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Abstract 

Climate change has become an undeniable reality, with its effects continuing to manifest in the present 

day. As global temperatures rise and weather patterns shift, the need for this study arises from the 

significant challenges in obtaining sufficient near-surface air temperature (Ta) data for urban thermal 

environmental studies, which are crucial for addressing both global and local concerns. Accurate Ta 

data is essential for understanding and mitigating urban heat islands at the canopy layer (UHICL), this 

study thus aim to addresses the barriers hindering the effective utilization of remotely sensed data for 

Ta both at local and global city level. 

Initially, a global-scale city-based Ta prediction model was developed for UHICL analysis. A 

representative sample of 30 cities was selected using stratified random sampling to ensure diverse 

climate, geographic, and socioeconomic representation. The model utilized NCDC average daily Ta 

data, supplemented with crowdsourced Netatmo CWS data, addressing the scarcity of urban weather 

stations. Land Surface Temperature (LST) data from the MODIS satellite, combined with auxiliary 

data, were used to build the Ta prediction model. An ensemble model, derived from optimal prediction 

models for each city, demonstrated high accuracy and outperformed contemporary models. The 

predicted Ta was employed to estimate UHICL for the sampled cities. 

For Ta study within city at local scale, Hong Kong was chosen as area of study due to it high density 

and heterogenous landscape. Then to generate Ta at fine spatial and temporal resolution suitable for 

locale scale UHICL analysis, LST data were sourced from the thermal infrared (TIR) band of both 

sun-synchronous (Landsat-8 and Sentinel 3-SLTR) and geostationary satellite which served as 

primary data for this study. Cross comparison was then carried out to assess the effect of retrieval 

algorithm and time of the day on the harmonized use of LST from the respective data. Following the 

cross-comparison study to address the limitations in existing LST fusion model such as missing data 

in complex weather regions and increased bias due to land cover changes this study proposed the 
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Integrated Spatiotemporal Fusion AlgoriThm (ISFAT). ISFAT is a three-stage algorithm for seamless 

fine scale LST prediction at hourly temporal resolution. ISFAT significantly improved the spatial and 

temporal resolution of LST data, making it suitable for local-scale thermal studies.  

Finally, the Federated Learning Neural Network (FLANN) framework was adapted for predicting Ta 

at a local city scale, addressing the uneven distribution of weather stations in Hong Kong. Weather 

stations were classified based on Local Climate Zones (LCZs), and spatially continuous Ta was 

predicted using the FLANN framework. This decentralized approach prevented overfitting or 

underfitting due to uneven station distribution. The FLANN model demonstrated the highest accuracy 

in Ta prediction outperforming sate of the art multiple layer perceptron in the prediction of fine scale 

Tair from satellite data recording an r2 of 0.95 against 0.92 recorded by the MLP and was used for 

UHICL and Urban Heat Vulnerability Index (UHVI) assessments, facilitating effective hotspot 

identification and mitigation strategy development. 

This study provides valuable tools and frameworks for both global and local-scale urban thermal 

analysis. The advancements contribute to more sustainable and resilient urban environments, better 

informing urban planning, climate mitigation strategies, and public health policies. 
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CHAPTER ONE 

1 INTRODUCTION 

1.1 Background of Study 

Since mid-2009, the population of people residing in urban areas (3.42 billion) has exceeded the rural 

population (3.41 billion), resulting in a significant rise in the percentage of the urban population 

(United Nations, 2009). The United Nations (2014) forecast indicates that urban population will rise 

by 60% by the end of the decade and 67% by 2050. Consequently, urban land cover is projected to 

nearly triple, expanding by 1.2 million kmĮ. This expansion will expose a majority of the worldôs 

population to human caused climate change in cities (Pachauri et al., 2014). In addition to the heat 

generated directly by fuel combustion and air conditioning, urban land cover is predominantly 

composed of artificial surfaces. These surfaces contribute to increased runoff, inhibit 

evapotranspiration, and enhance solar radiation absorption. These factors have led to variations in the 

global climate (Tsoka et al., 2020). Tam et al. (2015) suggest that urbanization has had a more 

immediate impact on the urban thermal environment than global climate change. This has caused 

urban land temperatures to rise more than those in rural areas (Figure 1.1), resulting in the urban heat 

island effect. This effect represents a notable temperature imbalance between urban spaces and 

adjacent rural regions. 
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Figure 1.1:Schematic illustration of the urban heat island effects and factors that contribute to the 

higher temperature in urban areas (cited from World Bank, 2020). 

Stewart and Oke (2012) have suggested that the Urban Heat Island (UHI) phenomenon can have some 

positive impacts, depending on the microclimate of the urban area. For instance, regions with a cold 

climate can benefit from reduced heating energy costs, more comfortable outdoor weather for humans 

and other habitats, and fewer weather-related road hazards such as fog or surface icing. However, 

UHI poses a significant and growing environmental challenge and can occur at varying scale (Tiwari 

et al., 2021). They span across all aspects of daily activities, contributing to an increase in climate 

variability, energy demand and consumption, and an increase in morbidity, particularly heat-related 

mortality (Guo et al., 2020; Heaviside et al., 2017; Santamouris, 2020). The United Nations Office 

for Disaster Risk Reduction reports that extreme heat in urban areas has serious implications for urban 

populations (L¿thi et al., 2023). Over one-third of global health-related deaths from 1991 to 2018 

have been associated with climate change. In the summer of 2022 alone, over 61,000 deaths were 

recorded as resulting from the extreme heat across Europe (Tandon, 2023). To address the severe 

consequences of heat-related issues in urban areas, studies have modelled the Urban Heat Island (UHI) 

phenomenon at different levels. This includes the surface urban heat island (UHISL), which pertains 

to the heat on the ground surface, and the canopy layer urban heat island (UHICL), which refers to 

urban heat between the surface level and an altitude of 1.5 to 2 meters above the ground surface over 
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urban areas.  

Despite the critical importance of understanding the thermal environment in the canopy layer, where 

human activities occur and which can host ecosystems and facilitate the transfer of airborne diseases, 

UHI studies have predominantly focused on UHISL. The primary reason for this imbalance is that 

remote sensing technology has made it relatively easy to retrieve land surface temperature (LST) data, 

which is essential variable for UHISL estimation, via the thermal infrared (TIR) bands of satellite 

sensors. In contrast, the air temperature (Ta) data needed for UHICL studies are less readily available. 

Weather stations, the main source of air temperature data, are sparsely distributed in urban areas. 

Additionally, weather station data represent discrete locations, while temperature is a continuous 

variable, leading to controversies regarding the spatial resolution of these measurements. This PhD 

study aims to address this research gap by developing frameworks to estimate UHICL integrating 

models that optimizes air temperature data. 

1.2 Research Problem 

Satellite-derived LST offers continuous coverage of urban areas and strongly correlates with Ta. Thus, 

to estimate the UHICL, studies have attempted to address the challenge of acquiring spatially 

continuous Ta data by integrating models to predict Ta from LST data. For example, dos Santos (2020) 

used LST data from the thermal infrared band (TIR) of Landsat 8 to predict Ta for UHICL studies in 

London. Similarly, various models have been developed globally for this purpose, each with varying 

degrees of accuracy. Given the variation in climate, geographic, and socioeconomic characteristics of 

cities globally, different models have emerged as optimal predictors of Ta in different locations. 

However, since UHI is a global concern, there is a need to develop a framework for city-scale Ta 

prediction that considers these characteristics within a global context. 

Furthermore, to improve the accuracy of Ta prediction from LST, studies have integrated variables 

that describe the climate, geographic, and socioeconomic characteristics of cities. These variables 
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include relative humidity, solar radiation, evapotranspiration, wind speed, atmospheric pressure, 

longitude, latitude, elevation, precipitation, distance to the sea, and population density (Carri·n et al., 

2021; Gao et al., 2021; Shandas et al., 2023; Zheng et al., 2023). However, these studies often 

aggregate these variables in their predictions, making it difficult to determine the individual 

contribution of each class. Understanding the influence of individual characteristics on Ta prediction 

can streamline data acquisition processes, avoiding unnecessary time spent on variables with 

negligible influence on Ta prediction in a specific region. 

According to the Land Surface Temperature Product Validation Best Practice Protocol (Guillevic, 

2017), urban thermal environment analysis on a global scaleðsuch as inter-city, inter-country, or 

inter-continent comparisonsðrequires temperature data with a spatial resolution of 1000 meters and 

a monthly temporal resolution. In contrast, local-level (city scale) analysis requires temperature data 

with a spatial resolution of at least 100 meters and ideally, diurnal (at least hourly) temporal resolution. 

However, due to technical and budget constraints in the design of sensors aboard remote sensing 

satellites, there is a trade-off between the spatial and temporal strengths of these satellites. 

Geostationary satellites like Himawari-8/9, Geostationary Operational Environmental Satellites 

(GOES), and Meteosat 2ï7 offer high temporal resolution (~1 hour or higher), which is suitable for 

diurnal LST analysis. However, they have relatively coarse spatial resolution (~2000 meters or lower). 

In contrast, sun-synchronous satellites like Landsat 4ï9, ECOsystem Spaceborne Thermal 

Radiometer Experiment on Space Station (ECOSTRESS), and Advanced Spaceborne Thermal 

Emission and Reflection Radiometer (ASTER) can measure LST at high spatial resolution (~100 

meters or higher), suitable for local-scale thermal analysis, but they have relatively coarse temporal 

resolution (more than 24 hours) (Adeniran et al., 2022). Some other sun-synchronous satellites, like 

the Moderate Resolution Imaging Spectroradiometer (MODIS) and Sentinel-3, offer moderate spatial 

and temporal resolutions of 1000 meters and less than 24 hours, respectively. 
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While the configuration of the moderate sun-synchronous satellite data may be suitable for UHICL 

prediction at the city scale for global comparisons, Ta data retrieved directly from individual sun-

synchronous or geostationary satellites may not be sufficient for UHICL analysis at the local scale. 

Therefore, combining LST data from both sun-synchronous and geostationary satellites through 

harmonized use or data fusion offers a suitable solution to address this limitation. However, an 

efficient framework is needed for harmonizing these data sources, considering the variety of LST 

retrieval methods from satellite sensors, the time of day of the analysis, and the land use and land 

cover of the area of interest. Additionally, the problem of missing data in remotely sensed data and 

the effect of land use changes between the prediction periods need to be effectively addressed in 

fusion model algorithms.  

Finally, attention needs to be given to the effect of uneven distribution of weather stations across 

different city classes. There are often fewer stations in the urban core compared to rural areas or the 

urban periphery. This variation influences the prediction of Ta from LST data, as the Ta from weather 

stations forms the core prediction variable used in training or building the prediction model. 

1.3 Aim and Objectives of Study. 

In attempt to bridge the research gap outlined above, this study aims to develop models at both global 

and local scales that optimize Ta data from remotely sensed LST data for canopy layer urban heat 

island analysis. To achieve the research aim, the study will: 

i. developed a city-based model for air temperature prediction using satellite-derived LST 

and auxiliary data. 

ii. propose a framework for comparing LST products from sun-synchronous and 

geostationary satellite sensors,  

iii. develop an integrated framework for generating hourly fine-scale LST data under all-

weather conditions,  
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iv. developed an innovative machine learning model for predicting diurnal and spatially 

continuous near-surface temperature from LST data. 

1.4 Dissertation Overview 

This thesis comprises of eight chapters. Chapter one is an introductory chapter which covers the 

background of the study, the research problems and the aim and objectives of this study. Chapter two 

provides an overview of literature focusing on understanding the phenomenon of UHI, the overview 

of remotely sensing LST both from the geostationary satellites and the sun-synchronized satellites, 

state of art spatiotemporal LST data fusion models was also discussed and the limitations of existing 

machine learning models for UHI from remotely sensed LST was summarized. Chapter three provides 

a brief introduction of the study area, and an overview of the methodology employed to achieve the 

aim of the study.  

Chapters four to seven are dedicated to addressing the research objectives with each chapter 

addressing one research objective; Chapter four Presents the study on the city-based model for air 

temperature prediction using satellite-derived LST and auxiliary data, Chapter five Covers the 

comparison of LST from sun-synchronous and geostationary data, Chapter six Introduces a novel 

LST fusion framework for seamless fine-scale hourly LST optimization, and chapter seven present a 

novel machine learning model for estimating spatially continuous canopy layer temperature from 

remotely sensed LST. The last chapter (Chapter eight) is thereafter dedicated to the presentation of 

conclusion, recommendations, and the limitations of the research as well as some areas for future 

research. 
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CHAPTER TWO 

2 LITERATURE REVIEW 

2.1 Understanding the Phenomenon of Urban Heat Islands 

The origin of UHI research date back to the pioneering studies of Luke Howard in 1818, who 

identified an "artificial excess of heat" in London compared to its rural surroundings (Mills, 2008). 

Parallel discoveries by Emilien Renou in Paris and Wilhelm Schmidt in Vienna during the 19th and 

early 20th centuries further underscored the global nature of this phenomenon (Gartland, 2012). 

Subsequent investigations, including those in the United States by Mitchell in the mid-20th century, 

solidified the recognition of UHIs as a widespread climatic effect. The formation of UHIs is rooted 

in the distinctive characteristics of urban and suburban environments. Urban areas, defined by their 

dense construction and impermeable surfaces, exhibit two fundamental mechanisms that contribute 

to increased temperatures. First, the predominance of impermeable materials limits moisture 

availability, impeding the dissipation of solar heat. Second, the use of dark, heat-absorbing materials, 

coupled with the canyon-like configurations created by buildings and pavements, intensifies the 

retention of solar energy. These conditions result in daytime temperatures on dark, dry surfaces 

exceeding 88ÁC (190ÁF), a stark contrast to cooler, vegetated surfaces in rural areas (Gartland, 2012). 

UHI are not solely a consequence of physical characteristics as anthropogenic factors which includes 

human-generated heat sources, reduced wind speeds, and air pollution also exacerbates the UHI effect. 

The interplay of these physical and anthropogenic factors further intensifies the thermal contrast 

between urban and rural environments (Shahmohamadi et al., 2011). 

The ramifications of UHIs are profound and multifaceted (He et al., 2021; Wu et al., 2023; Zhao et 

al., 2014). While some colder cities at higher latitudes and elevations experience UHI-induced winter 

warming as beneficial, most urban areas worldwide perceive UHIs, especially during summer, as 

problematic. These effects manifest as human discomfort, adverse health outcomes, increased energy 
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consumption, and heightened pollution levels (Estoque et al., 2017; Nazarian et al., 2022). In the 

context of global climate change, UHIs compound existing challenges, rendering urban and suburban 

areas less habitable (Rahaman et al., 2022). 

Researchers have studied UHI at different levels and varying scales over the years. According to Oke 

(2017), UHI studies can be quantified at horizontal and vertical scales. The vertical scale classification 

is determined by the elevation at which the temperature difference is quantified. To this end, four (4) 

broad categories have been identified as presented in Table 2.1, i.e., the urban boundary layer (UBL), 

urban canopy layer (UCL), the building canopy layer (BCL) and land surface layer (LSL). On the 

other hand, the horizontal scale of UHI ranges from the micro, meso, local, to the macro level 

depending on the aim of the research (Kim & Brown, 2021).  

