368 

115 L13 9/27/2015 L27 3/11/2018 896 

116 L13 9/27/2015 L36 9/22/2019 1456 

117 L13 9/27/2015 L40 3/16/2020 1632 

118 L14 11/14/2015 L15 12/16/2015 32 

119 L14 11/14/2015 L16 1/17/2016 64 

120 L14 11/14/2015 L22 1/19/2017 432 

121 L14 11/14/2015 L25 10/18/2017 704 

122 L14 11/14/2015 L26 11/19/2017 736 

123 L14 11/14/2015 L31 10/21/2018 1072 

124 L14 11/14/2015 L32 11/22/2018 1104 

125 L14 11/14/2015 L33 1/25/2019 1168 

126 L14 11/14/2015 L37 11/9/2019 1456 

127 L14 11/14/2015 L38 12/11/2019 1488 

128 L14 11/14/2015 L39 1/28/2020 1536 

129 L15 12/16/2015 L16 1/17/2016 32 

130 L15 12/16/2015 L22 1/19/2017 400 

131 L15 12/16/2015 L26 11/19/2017 704 

132 L15 12/16/2015 L32 11/22/2018 1072 

133 L15 12/16/2015 L33 1/25/2019 1136 

134 L15 12/16/2015 L37 11/9/2019 1424 

135 L15 12/16/2015 L38 12/11/2019 1456 

136 L15 12/16/2015 L39 1/28/2020 1504 

137 L16 1/17/2016 L17 2/18/2016 32 

138 L16 1/17/2016 L22 1/19/2017 368 

139 L16 1/17/2016 L26 11/19/2017 672 

140 L16 1/17/2016 L32 11/22/2018 1040 

141 L16 1/17/2016 L33 1/25/2019 1104 

142 L16 1/17/2016 L37 11/9/2019 1392 

143 L16 1/17/2016 L38 12/11/2019 1424 

144 L16 1/17/2016 L39 1/28/2020 1472 

145 L17 2/18/2016 L22 1/19/2017 336 

146 L17 2/18/2016 L25 10/18/2017 608 

147 L17 2/18/2016 L27 3/11/2018 752 

148 L17 2/18/2016 L31 10/21/2018 976 

149 L17 2/18/2016 L33 1/25/2019 1072 

150 L17 2/18/2016 L39 1/28/2020 1440 

151 L18 4/22/2016 L20 8/28/2016 128 

152 L18 4/22/2016 L24 8/31/2017 496 

153 L18 4/22/2016 L30 8/18/2018 848 

154 L18 4/22/2016 L41 4/17/2020 1456 

155 L19 7/11/2016 L23 5/27/2017 320 

156 L19 7/11/2016 L28 5/30/2018 688 

157 L19 7/11/2016 L29 7/17/2018 736 

158 L19 7/11/2016 L34 6/2/2019 1056 

159 L19 7/11/2016 L35 7/20/2019 1104 

160 L19 7/11/2016 L42 6/20/2020 1440 

161 L19 7/11/2016 L43 7/22/2020 1472 
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162 L20 8/28/2016 L24 8/31/2017 368 