Table 2.1: Classification of heat Island (Kim & Brown, 2021) 

Type of UHI Horizontal Range Vertical layers 

Boundary layer Heat Island 

(UHIBL) 

Macro (100 km <) 

Meso (10 ï 100 km) 

Urban boundary layer (UBL) (> 10 m) 

Canopy layer Heat Island 

(UHICL) 

Local (0.5 ï 10 km) Urban canopy Layer (UCL) (1m ï 10 m) 

Surface layer Heat Island 

(UHISL) 

Micro (100 ï 0.5km) Land surface layer (LSL) (<1 m) 

Also, advancement in the study of UHI has revealed the dynamic nature of the phenomenon (Zhu et 

al, 2019). According to Zhu et al. (2019), UHI evolutions can encompass a single object, or a group 

of objects linked to topological interactions between UHI zones. In their study UHI was 

conceptualized as a field object that evolves through different stages. Given the variation in the 

intensity of UHI with time which can increase, decrease, or remain constant depending on the 

surrounding environmental condition and human activities.  The magnitude and scope of variation in 



9 

 

the UHI describe its behaviour and can be summarized conceptually as presented in Figure 2.1. The 

behaviour may portray a continuous cycle or a transformation. Continuous cycle can be described by 

variation in intensity (thematic) or changes in the spread of the UHI (spatial). This analogy making 

UHI estimation at a single time frame not telling the full story about the phenomenon in the area. 

 

Figure 2.1: Categorical classification of behaviours of UHIs (cited from Zhu et al., 2019) 

 

2.1.1 Estimation of Urban Heat Islands Intensity  

In quantifying the size of UHI within cities, UHI intensity (UHII) is a significant indicator (H. Li et 

al., 2018; Ren et al., 2021). Conventionally, estimations centred on UHII are presented as the measure 

of the difference between the maximum and average air temperature in urban (Tu) and rural areas (Tr) 

(Oke, 1972). 

5()) Ў4 4  4      (2.1) 
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Due to the increasing variation in the global climate and its relationship with UHI, the study of UHI 

at the city scale has become increasingly important. As confirmed by Kim & Brow (2021), UHI study 

at macro scale has received a lot of focus in recent time. However, UHI study at city scale employing 

Ta retreieved from automatic weather stations (AWS) or other in-situ data alone is constrained because 

of the limited number of ground stations available (Shi et al., 2021). Thus, UHI studies have moved 

towards using LST data from remote sensing satellites or the combined use of LST data and data from 

AWS or other in-situ measurements (Bahi et al., 2020; Reiners et al., 2023; Weng, 2009). The use of 

data from the TIR sensor has helped in measuring UHII as an estimate of LST across the city, given 

that UHI as the phenomenon occurs at strategic places depending on the combination of factors. As 

revealed in recent studies, estimating UHII using LST data can be subdivided into (Bahi et al., 2020; 

Reiners et al., 2023) . The first step involves the definition and delineation of reference areas which 

could be either rural or urban areas. The second step involves the calculation of the weighted mean 

of the reference area to reflect the UHII. A positive UHII value indicates an urban heat island effect 

in the area, while a negative value represents a sink effect (Li et al., 2014).  

According to Stewart and Oke (2012), the limitation in adopting the existing UHII estimation 

technique remains in the ambiguity associated with the definition of reference areas. Urban areas are 

defined as permanently large settlements when compared to surrounding areas (Revi et al. 2014; 

United Nations, 2014). This definition, meanwhile, is abstract, lacking any form of spatial identity. 

Studies have sought to develop different methodologies to aid the spatial classification of urban and 

rural areas. For example, Imhoff et al. (2010), in their study, developed a framework for mapping the 

spatial extent of urban areas for UHI analysis based on buffer analysis. Correspondingly, Peng et al. 

(2012), in their study on UHI analysis across 419 big global cities, utilized the city clustering 

algorithm (CCA). While Peng et al. (2018) combined the CCA and the buffer analysis to identify rural 

and urban areas of 285 different cities in mainland China using the land use data.  
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2.1.2 Factors influencing UHI 

Since 1972, when research on UHI began to pique the interest of scholars in the research community, 

several factors responsible for the varied intensity and dynamics of UHI around the city have been 

highlighted. Jia and Wang (2020)  defined these factors as the combination of multiple natural and 

anthropogenic factors within urban space. The identified factors include anthropogenic heat, reduced 

solar reflectance and latent heat loss of construction materials, and obstructed wind flow due to dense 

buildings (Li et al., 2014). In a bid to understand the connection between UHII and environmental 

factors, Jia and Wang (2020) studied the relationship between LST and some environmental factors 

like land use and land cover (LULC), urban terrain and wind speed in Hong Kong region. They 

combined both the geographically weighted regression (GWR) and ordinary least squares (OLS) 

model to carry out their comparison. Findings from the study revealed that in the study area, higher 

LSTs are located mainly in the urban built-up zones where regions are dominated and flanked by 

forestlands, while rural areas have lower LSTs. Also, the OLR reveals that there is an inverse 

relationship between LST and environmental indices like wind speed, elevation, NDVI and 

normalized difference water index (NDWI). Incongruently, ecological factors like normalized 

difference building index (NDBI) and normalized difference area index (NDBaI) directly correlate 

with LST. The GWR, however, revealed that the strongly negative coefficients of NDVI are 

concentrated mainly in the northwestern region (Yuen Long and North Districts) of the study areas. 

The limitation of this study includes that there is no consideration for the cityôs elevation 

characteristics e.g., Sky view factor (SVF) in the analysis.  

Equere et al. (2020), in their study, attempted to define new morphological parameters in order to 

improve UHI prediction. In their research, to explore the impact of vertical morphology components 

on UHII, a novel index termed elevation factor (EF) was proposed. This EF was integrated into a 

predictive model together with other horizontal components (LULC, NDVI, among others) of the city 

to understand the relationship between urban morphology and UHI. Findings from the study revealed 
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that LST is highest in the industrial area, followed by the commercial, then the residential with the 

recreational area having the lowest LST. The result of the regression model further revealed that 65% 

of the difference in the LST across the region could be explained by the dependent variable when the 

EF was not included, and this increased to 68% When the EF was included. This finding stressed the 

importance of EF in the analysis of UHI. Although the modelôs performance is acceptable in 

homogenous regions both in terms of horizontal and vertical features, the model performed better in 

areas with high elevation density. To better improve the performance of this method, however, there 

is a need to consider other urban elevation parameters other than EF. Also, using a predictive model 

based on machine learning techniques like the Artificial Neural Network (ANN) can be considered 

because these techniques have been revealed to possess high prediction performance ability. 

2.2 Remote Sensing based Land Surface Temperature for UHI estimation 

Lillesand et al. (2015) defined remote sensing (RS) as the art and science of acquiring information 

about a phenomenon, region or an object by examining data captured by a device not in direct contact 

with the subject of interest. RS is considered a viable technique for studying UHI over a large region 

at any point in time since no physical interaction with the area of study is required (Bahi et al., 2020). 

The technique uses information from aircraft or satellites outfitted with sensors to capture both short 

and long wavelength radiation emitted from the Earth's surface, enabling the estimation of Land 

Surface Temperature (LST), a crucial variable for evaluating UHI (Almeida et al., 2021). In 1972, the 

National Aeronautics and Space Administration (NASA) launched the first Earth-observing satellite 

to monitor and study the earthôs landmasses, named the Landsat 1 satellite (Brian, 2017). This satellite 

serves as a landmark of spaceborne RS, and since then, more than 50 countries have launched 

terrestrial remote sensing satellites (Liang & Wang, 2020). Advancement in satellite remote sensing 

technologies has introduced efficient and unique methods for acquiring LST across extensive regions 

with satisfactory spatial coverage and revisit frequencies (Li et al., 2013). These approaches can be 
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classified into two sorts: Methods based on thermal infrared (TIR) and passive microwave (PMW) 

based methods (Wu et al., 2021).  

The TIR-based LST retrieval method has attracted abundant attention owing to the increasing number 

of satellites with TIR sensors and the relatively high spatial and temporal resolution data retrieved 

from these satellites (Schultz et al., 2019). Also, the availability of processed satellite LST data and 

top of atmosphere (TOA), recorded as digital number which can subsequently be processed into LST 

at no cost to the public, has contributed to the increased use of TIR based method for UHI analysis 

(Almeida et al., 2021). For example, processed LST data and TOA data from; Moderate Resolution 

Imaging Spectroradiometer (MODIS) satellite is available for download free of charge at the Land 

Processes Distributed Active Archive (LP DAAC) (https://lpdaac.usgs.gov/products/mod11a1v006/). 

For Sentinel data, it is available for download at Copernicus Open Access Hub 

(https://scihub.copernicus.eu/dhus/#/home). While the Advanced Spaceborne Thermal Emission and 

Reflection (ASTER) data is available for download at the National Aeronautics and Space 

Administrationôs (NASA) Earth data Search based on user request. Increasing study in the field of 

RS has also simplified the process involved in the inversion of radiance data to LST data with different 

retrieval algorithms available for various satellite TIR sensors (Choi & Suh, 2018a; Sekertekin & 

Bonafoni, 2020; Zhao et al., 2009).   

However, despite the TIR-based method's utility, the reliability and spatial continuity of the LST 

retrieved from the TIR sensor of the RS satellite are strongly affected by pixels with invalid results 

caused by clouds or cloud shadows often classified as missing pixels (Almeida et al., 2021). 

According to (Jin, 2000), on average, about two-thirds of the daily weather is characterized by cloud 

cover, with higher percentages occurring in humid regions. In particular, less than one-third of 

MODIS LST data are cloud-free (Cornette & Shanks, 1993). Also, some regions with naturally bright 

pixels are frequently misclassified as cloud coverage. This misclassification often gets interpreted as 

https://lpdaac.usgs.gov/products/mod11a1v006/
https://scihub.copernicus.eu/dhus/#/home
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missing pixels (Wu et al., 2021). In addition, faulty TIR sensors can result in missing information in 

LST data, affecting the reliability of the TIR-based method for long-term LST monitoring, such as 

the Landsat 7ôs Enhanced Thematic Mapper Plus (ETM+) scan line corrector error (Shen et al., 2016).  

PMW method, on the other hand, has the merit of high spatial completeness, owing to the capability 

of the radiance to penetrate nonprecipitating clouds. The effect of water vapour and atmospheric 

absorption on the radiation is also negligible (Shwetha & Kumar, 2016). However, the limitation of 

the method lies in the existence of longer scanning intervals between orbits and coarse spatial 

resolution compared to TIR measurement (Wu et al., 2021). The Advanced Microwave Scanning 

Radiometer (AMSR) for the Earth Observing System (AMSR-E) for example, has a spatial resolution 

of 25km, while the AMSR2 has a resolution of 10km, which is much lower than what is achievable 

from several TIR sensors. Also, middle and low latitude regions often experience wide gaps between 

PMW orbits (X. Zhang et al., 2020). For example, there is a 25% gap in the AMSR-E image over the 

Chinese mainland (Wu et al., 2021), resulting in a spatial discontinuity in LST measurement, 

especially on a global scale. 

Another constraint in adopting RS satellite data for UHI analysis is the trade-off between temporal 

and spatial resolution of LST data from satellite sensors. Due to budget and technical limitations, 

neither PMW nor TIR sensor has a single satellite sensor with high spatial and temporal resolution 

concurrently (Wu et al., 2015). TIR satellites, for example, can be classified into two (geostationary 

and sun-synchronized satellites) based on their orbit (Barrios et al., 2018).   TIR sensors on the sun-

synchronized satellite can provide LST data with finer spatial resolution but at a coarse temporal 

resolution, while the spatial resolution of LST data from geostationary satellite is relatively coarse 

but has a finer temporal resolution (Mao et al., 2021).  
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2.2.1 Sun-synchronous Satellites for LST Estimation 

The orbit of sun-synchronous orbiting (SSO) satellite is a circular orbit that passes over the poles. 

The altitude of these satellites lies above altitudes that are relatively lower than that of geostationary 

satellites. This position affords the TIRS aboard these satellites the opportunity to record radiances at 

higher spatial resolution compared to geostationary satellites. Also, the lower elevation means lower 

Instantaneous Field of View (IFOV), resulting in a more extended period to cover the entire globe 

making TIRS have longer revisiting cycles. Moreover, Table 2.2 presents examples of sun-

synchronous satellites with TIRS which have been employed for LST estimation. They include 

LANDSAT 4-8 satellite (Chatterjee et al., 2017; Januar et al., 2020b; Quan et al., 2018; Sekertekin & 

Bonafoni, 2020), Moderate Resolution Imaging Spectroradiometer (MODIS), Aqua and Terra 

satellite (Choi & Suh, 2018a; Mao et al., 2007; Wan et al., 2010), International Space Station/ 

ECOSystem Spaceborne Thermal Radiometer Experiment on Space Station (ECOSTRESS) (Silvestri 

et al., 2020), Suomi National Polar Partnership (NSPP) Joint Polar Satellite System (JPSS)(Lin et al., 

2020) , NOAA Operational Series Satellite, Sentinel 3A and 3B and geostationary satellites like the 

NOOA. Other sun-synchronous satellites with TIRS that can be employed for LST estimation include 

Sentinel 3, ASTER and the recently launched Landsat 9.  
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Table 2.2: Details of sun-synchronous satellite for Land Surface Temperature Estimation  

Satellite TIR Sensor Temporal 

Coverage 

Spatial 

Resolution  

Temporal 

Resolution 

Landsat 4 - 9 Thematic Mapper (TM), 

Enhanced Thematic Mapper (ETM+) 

Thermal Infrared Sensor (TIRS) 

1982-

Present 

100-120 

meters  

16 d 

MODIS MODerate-resolution Imaging 

Spectroradiometer (MODIS) 

1999-

Present 

1kilometer  12 h 

ECO STRESS  Prototype HyspIRI Thermal Infrared 

Radiometer (PHyTIR) 

2018-

Present 

60 meters 5 d 

NSPP/JPSS Visible Infrared Imaging Radiometer Suite 

(VIIRS) 

2011 ï 

Present 

750 meters 12 h 

NOAA 

Operational 

Series Satellite 

Advance Very High-Resolution 

Radiometer (AVHRR) 

1979 - 

Present 

1 - 4 

kilometers  

12 h 

ESA - Sentinel 

3A & 3B 

Sea and Land Surface Temperature 

Radiometer (SLSTR) 

2016 ï 

Present 

500meters - 

1kilometer  

1 d 

Terra  ASTER 1999 ï 

Present  

90meters 24 h 

 

2.2.2 Geostationary Satellites for LST Retrieval  

Geostationary satellites operate in a geosynchronous orbit at an altitude relatively higher than sun-

synchronous satellites. The satellites orbits in the earth's equatorial plane at an altitude of 

approximately 35,786 km (Liang & Wang, 2020). At this altitude, it takes the satellite 24 hours to 

complete one orbit, the same period to complete one rotation about its axis. Thus, the satellite seems 

stationary in the sky to ground observers. The fixed orbit of the geostationary satellite gives the TIRS 

aboard the capability to make continual observations over a particular area resulting in high temporal 
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resolution LST data. However, given that a single geostationary satellite has a direct line of sight that 

covers only approximately 40% of the earthôs surface, to collect LST data for the entire earthôs surface, 

three of such satellite spaced at 120 degrees of longitude will be required (Balsamo et al., 2018). The 

limitation of LST data retrieved from TIRS on geostationary satellites is the relatively coarse spatial 

resolution of the data compared with LST retrieved from the sun-synchronous satellite. Previous 

scholarships have utilized Geostationary satellites for the production of LST retrieval. These 

Geostationary satellites include the NOOA Geostationary Operational Environmental Satellites 

(GOES) 16-18 (Chang et al., 2021), Himawari/AHI 8 and 9 (Advance Himawari Imager) (Choi & 

Suh, 2018a; Li et al., 2020; Yamamoto et al., 2018b). Others include the Chinese Fengyun 2-4 (Quan 

et al., 2018), and Meteosat satellites (Duguay-Tetzlaff et al., 2015), among others (see Table 2.3 for 

details).  

 

Figure 2.2: Global Geostationary Satellite Coverage (cited from National Center for Atmospheric 

Research, 2022) 
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Table 2.3: Details of Geostationary satellite for Land Surface Temperature Estimation  

Satellite TIR Sensor Temporal 

Coverage 

Spatial Resolution  Temporal 

Resolution 

GOES 8 and 9 Imager & Sounder 

Advance Baseline 

Imager (ABI) 

1975 - Present 4 kilometers 30 min - 1h 

GMS Himawari 7-

9 

Advance Himawari 

Imager (AHI) 

2013 ï Present  2 kilometers 2.5 ï 10 mins 

Fengyun (FY) 2-4  Stretched Visible 

and Infrared Spin 

Scan Radiometer 

(S-VISSR) 

2012 - Present 5 kilometers 30 mins 

Meteosat 2ï7 Meteosat Visible 

and Infra-Red 

Imager (MVIRI) 

1983 ï Present 5 kilometers 30 mins 

Elektro  MSU-GS 

radiometer-imager 

2011 ï Present  4 kilometers  30 mins 

 

2.2.3 LST Retrieval Algorithms for Sun-synchronous and Geostationary satellite data 

Land Surface Temperature (LST) retrieval is a critical aspect of urban heat island analysis, and it 

relies on robust algorithms for accurate temperature estimations. Different algorithms have been 

developed for retrieving LST from both suns-synchronized and geostationary satellite imagery, this 

includes the Radiative Transfer Equation (Jim®nez-Mu¶oz & Sobrino, 2009; Spurr et al., 2001), 

Mono-Window Algorithm (Qin et al., 2001; Wang et al., 2015), and Split-Window Algorithm 

(Jim®nez-Mu¶oz et al., 2014; Wan & Dozier, 1996). 

Mono-Window Algorithm (MWA): The MWA is a foundational approach for estimating Land 

Surface Temperature (LST) and is particularly useful in situations where satellite sensors have only a 

https://en.wikipedia.org/w/index.php?title=Stretched_Visible_and_Infrared_Spin_Scan_Radiometer&action=edit&redlink=1
https://en.wikipedia.org/w/index.php?title=Stretched_Visible_and_Infrared_Spin_Scan_Radiometer&action=edit&redlink=1
https://en.wikipedia.org/w/index.php?title=Stretched_Visible_and_Infrared_Spin_Scan_Radiometer&action=edit&redlink=1
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single thermal band, as exemplified by Landsat 4-7 (Qin et al., 2001). Although they are also 

adaptable for satellites with multiple band as demonstrated Avdan and Jovanovska (2016) for 

Landsat-8.  

Split-Window Algorithm (SWA): The SWA improves upon the MWA approach by using two 

adjacent atmospheric windows, typically located in the thermal infrared region (Jim®nez-Mu¶oz et 

al., 2014). This dual-window configuration allows for the correction of atmospheric effects, such as 

water vapor and aerosol content, leading to more accurate LST retrievals (Jim®nez-Mu¶oz et al., 

2014).  

Radiative Transfer Equation (RTE): The RTE is a comprehensive and physically based framework 

for modelling the interaction of electromagnetic radiation with the Earth's surface and atmosphere 

(Jim®nez-Mu¶oz & Sobrino, 2009). While computationally intensive and data demanding, RTE 

provides precise LST estimations by accounting for numerous factors, such as atmospheric profiles, 

surface emissivity, and sensor characteristics. RTE is valuable when accuracy takes precedence over 

computational efficiency (Jim®nez-Mu¶oz & Sobrino, 2009). 

2.3 Retrieval of air temperature from Land Surface Temperature  

As discussed in the classification of UHI, the phenomenon can be investigated at varying vertical 

elevation. With boundary layer UHI (UHIBL) outside the human physical interaction, surface layer 

UHI (UHISL) and urban canopy layer UHI (UHICL) remains the important UHI classification that are 

directly related to human as it is estimated within the sphere of human interaction (0 - 100m) (Oke, 

1995).  

While temperature data used to estimate the UHISL can be collected from LST measurements, which 

are continuously available over extensive land areas from thermal infrared sensors, estimating the 

UHICL requires Ta data typically collected within 1.5 to 2 meters above ground level by weather 

stations. These stations are strategically placed but often limited in number across the city due to the 
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high costs of installation and maintenance, along with the inaccessibility of certain city (Hooker et 

al., 2018). 

The discrete spatial distribution of weather stations leads to gaps in the data, creating discontinuities 

in temperature measurements, which limits their utility for capturing fine-scale spatial variations 

(~100 m) (Ding et al., 2023). As Ta measurements are spatially and temporally limited, they cannot 

provide a continuous depiction of temperature distribution across diverse urban settings. 

Accurate Ta measurement is essential because it serves as a critical climate variable, reflecting the 

energy and thermal balance in the lowest atmospheric layer. This is particularly important in urban 

areas, where human activities intensify climate change impacts. Higher urban temperatures, 

especially during heatwaves, contribute not only to discomfort but also to elevated air pollutant 

concentrations, directly affecting residents' health and well-being  (Teixeira & Amorim, 2022). 

Therefore, mapping Ta accurately is crucial for understanding urban microclimate dynamics and 

modeling the UHICL effects (Venter et al., 2020). 

To address the limitation of spatial discontinuity in Tair from weather stations, studies have developed 

models that tend to estimate Ta by leveraging the relationship between temperature data from weather 

stations with LST from satellite data. In this review, these models are broadly categorized into two 

groups: empirical models and machine learning models. 

2.3.1 Empirical models 

The earliest approach to predict Ta from LST data involves developing a basic linear or multiple linear 

regression equation to model the relationship between LST, Ta and other related environmental factors 

(Noi et al., 2017). Employing exponential or logarithmic functions in fitting regression models is also 

common (Vancutsem et al., 2010). However, these models have notable limitations (Bhandari et al., 

2022; Carri·n et al., 2021). For example, the model represents the relationship between Ta and LST 

on a linear scale. However according to Oyler et al. (2016), there exist a complex relationship between 
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the two variables which cannot be simply represented with a linear equation. The challenge of 

parameterization further complicates these models, as their parameters are tailored to local-scale 

geographical and atmospheric attributes within a specific timeframe (Carri·n et al., 2021). 

Consequently, as spatial, or temporal scales change, and distinct atmospheric conditions come into 

play, adapting these models becomes more intricate. Nevertheless, it's worth noting that despite these 

limitations, the advantages of these models, such as their simplicity and minimal computational 

demands, generally outweigh their drawbacks. 

The empirical models based the prediction of Ta (dependent variable) on the linear relationship with 

LST and other environmental variables which are also highly correlated with Ta. In recent years 

different variation of the model have been adapted for Ta prediction as presented in Table 2.4, it 

includes Linear regression (LR), Multivariate Linear Regression (MLR), Partial Least-Squares 

Regression(PLSR), geographically weighted regression (GWR), Bayesian Kriging regression (BKR). 

The most important component models is the number of independent variables employed, which can 

range from one to tens of variables. For example, a scoping review of empirical model for Ta 

prediction from LST published in the Scopus database over the past 5 years (January 2019 to June 

2023) yielded 17 results with the number of independent variables employed by the different authors 

ranging from one to ten as presented in Table 2.4. With LST variable common to all the studies, other 

independent variable employed includes the elevation data that was employed in seven of the studies, 

normalized difference vegetation index (NDVI) in six studies, latitude and longitude (LON + LAT) 

in five studies, land use land cover (LULC) in three studies, normalized difference water index 

(NDWI), normalized difference built-up index (NDBI), enhanced vegetation index (EVI), hillside, 

distance to water (DOW), and wind direction (WD) were all employed in two studies. While Kºppen-

Geiger climate classification (KCC), slope, surface albedo (SA), landform, land surface emissivity 

(LSE), Sky view factor (SVF), hydrometric level (HL), snow height (SH), precipitation, temperature, 

relative humidity (RH), surface solar radiation (SSR), wind speed (WS), topological position, time of 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/geographically-weighted-regression
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the day (TOD), and season of the year (SOY) were all employed in a single study within the review 

period. 

Table 2.4: Summary of Empirical studies on Ta Prediction from LST data (between January 2019 till 

June 2023) 

 

Author  Method Independent Variables  

Jaiswal et al. (2023) LR LST 

Tepanosyan et al. (2023) PLSR LST, NDVI, NDWI, and NDBI 

Nikolaou et al. (2023) 
LR 

 

LST, NDVI, Elevation, and LULC 

Colaninno and Morello 

(2022) 

GWR LST, Elevation, HL, SH, Precipitation, Temperature, 

RH, SSR, WS, and WD 

Liu et al. (2022) LR LST 

Zhang et al. (2022) LR LST, and Elevation 

Zhong et al. (2022) MLR LST, NDVI, EVI, LULC, Elevation, and LON + LAT 

Sergei et al. (2022) LR LST, TOD, and WD 

Meliho et al. (2022) LR LST, TOD, LSE, SVF, Elevation, Hillshade, and Slope 

Hereher and El Kenawy 

(2022) 

LR LST and Elevation 

Liu et al. (2021) MLR LST, SA, Elevation, NDVI, and WS 

Carri·n et al. (2021) LR LST, Elevation, TP, SOY, EVI, LULC and Landform, 

and LON + LAT 

Orellana-Samaniego et 

al. (2021) 

LR LST, Elevation, and LON + LAT 

Serra et al. (2020) MLR LST, Elevation, DOW, Slope, Aspect, Hillshade, 

NDVI, NDBI, and LON + LAT 

Hadria et al. (2019) LR LST, and KCC 

Hereher (2019) LR LST, NDVI and Elevation 

Zhang and Du (2019) BKR LST, and TOD 
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2.3.2 Machine Learning Models   

Recent years have witnessed the launch of several satellites equipped with thermal sensing 

capabilities, accompanied by the deployment of automatic weather stations capable of capturing and 

storing vast amounts of meteorological data (Fu et al., 2020; Ioannou et al., 2021; Minnett et al., 

2019). This surge in data availability, coupled with advances in data processing power, has opened 

the possibility of integrating high-end computing models into the field of thermal remote sensing. 

Machine learning models, known for their ability to navigate multidimensional spaces and handle 

complex, non-linear relationships, have proven their robustness in solving various data analysis 

problems (Olden et al., 2008). 

Consequently, these machine learning models have been adapted for use in thermal remote sensing 

to predict Ta from remotely sensed LST data (Tepanosyan et al., 2023). This adaptation was driven 

by the recognition that the relationship between Ta and LST cannot be accurately represented by linear 

models alone (Oyler et al., 2016; Wilson et al., 2022).  A scoping review of most recent (January 2019 

to June 2023) published studies on the use of machine learning models for predicting Ta in the Scopus 

database as presented in Table 2.5 reveals that variety of Machine learning models have been 

employed. This includes decision tree-based approaches such as Random Forest (RF), Extremely 

randomized Trees (ET), gradient boosting (GBDT) and extreme gradient boosting (XGboost), as well 

as regression trees (DT). Additionally, deep learning models like the multiple-layer perceptron Neural 

Network (MLP-NN), Cubist Machine learning model (CML), Deep Neural Network (DNN), Long 

and Short-Term Memory (LSTM), supervised vector model (SVM), Recursive Neural Network (RNN) 

have been harnessed to predict continuous-scale Ta from LST data.  

While the target variable into these models remains Ta, the input variables vary across different studies, 

as depicted in Table 2.5. With LST variable common to all the studies, other variable employed 

includes NDVI, NDWI, EVI, SSR, LULC, SA, LON + LAT, HOD, KCC, DOW, RH, WD, WS, 



24 

 

elevation, slope, aspect, Hillshade, percentages of the areas covered by water (LCPWAT), percentages 

of the areas covered by urban (LCPURB), percentages of the areas covered by vegetation (LCPHF), 

Total column water (TCW), boundary layer height (BLH), day of the week (DOW), month of the year 

(MOY), observation zenith angle (ZA), atmospheric water vapor (AWV), precipitation, cloud cover 

(CC), radiation flux (RF), topographic position index (TPI), landform, inverse-distance weighted air 

temperature (IWTair), topographic index (TI), rainfall,  population, Global man-made impervious 

surface (GMIS), Human built-up and settlement extent derived (HBASE), Land Surface Water Index 

(LSWI), Soil Adjusted Vegetation Index (SAVI), Normalized Difference Snow Index (NDSI), 

Nighttime light data (NLD), climate classification (CLC), sine and cosine of seasonality (SCS) and 

Topographic position index (TPI). 

Table 2.5: Summary of Machine Learning studies on Ta Prediction from LST data (between January 

2019 till June 2023) 

Author  Method Predictive Variables  

Zhang et al. (2023) RF LST, NDVI, Elevation, Slope, LCPWAT, LCPURB, 

LCPHF, TCW, BLH, SSR, LON + LAT, HOD, and 

MOY 

Shandas et al. (2023) RF LST, LULC, Elevation, and LON + LAT 

Yao et al. (2023) CML LST, LULC, and Elevation 

Yang et al. (2023) MLP-NN, 

LSTM 

LST, NDVI, and Elevation                       

Qin et al. (2023) RF LST, LON + LAT, Elevation, SA, and TOD 

Qin et al. (2022) RF LST, NDVI, EVI, SA, TOD, ZA, and Elevation 

Che et al. (2022) MLP-NN, SVM 

and RF 
LST, TOD, and MOY 

Fl¿ckiger et al. (2022) RF LST, NDVI, Elevation, LULC, SSR, SVF, WD 

Precipitation, Year, and TOD 

C. Wang et al. (2022) 
RF, DT, FFNN, 

GLM 

LST, NDVI, LULC, LON + LAT, and TOD 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/zenith-angle
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Zhang and Du (2022b) RF LST, elevation, NDVI, AWV, Evaporation, 

Precipitation, CC, RF, LON + LAT,  MOY, and LULC 

Bhandari et al. (2022) MLP-NN LST, Elevation, LULC 

Jin et al. (2022) RF and XG-

Boost 

LST, LULC, NDVI and Elevation 

W. Wang et al. (2022) RF, ET, GBDT, 

XG Boost, SVM 

and MLP-NN 

LST and HOD 

Zhang and Du (2022a) RF LST, NDVI, LCPURB, LCPWAT, TWC, BLH, SSR, 

Elevation, Slope, Aspect, LON + LAT, and HOD. 