163 L20 8/28/2016 L30 8/18/2018 720 

164 L20 8/28/2016 L41 4/17/2020 1328 

165 L21 9/29/2016 L27 3/11/2018 528 

166 L21 9/29/2016 L36 9/22/2019 1088 

167 L21 9/29/2016 L40 3/16/2020 1264 

168 S1 1/16/2017 S3 11/17/2017 305 

169 S1 1/16/2017 S4 11/27/2017 315 

170 S1 1/16/2017 S5 12/12/2017 330 

171 S1 1/16/2017 S6 12/27/2017 345 

172 S1 1/16/2017 S7 2/10/2018 390 

173 S1 1/16/2017 S8 2/15/2018 395 

174 S1 1/16/2017 S9 11/2/2018 655 

175 S1 1/16/2017 S10 11/12/2018 665 

176 S1 1/16/2017 S11 11/22/2018 675 

177 S1 1/16/2017 S12 12/12/2018 695 

178 S1 1/16/2017 S13 1/11/2019 725 

179 S1 1/16/2017 S14 1/21/2019 735 

180 S1 1/16/2017 S15 1/31/2019 745 

181 S1 1/16/2017 S16 2/5/2019 750 

182 S1 1/16/2017 S19 11/17/2019 1035 

183 L22 1/19/2017 L26 11/19/2017 304 

184 L22 1/19/2017 L32 11/22/2018 672 

185 L22 1/19/2017 L33 1/25/2019 736 

186 L22 1/19/2017 L37 11/9/2019 1024 

187 L22 1/19/2017 L38 12/11/2019 1056 

188 L22 1/19/2017 L39 1/28/2020 1104 

189 L23 5/27/2017 L28 5/30/2018 368 

190 L23 5/27/2017 L29 7/17/2018 416 

191 L23 5/27/2017 L34 6/2/2019 736 

192 L23 5/27/2017 L35 7/20/2019 784 

193 L23 5/27/2017 L42 6/20/2020 1120 

194 L23 5/27/2017 L43 7/22/2020 1152 

195 L24 8/31/2017 L41 4/17/2020 960 

196 L25 10/18/2017 L26 11/19/2017 32 

197 L25 10/18/2017 L31 10/21/2018 368 

198 L25 10/18/2017 L32 11/22/2018 400 

199 L25 10/18/2017 L37 11/9/2019 752 

200 S3 11/17/2017 S5 12/12/2017 25 

201 S3 11/17/2017 S6 12/27/2017 40 

202 S3 11/17/2017 S9 11/2/2018 350 

203 S3 11/17/2017 S10 11/12/2018 360 

204 S3 11/17/2017 S11 11/22/2018 370 

205 S3 11/17/2017 S12 12/12/2018 390 

206 S3 11/17/2017 S13 1/11/2019 420 

207 S3 11/17/2017 S14 1/21/2019 430 

208 S3 11/17/2017 S19 11/17/2019 730 

209 L26 11/19/2017 L31 10/21/2018 336 

210 L26 11/19/2017 L32 11/22/2018 368 

211 L26 11/19/2017 L33 1/25/2019 432 

212 L26 11/19/2017 L37 11/9/2019 720 

213 L26 11/19/2017 L38 12/11/2019 752 

214 L26 11/19/2017 L39 1/28/2020 800 

215 S4 11/27/2017 S5 12/12/2017 15 

216 S4 11/27/2017 S6 12/27/2017 30 

217 S4 11/27/2017 S9 11/2/2018 340 

218 S4 11/27/2017 S10 11/12/2018 350 

219 S4 11/27/2017 S11 11/22/2018 360 

220 S4 11/27/2017 S12 12/12/2018 380 

221 S4 11/27/2017 S13 1/11/2019 410 

222 S4 11/27/2017 S14 1/21/2019 420 

223 S4 11/27/2017 S19 11/17/2019 720 

224 S5 12/12/2017 S6 12/27/2017 15 

225 S5 12/12/2017 S10 11/12/2018 335 

226 S5 12/12/2017 S11 11/22/2018 345 

227 S5 12/12/2017 S12 12/12/2018 365 

228 S5 12/12/2017 S13 1/11/2019 395 

229 S5 12/12/2017 S14 1/21/2019 405 

230 S5 12/12/2017 S19 11/17/2019 705 

231 S6 12/27/2017 S10 11/12/2018 320 

232 S6 12/27/2017 S11 11/22/2018 330 

233 S6 12/27/2017 S12 12/12/2018 350 

234 S6 12/27/2017 S13 1/11/2019 380 

235 S6 12/27/2017 S14 1/21/2019 390 

236 S6 12/27/2017 S15 1/31/2019 400 

237 S6 12/27/2017 S16 2/5/2019 405 

238 S6 12/27/2017 S19 11/17/2019 690 

239 S7 2/10/2018 S13 1/11/2019 335 

240 S7 2/10/2018 S14 1/21/2019 345 

241 S7 2/10/2018 S15 1/31/2019 355 

242 S7 2/10/2018 S16 2/5/2019 360 

243 S7 2/10/2018 S17 2/20/2019 375 

244 S8 2/15/2018 S14 1/21/2019 340 

245 S8 2/15/2018 S15 1/31/2019 350 

246 S8 2/15/2018 S16 2/5/2019 355 

247 S8 2/15/2018 S17 2/20/2019 370 
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248 L27 3/11/2018 L36 9/22/2019 560 