Liu et al. (2021) MLP-NN and 

RF 

LST, NDVI, SA, Elevation, WS, and DOW 

Choi et al. (2021) DNN LST, NDVI, and NDWI 

Carri·n et al. (2021) XG boost Elevation, TPI, SCS, HOD, EVI, LULC, Landform, 

IWTair, Temperature, and LON + LAT 

Yao et al. (2021) CML  
LST, HOD, EVI, Elevation, TI, SSR, Aspect, Slope, 

PIS, NL, LULC, LON + LAT, and Year. 

 

Zeng et al. (2021) RF 
LST, SA, SSR, NDVI, Elevation, KCC, DTW 

Orellana-Samaniego et al. 

(2021) 

RF 
LST and Elevation 

Gao et al. (2021) RF, DNN 
LST, EVI, Albedo, Elevation, Slope, SSR, RH, 

Rainfall, WD, Population, LULC, LON + LAT, MOY, 

and Year. 

Chung et al. (2020) LSTM 
LST, LULC, LON + LAT, and Elevation 

Cho et al. (2020) RF 
LST, NDVI, Elevation, Slope, Aspect, SSR, GMIS, 

HBASE, and LON + LAT 

M. Zhang et al. (2020) 
CML, RF and 

XG boost 

 

LST, SSR, LON + LAT, Elevation, NDVI, EVI, LSWI, 

SAVI, and NDSI  
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Hough et al. (2020) 
RF LST, LSE, NDVI, Elevation, population, LULC, CLC 

Hrisko et al. (2020) 
RNN LST, LULC, Elevation, LON + LAT 

Otgonbayar et al. (2019) 
RF LST, TOD, LSE, Slope, Elevation, Aspect, and LON + 

LAT 

X. Zhu et al. (2019) 
SVM, BPNN, 

RF 

LST, NDVI, Elevation, SA, and NLD,  

 

While machine learning models have enhanced the precision of predicting continuous Ta from Land 

Surface Temperature (LST) and additional auxiliary variables, a fundamental constraint persists. This 

limitation revolves around the satellite derived LST, which serves as a critical input for all these 

models. It arises from the fact that a single sensor is unable to generate LST data at the fine spatial 

and temporal resolutions necessary for accurate predictions. Thus, the machine learning models have 

been unable to predict fine continuous Ta at fine spatial and temporal resolution as well.  

2.4 Spatiotemporal Land Surface Temperature data fusion 

In an attempt to make land surface temperature (LST) data available at both high spatial and temporal 

resolutions, studies have come up with different methods of LST data optimization. These methods 

can be stratified into two broad strata. The first category involves the methods that use data from the 

TIRS of a single satellite temporal interpolation of data from the TIRS of sun-synchronized satellites 

and the spatial downscaling of data from TIRS on geostationary satellites (Quan et al., 2018). While 

the second category require the use of TIR data from multiple sensors by integrating data from both 

sun-synchronized and geostationary satellite based on sparse representation, endmember unmixing, 

and weight function-based methods (Quan et al., 2018). 

2.4.1 The spatial downscaling method  

Given that spatial resolution of data from the visible and near-infrared (NIR) band of satellites often 

have a finer spatial resolution when compared with data retrieved from the TIR band. The spatial 
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downscaling method capitalizes on the resolution of data from the visible and NIR band to improve 

the resolution of data from the TIR band by associating data pixels from the TIR band with the 

corresponding pixels in the visible and NIR band (Sismanidis et al., 2015).  

Different studies have employed the spatial downscaling method to improve the spatial resolution of 

TIR data from a geostationary satellite. For example, Sismanidis et al. (2016) in their study improved 

the spatial resolution of LST data from the MSG3-SEVRI satellite by downscaling the spatial 

resolution from 4km to the spatial resolution of the data from the Visible band (1000m) by combining 

the Support Vector Regression Machine (SVM) and gradient boosting method. The study validated 

the downscaled LST data by comparing the result with LST retrieved from the MODIS satellite. The 

comparison demonstrated that the downscaling procedure was consistent and that the radiometry of 

the original data gets retained. Zakġek and Oġtir (2012) also, in their study, employed multiple 

regression using a moving window approach to downscale the spatial resolution of LST data from the 

SEVIRI satellite. The process improved the spatial resolution of LST retrieved from 5km to the spatial 

resolution of normalized difference vegetation index (NDVI) data estimated using data from the 

visible band of the same satellite (1000meter). The downscaled SEVIRI LST data validation using 

MODIS generated LST showed a comparable result over urban areas with an average root mean 

square error of 2.5K.  

Although, the bias in the downscaled LST data in both studies is insignificant, the finest spatial 

resolution achievable using the spatial downscaling technique is a resolution achievable from other 

bands from the same satellite, which may not be sufficient for LST analysis in homogenous regions. 

Also, the scale factor required for downscaling should be measured the same day the TIR band was 

retrieved. However, this condition is often not achievable because of the infrequent revisiting period 

of the scale factor sensor, influencing the accuracy of the downscaled TIR data (Quan et al., 2018).  
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2.4.2 Temporal Interpolation method 

The temporal interpolation method is designed to improve the temporal resolution of LST estimates, 

mainly from sun-synchronized orbiting satellites, by interpolating LST data with temporally discrete 

observation and associating them with the surface energy balance model or annual/diurnal 

temperature cycle (ATC/DTC) (Duan et al., 2012).  

A study by Duan et al. (2014), for example, used the temporal interpolation method to generate a time 

consistent LST product from the MODIS LST data, and the result achieved a great accuracy with 

RMSE of 0.5K when compared with hourly LST data retrieved from the MSG_SERVI satellite. The 

limitation of this technique, however, is that, for effective interpolation at the diurnal scale, a 

minimum of four LST observations on the prediction day is required, which can only be achieved by 

a limited collection of cloud-free MODIS observations with a spatial resolution of 1km (Quan et al., 

2014a). Similarly, Zhan et al. (2016) developed a technique capable of conflating temporal 

interpolation and spatial downscaling techniques. The technique centred on downscaling the ATC and 

DTC parameters using the albedo and vegetation index as scale factors for estimating diurnal LSTs 

throughout a year at a spatial resolution of 250 meters. Nevertheless, the need for at least four 

observations on prediction day remains a problem. 

2.4.3 Endmember unmixing based method. 

The endmember unmixing based method involves LSTs from two different satellite sensors, with one 

having a fine temporal resolution but coarse spatial resolution while the other satellite possesses fine 

temporal resolution but a relatively coarse spatial resolution. The method treats temporal variations 

at the coarse spatial resolution as a mixture of different temporal variations occurring at the fine 

spatial resolution (Zhu et al., 2016). The method is related to the linear temperature mixing model 

(LTMM). The temporal variation at the fine-scale is estimated by assuming a constant component 

combination and a negligible intra- component variation (Quan et al., 2018). The accuracy of this 

method is strongly dependent on the quality of the classification maps (Zhang et al., 2015) and the 



29 

 

spatial pattern reconstruction may not be satisfactory in a situation where there is a large scale 

difference (Quan et al., 2013). However, the accuracy of this method depends on an accurate 

classification map that is always not available. Also, situations where there is a large scale difference 

between the data analyzed may result in unsatisfactory spatial pattern reconstruction  (Quan et al., 

2018). 

2.4.4 Sparse Representation 

The sparse representation-based method also uses data from multiple sensors to generate LST data at 

both high spatial and temporal resolution, i.e., one with fine spatial resolution and the other with fine 

temporal resolution. This method employs the sparse representation technique to learn the 

relationship between structures within the two image pairs. Thus, to predict the fine resolution LST 

value at another time, the correspondence of the relationship with the fine resolution is applied to the 

coarse resolution at the prediction time (Chen et al., 2016). Compared with the regression 

downscaling method, where the target variable only replaces the scale factors, the sparse 

representation-based method can be considered an improved version of the downscaling method as it 

also accounts for the structural features, land cover change and changes in phenology. This is because, 

in this method, the relationship is learned based on patches rather than individual pixels and then 

applied to the coarse resolution at different times. Here, the spectral relationship learned by scale 

factors is replaced by the target variable. In other words, the method understands the relationship 

through patches instead of pixels and applies it to the coarse resolution at another time. However, this 

method has limitations, including the need for complex model computation, difficulty in physically 

explaining the correspondence, exceptional conservation of spatial details over large-scale differences, 

and a strong dependence on the image extent (Zhu et al., 2016).   

2.4.5 Weight Function-based method 

Since its initial proposal, the weight function-based technique has grown in popularity and is similar 

to the sparse representation and the end member unmixing method, as the method also involves using 
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pairs of LST data from multiple sensors. This technique establishes linear relationships between a 

pair of fine and coarse resolution LSTs acquired on the same time/date or two coarse resolution LSTs 

acquired at different times using the weight function. The factor from the relationship is then used to 

predict LST data at a fine scale on the prediction date/time. The spatial and temporal adaptive 

reflectance fusion model (STARFM) proposed by Feng et al. (2006) is the most representative of the 

weight function based fusion method. Using pairs of observations from Landsat and MODIS, 

STARFM uses a weighted sum of reflectance changes in identical neighbouring pixels to predict daily 

Landsat-like reflectance, assuming that temporal change is scale-invariant (Zhang et al., 2015). 

However, studies have sought to improve the model, considering the limitation of its application over 

heterogenous landscapes and regions with changing land cover types. For example, in their research, 

Zhu et al. (2010) proposed an enhanced STARFM (ESTARFM), accounting for changes in complex 

heterogeneous surfaces by introducing a linear spectral mixing model (LSMM) to address variation 

resulting from surface heterogeneity. Similarly, Hilker et al. (2009) developed a spatial-temporal 

adaptive algorithm for mapping reflectance change (STAARCH) over vegetated surfaces. This 

method identifies changes and selects optimal reference images using the Tasseled Cap 

Transformation (TCT) technique. The algorithm was tested over a heterogenous landscape in west-

central Alberta, Canada, and recorded spatial accuracy of 93% when compared to the validation data 

set. 

2.4.6 The theoretical basis of the existing fusion method 

Although STARFM was designed to optimize data in the visible spectrum of RS satellites, studies 

have built on the merit of this landmark model to design new methods for the fusion of data in the 

TIR spectrum of RS data. The model requires two pairs of fine and coarse resolution images acquired 

around the same time/date and a coarse resolution image on the prediction date as the input data. 

These data were subsequently used to predict the fine resolution image on the prediction date.  
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First, the observations from the fine and coarse resolution RS platforms need to be calibrated and 

atmospherically corrected for surface reflectance to be comparable spatially and temporally. 

However, small biases are expected due to the differences in data processing, acquisition time, 

bandwidth, and geolocation errors. Neglecting geolocation errors and differences in atmospheric 

correction, a heterogeneous coarse-resolution pixel at date t and reflectance (Ct) can be aggregated 

from finer resolution homogeneous pixels of reflectance &and percentage coverage ! according to 

equation 2.2. 

ὅ  ВὊ ὃ           (2.2) 

where i refers to the fine resolution pixel's spatial index (location). Even under the condition where 

percentage area ! stays constant and is retrievable from the next or previous acquisitions, the 

problem is still ill-posed mathematically, and additional information will be required to determine a 

unique solution. If & can be estimated from neighbouring homogeneous coarse-scale pixels, results 

could be improved dramatically. Therefore, finding spectrally similar homogenous neighbouring 

pixel is the key to finding an approximate solution.  

The surface reflectance of a homogenous pixel at a coarser resolution measured by Landsat data can 

be expressed as presented in Equation 2.3 

Ὂ ȟȟ  ὅ ȟȟ ‐         (2.3) 

where ὼȟώ is a given pixel location for both fine and coarse images, ὸ is the acquisition date for 

both data, and ‐ represents the difference between observed coarse and fine resolution reflectance. 

However, it is assumed here that the coarse resolution reflectance ὅ ȟȟ   has been previously 

georeferenced and resampled to the resolution and bounds of the fine resolution reflectance Ὂ ȟȟ  

and thus shares the same pixel size, image size, and coordinate system. For reduce the complexity, 

this assumption applies to all equations in the following text. Following Equation 2.4, the reflectance 



32 

 

data ὅ ȟȟ   at a coarse resolution on a prediction date ὸ , can then be used to predict the fine 

resolution surface reflectance on the same day. 

Ὂ ȟȟ  ὅ ȟȟ ‐         (2.4) 

Suppose the ground coverage type and system errors at pixel ὼȟώ  do not change over prediction 

date ὸ and the date ὸȟ then ‐ = ‐, and thus (Equation 2.5), 

&
Ⱦȟ Ⱦȟ # ȟȟ & ȟȟ # ȟȟ       (2.5) 

However, this ideal situation cannot often be satisfied from coarse and fine observations. The 

relationship between the two data is complicated because:  

i. Coarse-resolution data is really a homogeneous pixel and may include mixed land cover types 

with different surface reflectance when considered at the same resolution as fine resolution data.  

ii.  Changes in surface reflectance may occur between tk and tp because of land-cover status 

(phenology) and solar geometry bidirectional reflectance distribution function (BRDF) changes. 

 To account for the heterogeneity of coarse resolution pixels, STARFM introduced adopts the moving 

window function. That allows the model to source additional information from neighbouring pixels 

to compute the reflectance for the central pixel at date tp with a weighting function as presented in 

equation 2.6. 

Ὂ ȟ В В В ὡ ὅȟȟ Ὂȟȟ ὅȟȟ               (2.6) 

where w is the width of the searching window (xw/2, yw/2) is the central pixel of the window. To ensure 

that the right information from neighbour pixels is used, only spectrally similar (i.e., from the same 

spectral class) and cloud-free pixels from Landsat surface reflectance within the moving window are 

used to compute the reflectance. 
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To account for the possible change in the surface reflectance between tp and tk, ESTARFM, developed 

by Zhu et al. (2013), made two improvements over the STARFM. The first improvement is the 

introduction of the conversion coefficient vi, which indicates the ratio of the change of reflectance for 

kth endmember to the change of reflectance for a mixed coarse-resolution pixel as presented in 

Equation 2.7. 

 Ὂ ȟ В В В ὡ  ὠ ὅȟȟ Ὂȟȟ ὅȟȟ               (2.7) 

The second improvement in the ESTARFM is the estimation of a more accurate reflectance of pixel 

i by a weighted combination of the prediction from two different dates tk and tn. The combined weight 

is estimated from the relationship between the coarse resolution pixel on the two observation tk and 

tn and the prediction date using Equation 2.8.   

ὡ
В В

ȟ ȟ
 

ȟ ȟ

В В В
ȟ ȟ

 
ȟ ȟ

 ȟὨ Ὧȟὲ     (2.8) 

The fine resolution reflectance on the prediction date tp can be estimated using equation 2.9. 

 Ὂὼύ
ς
ȟώύ
ς
ὸὴ
 ὡὯ ὊὯ ὼύ

ς
ȟώύ
ς
ὸὴ
 ὡὲ Ὂὲ ὼύ

ς
ȟώύ
ς
ὸὴ

  (2.9) 

2.4.7 Improvements on fusion model for thermal products  

STARFM and ESTARFM were designed to optimise the spatial and temporal resolution of data in 

the visible band (surface reflectance) of RS data. For efficient adoption of these fusion methods for 

data in the TIR band, further studies have sought to improve the framework of these methods. For 

example, Weng et al. (2014) considered the use of the annual temperature cycle (ATC) 

approximated by a sinusoidal function in the estimation of the conversion coefficient vi in their 

proposed fusion model Spatio-temporal Adaptive Data Fusion Algorithm for Temperature mapping 

(SADFAT) as presented in Equation 2.10. 

ὒὛὝὓὃὛὝὣὃὛὝ ÓÉÎ ύ Ὠ  —     (2.10) 
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w is the angular frequency, d is the day of the year (DOY) relative to the equinox, and is the phase 

shift, where MAST is the mean annual surface temperature, YAST is the yearly amplitude surface 

temperature, and ɗ is the phase shift. 

Also, considering that remotely sensed data in the TIR band have a coarse spatial resolution compared 

with data in the visible spectrum. In their study, Wu et al. (2014) developed a Spatio-temporal 

integrated temperature fusion model (STITFM) to retrieve high temporal and spatial resolution LST 

from multi-scale sun-synchronized and geostationary satellite observations, presented in Equation 

2.11. 

Ὂȟ  Ὂȟ  ὓ ȟ  ὓ ȟ  ὅȟ  ὅȟ  Ễ ὢȟ  ὢȟ   (2.11) 

where tm is the time of prediction for the high spatial resolution LST, and F, M, C, and X denote the 

LST values from the different sensors. The other sensors are not written but are expressed as ellipses. 

F is the sensor with the highest spatial, while X is the sensor with the least spatial resolution but 

highest temporal resolution. The acquisition times of the corresponding sensors is denoted by t1, t2, 

t3, Ễ, tm ï 1. 

In conclusion, it has been established that there has been a slew of spatiotemporal fusion models 

developed in past studies to improve the spatial and temporal resolution of remotely sensed TIR data 

and its products, with Gao et al. (2006)'s development of STARFM being a notable milestone in the 

field. Although these STARFM related models were initially designed for the fusion of data in the 

visible band, studies have directly adopted STARFM and other similar methods which includes 

ESTARFM, spatial and temporal adaptive emissivity fusion model (STAEFM) among others for 

generating daily/diurnal fine-scale thermal data and other derivable products, such as LST and 

evapotranspiration (Januar et al., 2020b; Quan et al., 2018; Weng et al., 2014; Wu et al., 2015; Wu et 

al., 2021). Weight function-based approaches appear to be the most appropriate methods for 

optimizing the resolution of remotely sensing data with high variability in both space and time. 
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However, these fusion models are suitable when pairs of cloud-free data are collected on the same 

day from multiple sensors. However, Quan et al. (2018) suggest that to improve the accuracy of these 

fusion models, the period between the collection of LST for the base and the prediction date should 

be within one annual temperature cycle. Due to complex atmospheric conditions in some regions, it 

is difficult to get two pairs of cloud-free within this period, making the adoption of the existing fusion 

model challenging to implement in these areas. In addressing this limitation, this study will propose 

an improved fusion model for optimizing LST imagesô spatial and temporal resolution under all-

weather conditions. 
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CHAPTER THREE 

3 Study Area and Research Methodology 

3.1 Study area 

Understanding and monitoring the thermal environment are paramount on both local and global 

scales (Liu et al., 2020). Globally, studying the thermal environment is crucial for addressing 

climate change. As our planet experiences rising temperatures, understanding thermal dynamics is 

critical for assessing the extent and consequences of these changes (Weiskopf et al., 2020). Accurate 

monitoring of thermal conditions provides valuable data for climate modelling, informs mitigation 

strategies, and facilitates international cooperation in combating global warming. Locally, the 

thermal environment directly impacts community well-being, influencing human health, comfort, 

and overall quality of life (Ronchi et al., 2020). Additionally, it shapes local microclimates, 

affecting energy consumption, urban planning, and resilience to extreme heat events (Abaas & 

Khalid, 2023). 

The geographic scope of this study is divided into two phases: a global scope and a local scope. The 

global scope involves developing a city-based Ta prediction model within a global context. The 

sampling frame consists of world cities listed in the 2018 World Cities Data Booklet (United Nations, 

2018). Details of the sampled cities are discussed in the next chapter, which focuses on the global Ta 

studies. 

The local scope involves an in-depth city-scale Ta analysis conducted within the local context of 

Hong Kong. The selection of Hong Kong is based on its unique characteristics. It is one of the cities 

with the highest population density globally. The intense urbanization in the region has led to the 

development of the Urban Heat Island (UHI) effect, with significant temperature differences 

between urban and rural areas, making Hong Kong an ideal site for UHI analysis (Liu & Zhang, 

2011). Hong Kong is considered one of the worldôs most densely populated cities (Feng & Xu, 
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2021), and its climate has received significant attention due to the considerable increase in extreme 

hot weather events in recent decades (Shi et al., 2019). This study focuses on using remote sensing 

and machine learning to analyze Hong Kongôs thermal environment. 

By combining global and local analyses, this study aims to provide a comprehensive understanding 

of the thermal environment and its implications, contributing to both climate change mitigation and 

local urban planning strategies 

3.1.1 Geographical and Morphological characteristic of Hong Kong 

Hong Kong is located between longitude 111Á50ô7ò E~114Á26ô30ò E and latitude 22Á9ô14ò 

N~22Á33ô44ò N in Southeast Asia on the southern coast of China See Figure 3.1(a). As a former 

British colony and now a Special Administrative Region (SAR) of China, Hong Kong has drawn 

considerable attention from scholars and researchers due to its distinctive landscape, geography, and 

urban development. Hong Kong has undergone a tremendous urbanization trend in recent years 

(Wang et al., 2020) while it is characterized by the abundance of highlands and hills, resulting in 

remarkably high density in the shallow landscape across its 18 districts (Liu & Zhang, 2011) (Figure 

3.1(b)). With a population of 7.6 million over a land area of 1,114 kmĮ, Hong Kong is one of the most 

densely populated cities in the world (Lang et al., 2019). The intense urbanization in the region has 

consequently resulted in the development of Urban Heat Island (UHI) effect with huge temperature 

differences between urban and rural areas.  
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(a) (b) 

Figure 3.1: The study area in Hong Kong SAR. (a) Hong Kong is in southeast China; (b) The map of 

Hong Kong with 18 districts. 

3.1.2 Hong Kong Climate Structure 

According to the Kºppen-Geiger climate classification, Hong Kong falls within the Cwa (humid 

subtropical) category, offering a diverse meteorological profile shaped by the four distinct seasons 

experienced in the region: winter, summer, spring, and autumn (Chan et al., 2012; J. Li et al., 2018). 

These seasons play a pivotal role in understanding the thermal environment and the Urban Heat Island 

(UHI) effect in the Region. 

Winter in Hong Kong typically occurs from December to February, characterized by cooler 

temperatures and drier conditions. Average temperatures hover around 15ÁC to 19ÁC during this 

season, making it a relatively pleasant and mild period (Kin-chung & Sze-yuen, 2020). 

Summer, extending from June to August, showcases the opposite extreme with hot and humid weather. 

Average temperatures soar to around 28ÁC to 33ÁC, often accompanied by heavy rainfall and high 

relative humidity. These conditions contribute significantly to the UHI effect, especially in urban 

areas (Kin-chung & Sze-yuen, 2020). 
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Spring (March to May) and Autumn (September to November) serve as transitional seasons into 

Summer and winter respectively. Spring brings a gradual increase in temperatures, while autumn sees 

temperatures decreasing gradually. In Hong Kong, these moderate seasons provide a respite from the 

temperature extremes of summer and winter (Kin-chung & Sze-yuen, 2020). 

Hong Kong experiences a bimodal rainfall pattern with two primary wet periods (spring and summer). 

These periods are characterized by heavy rainfall, with annual mean rainfall ranging from 1300mm 

along the coast to over 3000mm over mountains and an annual average of 2,400 mm over the whole 

Hong Kong (Chau et al., 2004; Jayawardena & Rezaur, 2000). This significant precipitation is a 

crucial factor in assessing the thermal environment and UHI effect in urban planning (Wei et al., 

2022). Wind patterns, affected by the geographical features of the region also play a role in mitigating 

or exacerbating the UHI effect. The seasonal shift in wind direction, primarily influenced by the 

monsoon, affects air circulation within the city, potentially influencing temperature distribution (Wei 

et al., 2022).  

3.1.3 Climate change effect in Hong Kong 

The impact of climate change is a globally recognized concern, and Hong Kong, as a highly urbanized 

and densely populated region, is not immune to its effects. Over recent decades, the region has 

witnessed discernible changes in its climate patterns and environmental conditions, presenting both 

challenges and opportunities. This section provides an overview of the climate change effects in Hong 

Kong, highlighting key areas of concern: 

Temperature Trends: One of the most evident effects of climate change in Hong Kong is the rising 

trend in temperatures. Following the trend reported by Chan et al. (2012) that max, min and average 

temperature in Hong Kong witnessed continuous increase from 1980 - 2000. Temperature from Hong 

Kong observatory for 2000 to 2021 also followed similar trend with increase in average annual 

temperature as well as the max and min average temperature (Figure 3.2). This warming trend has 
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implications for the urban heat island (UHI) effect, as it exacerbates high-temperature conditions in 

densely built areas. Managing and mitigating the impacts of elevated temperatures on human health, 

energy consumption, and urban planning have become critical priorities (Tian et al., 2021). 

 

Figure 3.2: Mean annual temperature in Hong Kong from 2000 to 2021 

Changing Precipitation Patterns: Hong Kong has experienced shifts in precipitation patterns due 

to climate change (Abbas et al., 2021). While the region continues to have a well-defined wet season 

during the summer months, there is evidence of changes in rainfall intensity and frequency as 

presented in the trend of total rainfall in the study area in the last decade (See Figure 3.3). Intense 

rainfall events, often associated with typhoons, have become more pronounced, leading to increased 

risks of flooding and landslides (Johnson et al., 2016). Studying these patterns is crucial for disaster 

preparedness and infrastructure resilience. 
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Figure 3.3: Linear trend of Total Rainfall in Hong Kong from 2011 to 2021 

3.2 Research Methodology  

In order to achieve the objectives of this study, the schematic diagram of the research method 

employed is presented in two parts: Figure 3.4a for the global scale city-based model and Figure 3.4b 

for the local scale. The global scale schematic focuses on achieving the first research objective: 

developing a global and local model for city-scale Ta prediction. The local scale schematic is further 

subdivided into three steps, each corresponding to sections of research objectives 2 to 4: (2) the cross-

comparison of Land Surface Temperature (LST) from satellite data, (3) a fusion technique for high 

spatiotemporal LST data under all weather conditions, and (4) a machine learning model for 

predicting Ta from LST. The overview of these steps, as presented in Figure 3.4, will be discussed 

explicitly in the chapters addressing each objective. 
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Figure 3.4:  Schematic diagram of research methodology. 
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CHAPTER FOUR 

4 Global and Local City Air Temperature Prediction Using Satellite-Derived Surface 

Temperature and Auxiliary Data for canopy Layer Urban Heat Island Analysis  

4.1 Chapter overview 

This chapter presents a framework for a city-based air temperature (Ta) prediction for Canopy Layer 

Urban Heat Island (UHICL) analysis within a global context. A sample of 30 global cities, representing 

diverse climates, geographies, and socioeconomic characteristics, was selected to ensure a detailed 

analysis. Initially, the variation between Ta and surface temperature across the sampled cities was 

assessed. Subsequently, contemporary Ta prediction models were evaluated using different input data 

classes. Finally, a framework for city-based Ta prediction was developed, utilizing the optimal 

performing model for each city's climate, geography, and socioeconomic class. The predicted Ta for 

the sampled cities was then used to assess the UHICL over these cities. 

 

Figure 4.1: Chapter Four Overview 
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4.2 Introduction 

Cities, characterized by dense populations, extensive development, and economic activities, often 

serve as epicenters of heat islands and temperature-related hazards (Abulibdeh, 2021). The 

concentration of human activities in cities, coupled with continuous population influx from rural areas, 

has led to significant thermal challenges, exacerbated by global urbanization trends. In 2007 for the 

first time in history, the global urban population exceeded the rural population, underscoring the 

increasing need to address temperature-related challenges in urban areas (United Nations, 2014). 

Despite initiatives aimed at mitigating high temperatures in cities, there remains a scarcity of air 

temperature (Ta) data, a crucial variable for thermal analysis within urban areas (Jaiswal et al., 2023; 

Yang et al., 2023; Zhong et al., 2022). This scarcity is mainly due to the limited number of 

metrological stations, which are the conventional source of Ta data (Yang et al., 2023). According to 

the World Meteorological Organization (WMO) guidelines, observing stations must be situated away 

from buildings, trees, or any other obstructions, which significantly restricts the availability of 

suitable locations within urban areas (WMO, 2021). Consequently, weather stations within cities are 

sparse and inadequate in capturing the spatial variability of Ta in diverse urban environments 

(Naserikia et al., 2023).  

Moreover, the point-based measurement of meteorological stations also introduces uncertainty 

regarding the spatial resolution of temperature measurements, as temperature is a continuous variable 

while weather stations are discretely located (Zhou et al., 2023). To address these challenges, 

researchers have turned to satellite-derived surface temperatures (Ts) as an alternative approach to 

estimate Ta. Ts offers continuous coverage and exhibits a strong correlation with Ta, making it a 

valuable parameter for urban thermal studies (Bhandari et al., 2022; Jin et al., 2022; Zhang et al., 

2023). Furthermore, to improve prediction auxiliary variables which are also correlated with Ta are 

used in addition with Ts for Ta prediction. These auxiliary variables include relative humidity, solar 

radiation, evapotranspiration, wind speed, transpiration, atmospheric pressure, longitude, latitude, 
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elevation, precipitation, distance to sea, and population density (Carri·n et al., 2021; Gao et al., 2021; 

Shandas et al., 2023; Zheng et al., 2023). These auxiliary variables describe the climatic, geographic 

and socioeconomic characteristics of the study area. However, past studies have often combined these 

auxiliary variables in Ta prediction models, making it challenging to discern the individual 

contributions of each variable class.  

Additionally, most global studies on Ta prediction have combined urban and rural areas in their 

models (Hooker et al., 2018; Li et al., 2023; Yao et al., 2023). However, due to the difficulty in finding 

suitable sites for meteorological stations in cities, most of these global studies and developed models 

for Ta prediction fail to adequately capture the spatial variability of Ta in urban areas. Consequently, 

Ta investigations by these studies may not provide appropriate references for evaluating urban heat 

island (UHI) in more complex urban areas. For example, Yao et al. (2023) developed a global 

seamless and high-resolution Ta dataset from Ts and auxiliary data. However, less than 50% of the 

6,554 to 11,215 weather stations employed for the study are located within 1 km of urban areas. This 

underrepresentation of weather stations in highly heterogeneous urban areas can affect the accuracy 

of predicted Ta data in urban areas (Naserikia et al., 2023; Schl¿nzen et al., 2023). 