249 L27 3/11/2018 L40 3/16/2020 736 

250 L28 5/30/2018 L29 7/17/2018 48 

251 L28 5/30/2018 L34 6/2/2019 368 

252 L28 5/30/2018 L35 7/20/2019 416 

253 L28 5/30/2018 L42 6/20/2020 752 

254 L28 5/30/2018 L43 7/22/2020 784 

255 L29 7/17/2018 L34 6/2/2019 320 

256 L29 7/17/2018 L35 7/20/2019 368 

257 L29 7/17/2018 L42 6/20/2020 704 

258 L29 7/17/2018 L43 7/22/2020 736 

259 L30 8/18/2018 L41 4/17/2020 608 

260 L31 10/21/2018 L32 11/22/2018 32 

261 L31 10/21/2018 L37 11/9/2019 384 

262 S9 11/2/2018 S11 11/22/2018 20 

263 S9 11/2/2018 S14 1/21/2019 80 

264 S9 11/2/2018 S15 1/31/2019 90 

265 S9 11/2/2018 S16 2/5/2019 95 

266 S9 11/2/2018 S19 11/17/2019 380 

267 S10 11/12/2018 S12 12/12/2018 30 

268 S10 11/12/2018 S13 1/11/2019 60 

269 S10 11/12/2018 S14 1/21/2019 70 

270 S10 11/12/2018 S15 1/31/2019 80 

271 S10 11/12/2018 S19 11/17/2019 370 

272 L32 11/22/2018 L33 1/25/2019 64 

273 L32 11/22/2018 L37 11/9/2019 352 

274 L32 11/22/2018 L38 12/11/2019 384 

275 L32 11/22/2018 L39 1/28/2020 432 

276 S11 11/22/2018 S12 12/12/2018 20 

277 S11 11/22/2018 S13 1/11/2019 50 

278 S11 11/22/2018 S14 1/21/2019 60 

279 S11 11/22/2018 S19 11/17/2019 360 

280 S12 12/12/2018 S13 1/11/2019 30 

281 S12 12/12/2018 S14 1/21/2019 40 

282 S12 12/12/2018 S19 11/17/2019 340 

283 S13 1/11/2019 S15 1/31/2019 20 

284 S13 1/11/2019 S16 2/5/2019 25 

285 S13 1/11/2019 S19 11/17/2019 310 

286 S14 1/21/2019 S16 2/5/2019 15 

287 S14 1/21/2019 S17 2/20/2019 30 

288 S14 1/21/2019 S19 11/17/2019 300 

289 L33 1/25/2019 L37 11/9/2019 288 

290 L33 1/25/2019 L38 12/11/2019 320 

291 L33 1/25/2019 L39 1/28/2020 368 

292 S15 1/31/2019 S17 2/20/2019 20 

293 S16 2/5/2019 S17 2/20/2019 15 

294 S17 2/20/2019 L35 7/20/2019 150 

295 L34 6/2/2019 L42 6/20/2020 384 

296 L34 6/2/2019 L43 7/22/2020 416 

297 L35 7/20/2019 L42 6/20/2020 336 

298 L35 7/20/2019 L43 7/22/2020 368 

299 L36 9/22/2019 L40 3/16/2020 176 

300 L37 11/9/2019 L42 6/20/2020 224 

301 L39 1/28/2020 L42 6/20/2020 144 
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Appendix C-Appendix for Chapter 6 
Supplementary Table C1: Information of the Landsat-8 and Sentinel-2 images used in this study. 
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Supplementary Figure C1: The number of individual pairs shared in generating the final velocity at each velocity 
location. A) for L-8 (175/39), B) (176/39), C) (174,39), and D) TR37TVU. 
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