Furthermore, on the city scale, different local models have been developed for estimating Ta based 

on different statistical models ranging from linear to machine learning models. Each model achieves 

a varying degree of accuracy for different cities, making it challenging to identify the best-fit model 

for each city. For example, Wang et al. (2022) employed random forest (RF), decision tree (DT), 

neural network (NN), and generalized linear models to predict Ta for cities in China. RF emerged as 

the optimum predictor model, achieving a coefficient of determination (R2) of up to 0.99. Conversely, 

dos Santos (2020) modeled Ta for the city of London, attempting to use linear regression (LR) models, 

DT, RF, extreme gradient boost (XG Boost), support vector machine (SVM), and NN. XG Boost 

emerged as the optimum performing model, with RF achieving an R2 of only 0.65 in its best scenario. 
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Similarly, Meliho et al. (2022) modeled Ta for Morocco using linear regression, partial least squares 

(PLS), and four machine learning algorithms, namely k-nearest neighbors, RF, XG Boost, and Cubist 

models. The Cubist model outperformed all other methods, recording an R2 of 0.91. These findings 

suggest that no single model is optimal for all cities, with the optimum Ta prediction model varying 

depending on the unique climatic, geographic, or socioeconomic characteristics of each city. 

Therefore, this chapter is aimed as addressing these literature gaps by investigating the most suitable 

methods and groups of predictors to retrieve Ta at both global city scale and local scales at the city 

level. This research makes three novel contributions to knowledge: (i) developing an optimum global 

city model for Ta prediction using a combination of different climate, geographic, and auxiliary 

variables, (ii) identifying the contribution of different auxiliary variable classes to Ta prediction 

individually and collectively under different scenarios, and (iii) developing a framework for city-

specific Ta prediction models based on the climatic, geographic, and socioeconomic characteristics 

of each city. These advancements will help identify the level of influence of different auxiliary 

variable classes for Ta prediction and further pinpoint the variables within each class that affect Ta 

prediction. The availability of a global city air temperature model will aid in addressing thermal 

challenges on a global scale. Furthermore, the developed local city model will be suitable for 

quantifying thermal conditions within individual cities and facilitating comparisons with other global 

cities of similar or different levels of development. This comparative analysis can provide valuable 

insights, empowering cities to make informed decisions regarding future developments and 

sustainable urban planning. 

4.3 Data  

The data utilized for this study, as outlined in Table 4.1, encompasses crowdsourced global 

meteorological data, satellite data, and survey data with detailed explained in following sections. 



47 

 

4.3.1 Metrological data 

Average daily Ta, precipitation, and relative humidity data (Rh) was crowdsourced from the National 

Climatic Data Centerôs (NCDC) Global Surface Summary of Day Product archive (from 2000 to 

2020). The choice of NCDC as our source because it provides data dating back to January 1929, 

ensuring comprehensive historical coverage. Additionally, NCDC maintains strict quality control 

measures for weather station installation and data collection. Temperature sensors at all stations are 

mounted at a height of 1.5 meters (+/- 1 meter) above ground level. This placement ensures that the 

stations capture air temperature within the lower atmosphere, where human activity predominantly 

occurs. Moreover, the surrounding ground beneath the shelter reflects the typical conditions of the 

station's environment, enhancing the accuracy and representativeness of the measurements. To 

supplement this data, due to the limited number of NCDC stations in urban areas, additional data 

were obtained from various Netatmo citizen weather stations (CWS) located across the cities under 

study. Metrological data from Netatmo CWS are widely recognized for their even distribution across 

urban neighborhoods and the accuracy of their temperature and humidity data, with a precision of 

Ñ0.3ǓC and 3%, respectively (Fenner et al., 2017; Naserikia et al., 2023). Data from Netatmo satellite 

underwent a quality control process, following the methodology outlined by Fenner et al. (2021). This 

procedure involved five main steps: (i) removing readings from stations with identical coordinates; 

(ii) filtering out anomalous data points based on their z-scores relative to other readings; (iii) 

discarding entire months of data if more than one-fifth of the readings were filtered out in step i or ii; 

(iv) excluding readings suspected to be captured indoors due to a weak correlation with the median 

temperature of all readings; and (v) eliminating readings with disproportionately high values 

compared to adjacent stations. 

In addition to Ta, precipitation, and Rh data, we supplemented our analysis with information on 

evapotranspiration, wind speed, transpiration, atmospheric pressure, and solar radiation sourced from 

NASAôs Global Land Data Assimilation System Version 2.0 (GLDAS-V2.0). Combining these 
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datasets provides a comprehensive understanding of meteorological conditions across the city and 

facilitates robust analysis for our study. 

4.3.2 Satellite Imagery 

The study utilized satellite data acquired from the Moderate Resolution Imaging Spectroradiometer 

(MODIS) Terra platform. The choice of MODIS data was due to several reasons. Firstly, MODIS 

provides imagery with moderate spatial resolution (approximately 1000 meters), striking a balance 

between detail and coverage suitable for urban-scale analysis. Additionally, MODIS offers a long-

term archive of data dating back to 1999, enabling the analysis of temporal trends and seasonal 

patterns. Moreover, MODIS products are widely recognized and utilized in Ta prediction studies, 

providing a robust foundation for comparison with existing datasets and studies (Nordhaus & Chen, 

2016; Xu et al., 2021). The MODIS dataset includes 8-day land surface temperature (Ts), land surface 

emissivity (LSE), normalized difference vegetation index (NDVI), and surface albedo data. These 

data were acquired using the Google Earth Engine platform. Specifically, Ts and LSE data were 

retrieved from MOD11A2, bands 0 and 1 respectively, while NDVI and surface albedo data were 

obtained from MOD13A1 and MCD43A3 respectively, each as a single band. Additionally, the digital 

terrain model and digital surface model were obtained from the CGIAR Shuttle Radar Topography 

Mission (SRTM) and the Advanced Land Observing Satellite (ALOS) World 3D-30m Version 3 

(AW3D30_V3), accessible on the Google Earth Engine platform. 

4.3.3 Survey Datasets 

To complement satellite and meteorological data, global spatially referenced survey datasets were 

incorporated into the analysis. These include the Gridded Population of the World version 4 (gpw-

v4), and the Global Gridded Geographically Based Economic Data (G-Econ). These provide global 

population density and gross domestic product (GDP) in USD respectively, on a continuous global 

raster surface at a spatial resolution of 1km and a temporal resolution of 5 years (Nordhaus & Chen, 

2016; Xu et al., 2021). The data were created by the Centre for International Earth Science  
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 Information Network, part of the Earth Institute of Columbia University with the first release in 1995. 

Population estimates are generated by projecting initial census counts to estimates for target years, 

with a series of adjustments made at the national level to align with data from the United Nations 

World Population Prospects 2015. GDP data was derived from domestic income and product accounts 

of key countries, with aggregation methods varying widely depending greatly on the degree of spatial 

disaggregation and the source data utilized to formulate estimates of gross cell product.  Additionally, 

energy consumption data, including oil, gas, electricity, coal, biomass, and heat for major cities in 

Mtoe (Million Tons of Oil Equivalent) sourced from the Enerdata archive 

(https://yearbook.enerdata.net/total-energy/world-consumption-statistics.html), were incorporated 

into the study. 

Table 4.1. Data employed for this study. 

 

 

Data Spatial 

resolution 

Temporal 

resolution 

Variables Source 

Meteorological 

data 

NCDC  Point 1 day Air temperature, precipitation, 

relative humidity 

https://www.ncei.noaa.gov/cd

o-web/ 

Netatmo 

CWS 

Point 1day Air temperature, precipitation, 

relative humidity 

https://api.netatmo.com/api/ge

tpublicdata 

GLDAS  0.25Á Ĭ 0.25Á 1 day Evapotranspiration, wind 

speed, transpiration, 

atmospheric pressure, and 

solar radiation,  

https://giovanni.gsfc.nasa.gov/

giovanni/ 

Satellite data MOD11A2  1km Ĭ 1km 8 days 8 days land surface 

temperature, and 8 days Land 

surface emissivity 

https://ladsweb.modaps.eosdis

.nasa.gov/missions-and-

measurements/products/MOD

11A2 

MYD13Q1  1km Ĭ 1km 16 days Normalized difference 

vegetation index 

https://ladsweb.modaps.eosdis

.nasa.gov/search/order/1/MY

D13A2--61 

MCD43A3 1km Ĭ 1km 8 days Surface Albedo https://cds.climate.copernicus.

eu/cdsapp#!/dataset/satellite-

albedo?tab=form 



50 

 

 

4.4 Methods 

4.4.1 Framework Overview 

The studyôs framework, depicted in Figure 4.2, consists of four subprocesses that cumulatively 

contribute to the development of a global and local model for Ta prediction. The initial step 

involves the sampling process for the selection of sample cities, followed by data preprocessing, 

exploration of intercity Ta and surface temperature (Ts) variability, and subsequent development 

of both global and local Ta prediction models. 

 

CGIAR 

SRTM 

 

30m Ĭ 30m NA Digital terrain model https://data.apps.fao.org/catalo

g/dataset/elevation-cgiar-srtm-

dem-v4-near-global-90m 

AW3D30 30m Ĭ 30m NA Digital surface model https://www.eorc.jaxa.jp/ALO

S/en/dataset/aw3d30/aw3d30_

e.htm 

Survey data gpw-v4 0.25Á Ĭ 0.25Á 5 years Population Density https://sedac.ciesin.columbia.e

du/data/collection/gpw-v4 

gecon-v4 0.25Á Ĭ 0.25Á 5 years Gross domestic product https://sedac.ciesin.columbia.e

du/data/set/spatialecon-gecon-

v4 

Enerdata NA 1 year Energy consumption https://yearbook.enerdata.net/t

otal-energy/world-

consumption-statistics.html 
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Figure 4.2. Framework for this study. The process is divided into five sequential stages, each denoted 

by superscript numbers (1 to 5). Detailed explanations for each stage are provided in the subsequent 

sections. 

 

4.4.2 Sampling for city selection 

To ensure a comprehensive analysis, this study focuses on a sample of 30 cities, representative of 

global cities in terms of geographic location, climate, and socioeconomic characteristics. Cities, as 

defined by Derudder (2020), are centers of economic and social activities within a country, often 

characterized by high population density. A stratified sampling method was used to select sample 

cities that represent the diversity of cities worldwide in terms of climate, geographic, and 

socioeconomic characteristics. World cities, as listed in the 2022 World Cities Data Booklet (United 

Nations, 2022), were first categorized into strata. This classification was based on their climate 

characteristics as defined by the Koppen climate classification (tropical, dry, mild temperate, snow, 

and polar) (Chen & Chen, 2013), their geographic characteristics based on location with respect to 

latitude (cities located between the North Pole and Tropic of Cancer were classified as High Latitude, 

cities located between Tropic of Cancer and Tropic of Capricorn were classified as Midlatitude, and 
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cities located between Tropic of Capricorn and the South Pole were classified as Low Latitude cities), 

and their socioeconomic characteristics as defined by the World Economic Situation and Prospects 

(ECA et al., 2020)(Developed economy, Economy in transition, and Developing economy). Finally, 

30 representative cities were randomly selected across these strata. This includes seven cities in Asia, 

five cities each in Africa, North America, and Europe, and two cities each in South America and 

Oceania as presented in Figure 4.3. The details of the weather stations including the northeast and 

southwest longitude and latitude boundary of the sampled cities are presented in Appendix (Tabe 

C.1.1 and C1.2). 

 

Figure 4.3. Spatial location of sampled cities 

4.4.3 Data Preprocessing 

Following the selection of the target city, data was collected from 2000 to 2020, representing the 

study period. The data, as presented in Table 4.2., included several variables required for this Ta 

prediction. These variables were categorized into two major classes: core variables and auxiliary 

variables. Core variables included temperature data i.e., Ta and surface temperature (Ts). Auxiliary 

variables included several factors correlated with Ta and effective for its prediction, as found in 

literature. These factors included relative humidity, solar radiation, evapotranspiration, wind speed, 

transpiration, atmospheric pressure, longitude, latitude, elevation (Zhang et al., 2023; Shandas et al., 
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2023), precipitation (Fl¿ckiger et al., 2022), distance to sea (Carri·n et al., 2021), and population 

density (Gao et al., 2021).  

In addition to these variables, this study explored the predictability of Ta using additional factors 

such as energy consumption (EC), gross domestic product (GDP), and building characteristics (BC). 

While building height is often a significant auxiliary variable for Ta prediction in city-scale studies, 

its global assessment presents challenges (Bueno et al., 2014; Forouzandeh, 2021; Jusuf & Wong, 

2009). Thus, BC was introduced as an estimate of average building height for each city, derived by 

subtracting the digital elevation model from the digital surface model.  The Normalized Difference 

Built-up Index (NDBI) mask, which represents the built-up area (NDBI < 0), was subsequently used 

to mask out the average height of the buildings across each city. Several studies have investigated the 

influence of Ts on energy consumption (EC), prompting an examination of EC's effect on Ta 

prediction in this study (Ihara et al., 2008; Jovanoviĺ et al., 2015; Kurn et al., 1994). Additionally, 

income level has been linked to air temperature in previous research (Aguilera et al., 2019; Deryugina 

& Hsiang, 2014; Horowitz, 2009), hence GDP data was incorporated as one of the auxiliary variables 

in this study. 

The auxiliary variables were further categorized into climate, geography, and socioeconomic 

classes (see Table 4.2). This classification facilitated grouping variables with similar characteristics 

together, providing insights into how each variable class influences Ta prediction individually and 

collectively. 

Table 4.2. Classification of variable for this study 

Core variables Auxiliary variables 

Climate Geography Socioeconomic 

Air Temperature (Ta) Relative humidity  Latitude  Population density  

Surface Temperature (Ts) Solar radiation  Longitude  Energy consumption  
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 Precipitation  Distance to sea  Gross domestic product 

 Evapotranspiration  City radius  Building characteristics  

 Wind speed  Elevation   

 Transpiration  Albedo   

 Atmospheric pressure   

 

4.4.4 Exploration of intra-city variability in Surface and Air temperature. 

Following the study of Yao et al. (2023), monthly mean Ta data from weather stations within 

sampled cities' boundaries were obtained by averaging daily measurements. If a city had multiple 

weather stations, their temperature readings were further averaged to derive the monthly mean Ta. 

Days with missing data were excluded to ensure accuracy. Ts data, corresponding to weather station 

locations, were extracted from MOD11A2 eight-day composites, and aggregated into monthly 

averages to create a monthly city Ts dataset. Next, we assessed the relationship between Ta and Ts 

across sampled cities by estimating the average difference between them across winter, spring, 

summer, and autumn seasons. Statistical analyses, including analysis of variance (ANOVA) and 

Tukey's Honestly Significant Difference (HSD) test, were conducted to evaluate statistical 

significance of temperature differences among city classifications, i.e. climate, geography, and 

socioeconomic classes. ANOVA is one of the most common statistical methods employed to analyse 

the statistical significance of variance for multiple comparisons and has been used in thermal studies 

(Cilek & Cilek, 2021; Rahman et al., 2018). In this study these analyses aimed to determine if the 

variation in temperature difference across the classes is statistically significant.  

4.4.5 Development and Testing of Global Models for Ta Prediction across Cities. 

Two main categories of regression models were developed for predicting Ta across cities at a 

global scale: the simplistic model and the weighted model. 
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4.4.5.1 Simplistic Model 

The simplistic model involved developing regression models using different combinations of base 

variable classes: core, climate, geography, and socioeconomic classes. Initially, regression models 

were built for each base variable class individually to assess their predictive power. Subsequently, 

stepwise combinations of these base classes were explored to predict Ta, resulting in a total of 15 

variable groups (see Table 4.3). Six machine learning regression models were applied to each 

combination, resulting in 90 regression models. These models, including MLR, DT, RF, XG Boost, 

Cubist model, and NN, have achieved acceptable results for Ta prediction in literature.  

Table 4.3. Variable combination groups for regression models 

Group Variables  

1 Core 

2 Climate  

3 Geography  

4 Socioeconomic 

5 Core + climate 

6 Core + Geography 

7 Core + Socioeconomic 

8 Climate + Geography 

9 Climate + Socioeconomic 

10 Geography + Socioeconomic  

11 Climate + Geography + Socioeconomic 

12 Core + Climate + Socioeconomic 

13 Core + Climate + Geography  

14 Core + Geography + Socioeconomic 
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15  Core + Climate + Geography + Socioeconomic 

4.4.5.2 Weighted Model 

The weighted model was developed based on insights from the simplistic model. It assigned 

weights to combinations of individual base classes based on their accuracy in Ta estimation. For base 

variable class models, relative variable importance was determined using the random forest model, 

and weights were allocated accordingly. For groups of variables based on combination of variable 

class(es), the accuracy of individual classes from the simplistic model was used to assign weights. 

Given that core variable class contains a single predictor variable, weighted model prediction did not 

include prediction from core variable class alone, resulting in a total of 84 regression models for the 

weighted model. The R2, MAE, and RMSE of the weighted model were estimated and compared to 

those of the simplistic model to determine the superior model.   

4.4.6 Develop and test city based local model for Ta prediction.  

To develop an optimal local Ta estimation model at city scale, an ensemble of optimal 

simplistic models for each base characteristic of the city (i.e. geography, climate and socioeconomic) 

was considered. Firstly, the study examined the optimal simplistic model for each subclass within the 

three major classes. Subsequently, a weighted ensemble of the optimal classes for each city was 

formulated as the final Ta prediction model (see Figure 4.4). To test the performance of the model at 

a local scale, local air temperature measurement was introduced. In doing so, 30% of the 30 sampled 

cities with assessable Ta data from local meteorological stations were selected. The accuracy of the 

model was compared with the performance of the simplistic and weighted model. 
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Figure 4.4. Framework for local Ta prediction model. (a) Model pre-processing section for identifying 

the optimum model based on the city's geography, climate, and socioeconomic classes. (b) Weighted 

ensemble of optimum model. 

 

4.4.7 Validation of Ta prediction model 

To validate the accuracy of the Ta prediction model, we employed a leave-city-out 10-fold cross-

validation strategy. In this method the sampled cities were divided into ten parts, with each part 

representing one-fold. During each iteration, the weather stations within the nine subsets of cities 

were used for training, while the stations within the remaining one city subset was reserved for 

validation. This process was repeated ten times, ensuring that each subset of cities tested once. In 

each validation fold, MAE, RMSE, R2 were calculated, and the final values were averaged over all 

folds. These metrics were then utilized to determine the accuracy of each model (Xu et al., 2018; Yoo 

et al., 2018). We chose the leave-city-out 10-fold cross-validation method over the leave-sample-out 

10-fold cross-validation method due to its greater suitability for estimating Ta in city pixels lacking 

meteorological stations. Unlike the leave-sample-out method, the leave-city-out approach ensures 

that the validation stations are not included in the training dataset, simulating the real-world scenario 
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of estimating Ta in city pixels without meteorological stations. Thus, the leave-city-out 10-fold cross-

validation method was considered more appropriate for our study. 

4.5 Result 

4.5.1 Spatial variability of Ta and Ts across sampled cities. 

The spatial variability of Ta and Ts across sampled cities reveals significant differences in temperature 

patterns, both geographically and seasonally (see Figure 4.5). During summer, the temperature 

difference (Ts - Ta) fluctuates widely, ranging from -6.0 to 12.0 K, indicating substantial variations 

across geographical locations. In contrast, the range narrows during winter, from -9.0 to 3.0 K, with 

smaller differences observed. Autumn and spring exhibit intermediate ranges of -6 to 3 K and -6 to 9 

K, respectively. Studies on urban heat islands have demonstrated that Ts tends to surpass Ta during 

hot days (Hu et al., 2019; Shreevastava et al., 2021). This trend is particularly evident in cities at 

higher latitudes, experiencing warmer temperatures in summer. For instance, Moscow shows a 

temperature difference of 9.85 K. As we move towards lower latitudes, such as cities below the Tropic 

of Cancer like Nairobi and Jakarta, the temperature difference decreases, ranging from 0 to 3 K. 

Conversely, cities closer to the Tropic of Capricorn, which experience winter during conventional 

summer months (June to August), such as Johannesburg and Cape Town, exhibit lower temperature 

differences ranging from -9 to -3 K. In contrast, more developed cities like Sydney and Auckland, 

despite experiencing winter during this period, show relatively higher temperature differences 

ranging from -3 to 0 K. This difference could be attributed to factors such as a higher level of urban 

development and smaller city size. Cape Town and Johannesburg, with more natural areas and higher 

albedo, tend to regulate temperature through factors like evapotranspiration and vegetation, resulting 

in narrower temperature differences. In winter, with reduced temperatures, the difference between Ta 

and Ts lessens. Cities closer to the Tropic of Capricorn, experiencing higher temperatures during 

conventional winter months (December to February), show relatively higher temperature differences. 
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For example, Cape Town, Sydney, and Auckland have temperature differences of 0 - 3 K, while 

Johannesburg exhibits a difference of -3 to 0 K. 

 

Figure 4.5. The temperature difference between Ta and Ts in (a)autumn (b)winter (c) Spring, and (d) 

Summer across the sampled cities 

The analyses of variance (ANOVA) test further revealed a significant difference in the average 

difference between Ta and Ts across various city classes, with a significance level of 0.05. The p-value 

for all tests across various climate, geographic, and socioeconomic classes returned p < 0.05 (See 

Appendix C.2), indicating statistical significance. The post hoc test further confirmed that there is no 

pairwise relationship between the average difference between Ta and Ts across the subclasses, as all 

pairwise comparison across the classes have a p-value < 0.05 (see Table 4.4). However, the average 

temperature difference between polar and snow climate classes is an exception, as the pairwise 

relationship returned a p-value > 0.05. In contrast, for geographic and socioeconomic classification, 

the subclasses under these categories exhibited no significant pairwise relationships in terms of the 

average difference between Ta and Ts. This implies that the observed variations in temperature 

differences across different city classes are not due to chance but rather reflect underlying differences 

in climate, geography, and socioeconomic factors. 
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Table 4.4. Tukey- Honestly Significant Difference (HSD) pairwise comparison within classes. Where 

the green and orange highlighted values representing statistically significant and statistically not 

significant, respectively. While p-adj represents statistical significance differences between average 

Ta and Ts across different classes. 

Climate  Geography  Socioeconomic  

group1 group2 p-adj group1 group2 p-adj group1 group2 p-adj 

Snow Polar 
0.1171 

High 

latitude 

Mid 

latitude 
0.001 

Developed 

Economy 

Economy 

in 

transition 
0.001 

Snow Tropical 
0.001 

Mid 

latitude 

Low 

latitude 
0.001 

Economy 

in 

transition 

Developing 

Economy 
0.001 

Snow Dry 0.001 
Low 

latitude 

High 

latitude 
0.001 

Developing 

Economy 

Developed 

Economy 
0.001 

Snow 
Mild 

temperature 
0.001       

Polar Tropical 0.001       

Polar Dry 0.001       

Polar 
Mild 

temperature 
0.001       

Tropical Dry 0.001       

Tropical 
Mild 

temperature 
0.001       

Dry 
Mild 

temperature 
0.001       

 

4.5.2 Global model for Ta Prediction from Ts and Auxiliary data 

4.5.2.1 Simplistic Model 

The performance analysis of the simplistic model for the 90 regression models, as presented in Table 

4.5, demonstrates a diverse range of accuracies across different model and variable combinations. 

Notably, the MLR utilizing Group 3 variables exhibited the lowest variability (0.26) in R2, while the 

RF, XG Boost, and cubist models developed with combined variables from all classes (Group 15) 

demonstrated the highest R2 value (0.95). Among these, the RF model stood out with the lowest MAE 

and RMSE values, at 0.75 K and 1.05 K, respectively. 



61 

 

Assessment of the model results based on individual variable classes revealed that the climate 

auxiliary variable class (Group 2) achieved the highest prediction accuracy individually, with an R2 

of 0.88, followed by the geographic auxiliary variable class (Group 3), with an accuracy of 0.81. The 

core variable class (Group 1) closely followed, with an accuracy of 0.80. While socioeconomic 

auxiliary variable class (Group 4) exhibited the lowest accuracy for predicting Ta, with an accuracy 

of 0.55. In terms of individual model performance, all tree-based models demonstrated high accuracy 

due to their capability to handle a large number of variables. RF exhibited the highest predictor 

accuracy, while the linear model showed the least predictor ability, with an R2 of 0.26. This 

observation aligns with previous findings (Wang et al., 2022; dos Santos, 2020; Meliho et al., 2022), 

highlighting the inherent challenge of predicting Ta from Ts and auxiliary variables using a single 

linear model. Cubist model also performed excellently, demonstrating a prediction accuracy of up to 

0.95. 

Table 4.5. Performance results of 15 groups of predictors on each regression method **The optimal 

performance is highlighted in grey shading, *Grp=Group 

Models Metrics Grp 

1 

Grp  

2 

Grp  

3 

Grp 

4 

Grp 

5 

Grp 

6 

Grp 

7 

Grp  

8 

Grp    

 9 

Grp 

10 

Grp 

11 

Grp 

12 

Grp 

13 

Grp 

14 

Grp 

15 

LR R2 0.80 0.70 0.30 0.26 0.85 0.81 0.81 0.77 0.70 0.44 0.78 0.75 0.77 0.77 0.76 

MAE  2.89 3.35 7.13 7.58 1.99 2.64 2.82 2.30 3.36 6.83 2.89 2.99 2.72 2.91 1.68 

RMSE 3.85 4.92 9.10 10.5 2.61 3.30 3.61 3.91 4.84 8.82 3.86 3.90 3.95 3.86 2.25 

DT R2 0.80 0.76 0.57 0.41 0.82 0.80 0.82 0.65 0.74 0.63 0.74 0.70 0.68 0.67 0.64 

MAE  2.92 2.94 4.93 7.15 2.44 2.51 2.50 4.52 3.30 5.03 3.81 3.81 3.87 4.01 4.85 

RMSE 3.58 4.12 6.33 9.66 3.15 3.50 3.18 6.48 4.42 6.62 5.60 6.10 5.51 5.67 6.57 

RF R2 0.76 0.88 0.81 0.55 0.89 0.88 0.86 0.87 0.89 0.81 0.87 0.92 0.90 0.85 0.95 

MAE 3.28 1.17 1.73 5.81 1.05 1.11 1.68 1.01 1.05 1.87 0.97 1.22 1.07 1.00 0.75 

RMSE 4.14 1.58 3.25 8.17 1.40 1.55 2.20 1.37 1.35 3.20 1.35 1.09 1.55 1.99 1.05 

XG 

Boost 

R2 0.80 0.88 0.80 0.46 0.88 0.88 0.86 0.89 0.88 0.80 0.90 0.92 0.90 0.89 0.95 

MAE  2.91 1.29 1.89 5.86 1.01 1.08 1.71 1.04 1.09 1.94 0.96 0.90 0.79 1.45 0.78 

RMSE 3.60 1.76 3.52 8.04 1.42 1.52 2.22 1.44 1.50 3.42 1.36 1.20 1.37 1.33 1.18 

Cubist R2 0.81 0.87 0.80 0.51 0.88 0.86 0.87 0.88 0.87 0.80 0.87 0.90 0.88 0.85 0.95 

MAE 2.76 1.37 1.90 5.35 1.15 1.20 1.62 0.87 1.16 1.92 1.08 1.55 1.23 1.38 0.77 

RMSE 3.42 2.10 3.38 7.63 1.60 2.18 2.12 1.58 1.65 3.43 1.91 2.01 1.93 1.94 1.11 

NN R2 0.72 0.86 0.79 0.45 0.87 0.87 0.83 0.87 0.86 0.79 0.87 0.88 0.90 0.88 0.93 

MAE 3.77 1.58 1.88 5.81 1.44 1.34 2.06 1.39 1.39 2.08 1.37 1.37 1.37 1.37 1.24 

RMSE 4.79 2.32 3.80 8.10 2.06 1.85 2.82 1.98 2.16 3.70 1.93 2.21 2.03 1.96 1.72 



62 

 

4.5.2.2 Relative Importance and Coefficient of Model Parameters 

The tree-based models, known for their high predictive capabilities, employ an out-of-bag data 

approach to determine the relative importance of input variables (Figure 4.6). In the RF model, Ts 

emerges as the most influential predictor, followed by relative humidity (rh) and latitude (lat). 

Conversely, precipitation (pr), transpiration (tr), and solar radiation (sr) are identified as the least 

impactful variables. Similarly, in XG Boost and Decision Tree (DT) models, Ts remains the primary 

predictor for Ta prediction. Following Ts, rh and elevation (ele) are crucial predictors in XG Boost, 

while for DT, rh and longitude (long) play significant roles. In XG Boost, variables such as 

transpiration (tr), pr, and wind speed (ws) exhibit minimal importance, while in DT, ele, 

evapotranspiration (ev), and gross domestic product (GDP) are less influential. Cubist model analysis 

reveals Ts, rh, and ele as the highly significant variables, whereas long, building characteristics (bc), 

and ev rank low in importance. Furthermore, linear regression (LR) models provide variable 

coefficients (see Table 4.6), highlighting the implications of a unit increase in the dependent variable 

on Ta prediction. The LR model returns an intercept of 289 K, representing the Ta value when all 

independent variables are zero. However, the NN model operates as a black box, offering limited 

insights into individual variable contributions and their impact on the prediction model. 
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Figure 4.6. Relative importance of model prediction variables based on tree based models.  

**air temperature (Ts), relative humidity (rh), elevation(ele), city radius (cr), longitude (long), 

building characteristics (bc), latitude (lat), albedo (al), distance to sea (ds), normalized difference 

vegetation index (ndvi), population density (pd), atmospheric pressure (ap), gross domestic product 

(gdp), solar radiation (sr), energy consumption (ec), evapotranspiration (ev), transpiration (tr), 

precipitation(prc), and wind speed (wc) 

 

 

Table 4.6. Model coefficient of linear regression model 

Variables Coefficient (ɓ) 

Surface temperature (Ts)  8.95800968 

Relative humidity (rh) 2.52936018 

Elevation (ele)  -1.41560466 

City radius (cr)  1.49889168 

Longitude (long)  0.45419677 

Building characteristics (bc)  -0.26655247 

Latitude (lat)  0.80571004 

Altitude (al)  -0.27586249 
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Distance to sea (ds) 0.35492109 

Normalize difference vegetation index (NDVI)  0.47793958 

Population density (pd)  -0.15972346 

Atmospheric pressure (ap) -1.16460349 

Gross domestic product (gdp) -0.29692788 

Solar radiation (sr) -1.41094008 

Energy consumption (ec) -0.82573184 

Evapotranspiration (ev)  0.04455334 

Transpiration (tr)  0.05192659 

Precipitation (prc) 0.08863858 

Wind speed (ws)  0.08638382 

4.5.2.3 Weighted model prediction  

The performance of the weighted model (Table 4.7) reveals a diverse range of accuracy across 

different model groups. The R2 values span from 0.33 (LR using geography variables (Group 4)) to 

0.98 (XG Boost model using Group 15 variables). Similarly, Mean Absolute Error (MAE) varies from 

7.15 K (DT model using Group 5) to 0.51 K (XG Boost model using Group 15 variables), while 

RMSE ranges between 9.66 K (DT using socioeconomic variables in Group 5) and 1.18 K (XG Boost 

model using all variable data in Group 15). LR and DT models generally exhibit lower performance 

compared to other models, with R2 values mostly below 0.90. This can be attributed to the non-

linearity of the relationship between Ta and the core and auxiliary variables, as well as the limitations 

of a single decision tree in accurately predicting Ta. Conversely, RF, XG Boost, and Cubist models, 

which are ensembles of decision trees, perform exceptionally well, with R2 values exceeding 0.95. 

XG Boost stands out with the highest R2 of 0.98 when using all variables (Group 15), along with the 

lowest MAE and RMSE values of 0.51 K and 1.18 K, respectively. 
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Table 4.7: Performance results of weighted combination of predictor groups on each regression 

method. The optimal performance is highlighted in grey shading, *Grp = Group 
Models Metrics Grp 

2 

Grp 

3 

Grp 

4 

Grp 

5 

Grp 

6 

Grp 

7 

Grp 

8 

Grp 

9 

Grp 

10 

Grp 

11 

Grp 

12 

Grp  

13 

Grp 

14 

Grp 

15 

LR R2 0.74 0.71 0.33 0.89 0.86 0.85 0.83 0.79 0.44 0.80 0.85 0.85 0.83 0.87 

MAE  3.35 6.13 5.12 1.88 2.53 2.73 2.80 3.31 6.70 2.46 3.21 5.61 3.56 

 

1.63 

RMSE 3.51 6.61 6.04 2.51 3.16 3.38 3.82 4.85 8.64 3.06 3.33 3.29 3.11 2.01 

DT R2 0.76 0.57 0.41 0.84 0.78 0.82 0.75 0.75 0.70 0.80 0.81 0.71 0.66 0.69 

MAE  2.94 4.93 7.15 2.31 2.81 1.71 3.51 3.01 4.12 3.05 2.95 2.22 2.32 4.05 

RMSE 4.12 6.33 9.66 2.95 3.57 2.28 4.10 3.55 4.31 5.14 2.01 3.02 4.10 5.01 

RF R2 0.88 0.83 0.62 0.87 0.88 0.87 0.87 0.90 0.85 0.95 0.94 0.95 0.92 0.97 

MAE 1.17 1.77 3.80 0.95 1.01 1.29 1.11 0.75 1.47 0.53 0.56 1.09 0.77 0.85 

RMSE 1.59 3.55 5.07 1.33 1.41 2.00 1.07 1.21 2.05 0.83 0.91 1.00 0.84 0.98 

XG 

Boost 

R2 0.87 0.80 0.52 0.87 0.90 0.88 0.90 0.89 0.84 0.95 0.91 0.95 0.95 0.98 

MAE  1.24 1.59 5.02 1.01 1.08 1.71 1.04 1.09 1.75 0.61 0.66 0.75 0.52 0.51 

RMSE 1.66 2.70 5.07 1.32 1.41 2.00 1.04 1.13 2.92 1.15 1.93 1.92 0.99 1.18 

Cubist R2 0.87 0.80 0.51 0.89 0.87 0.87 0.90 0.89 0.80 0.94 0.95 0.95 0.92 0.97 

MAE 1.37 1.90 5.35 0.62 1.11 1.92 0.81 1.00 1.81 1.02 1.05 1.04 0.96 0.82 

RMSE 2.10 3.38 7.63 1.02 2.10 1.96 1.38 1.35 3.00 1.30 1.05 1.21 2.01 1.51 

NN R2 0.86 0.79 0.55 0.88 0.87 0.83 0.89 0.86 0.79 0.89 0.88 0.91 0.88 0.95 

MAE 1.40 1.88 5.01 1.25 1.22 1.66 1.39 1.14 2.08 1.05 1.21 1.09 1.51 1.22 

RMSE 2.00 3.18 6.00 1.96 1.81 2.33 1.68 2.00 3.70 1.71 1.44 2.01 1.88 1.66 

  

4.5.3 Local model for Ta prediction at city scale.  

4.5.3.1 Simplistic Model Based on City Classification 

The performance of the 90 simplistic models for Ta prediction, categorized by the cityôs climate, 

geography, and socioeconomic classification, is presented in C3.1, C3.2, and C3.3, respectively. The 

optimal models and variable group combinations for each subclass are summarized in Table 4.8. In 

the climate class, the optimal models were found to be NN, Cubist, and RF. The optimal variable 

group for all subclasses was identified as Group 14, which combines core, geography, and 

socioeconomic variable classes. For the geography city classification, NN was optimal for high-

latitude and low-latitude cities, while the Cubist model was optimal for mid-latitude cities. The most 

effective variable group was Group 12, comprising core, climate, and socioeconomic variables.  
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Regarding the socioeconomic class, the optimum models were Cubist, NN, and RF for developed, 

transition, and developing economies, respectively. The highest accuracy was achieved using the 

Group 13 variable combination, which includes core, climate, and geography variables. 

Table 4.8. Performance of optimal simplistic model based on City classification. 

Classification Sub class Optimum 

model 

Variable 

group 

R-square MAE 

(K) 

RMSE 

(K) 

Climate Tropical RF Grp 14 0.90 1.69 1.92 

Dry Cubist Grp 14 0.94 1.95 1.88 

Mild temperature  NN Grp 14 0.95 1.06 1.19 

Snow RF Grp 14 0.93 1.14 1.36 

Polar NN Grp 14 0.90 1.15 1.29 

Geography High Latitude NN Grp 12 0.94 1.29 1.57 

Mid Latitude Cubist Grp 12 0.92 1.94 2.07 

Low Latitude NN Grp 12 0.93 1.38 1.56 

Socioeconomic Developed Economy Cubist Grp 13 0.92 2.10 2.29 

Economy in Transition  NN Grp 13 0.91 2.00 2.06 

Developing Economy RF Grp 13 0.93 1.33 1.46 

 

4.5.4 Comparison between Local Ensemble, Simplistic, and Weighted Model 

To assess the performance of the local ensemble model relative to the simplistic and weighted models, 

we selected nine sampled cities and downloaded air temperature data for 2022 from local metrological 

station to assess performance of the three models (see Table C.4.1). The sampled cities include 
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Auckland, Lagos, Toronto, Berlin, Cape Town, Dubai, Seoul, Moscow, and Nairobi. The 

corresponding ensemble members, as detailed in Table 4.9 was employed for Ta prediction, the 

prediction accuracy for the ensemble model and compared with simplistic and weighted model 

prediction. The models' performance, depicted in Figure 4.7, showcased significant variations in 

prediction accuracy based on the employed model, the season of prediction, and the specific cities. 

Overall, all models demonstrated robust predictive capabilities, consistently achieving R2 > 0.90. 

However, upon examining interannual accuracy, it became evident that model performance generally 

excelled in winter months compared to summer months. Notably, for cities like Nairobi and Lagos, 

characterized by distinct rainy and dry seasons, models performed notably better during the rainy 

season. This observation aligns with existing literature findings (Li and Zha, 2019; Yao et al., 2020), 

attributing the superior performance during colder seasons to the larger prediction range compared to 

warmer months. Similarly, cities located in colder regions, such as Moscow and Seoul, exhibited 

higher prediction accuracy than cities in relatively warmer regions like Dubai and Nairobi. 

Remarkably, the ensemble local model consistently outperformed the simplistic and weighted global 

models across the sampled cities throughout the year with prediction accuracy of up to 0.99 R2 

recorded for prediction in winter months for cold cities like Moscow, Toronto and Seoul.   

Table 4.9. Ensemble members for sampled cites for testing Local Ta predicting models. 

City  Climate Geography Socioeconomic Ensemble member 

Auckland Mild temperature Low latitude Developed economy NN NN Cubist 

Lagos Tropical Mid Latitude Developing economy Cubist RF RF 

Toronto Mild temperature High Latitude Developed economy NN NN Cubist 

Berlin Mild temperature High Latitude Developed economy NN NN Cubist 

Cape Town Mild temperature Low latitude Developing economy NN NN RF 

Dubai Dry Mid Latitude Developing economy Cubist Cubist RF 
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Seoul Snow High Latitude Developing economy NN RF RF 

Moscow Snow High Latitude Transition economy NN RF NN 

Nairobi Dry Mid Latitude Developing economy Cubist Cubist RF 

 

 
Figure 4.7: The accuracy (R2) of predicted monthly Ta for sampled cities.   

 

Ta predictions from the ensemble model were further utilized to assess Ta across the sampled cities 

during their hottest months in 2022. Specifically, Ta prediction in January for Auckland, February for 

Lagos and Cape Town, April for Nairobi and July for Berlin, Dubai, Moscow, Seoul and Toronto were 

compared (see Figure 4.8). The temperature ranges across the cities ranges between 324 K to 287 K, 

with Dubai recording the highest temperature and Auckland the lowest. Dubai's high temperature can 

be attributed to its location in the Arabian desert, while Auckland's lower temperature is due to its 

higher latitude in the Southern Hemisphere compared to cities closer to the equator like Dubai, Lagos, 

and Nairobi.  

The canopy layer UHI (UHICL) effect, represented by the difference between pixel Ta and average Ta 

in each city (as shown in the box plot in Figure 4.9), provides insight into temperature distribution 
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across the cities. Most sampled cities have a median UHI effect close to zero, indicating minimal 

deviation between minimum and average temperatures. However, cities like Berlin, Moscow, and 

Toronto exhibit a median UHI effect > 0, suggesting that minimum temperatures tend to be higher 

than average due to their higher latitudes, which are relatively colder compared to equatorial and mid-

latitude cities.  

Additionally, the box plot reveals that cities with smaller spatial extents, such as Dubai, Lagos, 

Moscow, Seoul, and Toronto, have a smaller interquartile range, indicating less temperature 

variability within the city. Conversely, cities with larger spatial extents exhibit a larger interquartile 

range, reflecting greater temperature differences between the city center and periphery. This finding 

aligns with the study of Stone et al. (2010), which indicates that city temperatures decrease as distance 

from the city centre increases. Thus, larger cities tend to have a higher interquartile range for the UHI 

effect. 



70 

 

 

Figure 4.8. Air temperature prediction for sampled cities for hottest months in 2022 

 

Figure 4.9. Box plot comparing UHICL (Ta - Ta mean) across the sampled cities. 
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4.6 Discussion 

4.6.1 Variable importance significance 

According to Zakġek and Schroedter-Homscheidt (2009), Ta is intricately influenced by Ts. The 

model importance for this study as depicted in Figure 4.6 agrees with the finding as Ta emerged the 

most important predictor in this study for XG Boost, DT and RF predictions. Cubist model however 

ranked Ta as the second most important predictor after relative humidity that is highly ranked by other 

regression model. In addition to 16 variables that have been widely employed for Ta prediction in 

global model, this study introduced three new variables. This includes: (i) BC which represents the 

average building height in the city, derived from a combination of NDBI, DSM, and DTM data. (ii) 

GDP which was extracted from gecon-v4 data archive and (iii) EC data of each city downloaded from 

Enerdata archive. The three variables ranked highly in terms of their contribution to Ta prediction, 

with BC ranking highest among the newly introduced variables and sixth out of the 19 variables 

employed for this study. We categorized the predictors into core, climate, geography, and 

socioeconomic classes based on their inherent characteristics. Interestingly, when comparing 

prediction accuracy, both climate and geography variables independently outperformed Ts, achieving 

R2 values of 0.88 and 0.81, respectively, compared to Ta 's highest accuracy of 0.80 for the simplistic 

model. However, the socioeconomic variable class exhibited the lowest performance, with an R2 of 

0.55. Comparing the result of the stepwise combination of the variables class, the combination of all 

variable classes emerged as the optimal data combination method, achieving R2 values of 0.95 and 

0.98 in the global simplistic and weighted modes, respectively. However, noteworthy performance 

was observed with the combination of climate and geography variables alone, achieving an R2 of 0.89. 

The combination of climate, socioeconomic, and geographic variables achieved an improved 

accuracy (R2) of 0.95 for the weighted global model, highlighting the significant impact of individual 

variable classes on prediction accuracy. 
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4.6.2 Performance of the global simplistic and weighted model 

The weighted regression model, utilizing XG Boost, demonstrated superior performance compared 

to the simplistic model, employing RF, as indicated in Tables 4.5 and 4.7, respectively. The weighted 

model achieved an optimal R2 of 0.98, with the least accurate score at 0.33, while the simplistic model 

ranged from 0.26 to 0.95 in accuracy. This improvement in performance can be attributed to the 

weighted model's emphasis on crucial and highly predictive variable classes, achieved by assigning 

higher weights to them. This focused attention on key variables leads to enhanced predictive 

capability. Comparing the various regression models utilized in this study, LR, the sole parametric 

regression method applied, exhibited the lowest accuracy when compared to other models, including 

tree based model and NN approaches. Among the tree-based models, the DT model showed relatively 

lower performance compared to the other tree-based algorithms employed in the study (RF, XG Boost 

and Cubist model). This underperformance and instability are commonly reported in the literature 

when DT is compared to other tree-building algorithms (Dwyer and Holte, 2007). The meaning of 

instability is defined as the large difference in accuracy between the Instability, in this context, refers 

to the significant difference in accuracy between the training and testing sets. Additionally, when 

many predictors with a wide range of values are used, the DT model tends to become overly large 

and deep, making it challenging to interpret each predictor's effect and weakening the model's overall 

effectiveness. In contrast, random forest (RF), XG Boost, and Cubist models demonstrated good 

performance due to their ability to leverage a combination of hundreds or thousands of trees efficiently. 

This approach allows these models to determine the strengths and weaknesses of individual trees and 

find the best model fit, leading to higher stability and improved predictive. 

4.6.3 Performance of the city based local model. 

To address the challenge of selecting a single model for predicting Ta at the city scale, we proposed 

an ensemble approach comprising three different models tailored to the unique climatic, geographic, 
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and socioeconomic characteristics of each city. As presented in Table 4.8                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                          

NN, Cubist Model, and RF emerge as the most effective model for the different subclasses. This 

finding aligns with existing literature where RF, Cubist model, and neural network models have 

consistently outperformed other models for Ta prediction across various cities (Che et al., 2022; 

Meliho et al., 2022; Orellana-Samaniego et al., 2021). For the climate class models, variable group 

14, a combination of core, socioeconomic, and geography variables, yielded the highest accuracy 

with R2 values of 0.90, 0.94, 0.95, 0.93 and 0.90 for tropical, dry, mild, snow, and polar classes, 

respectively. This outcome is attributed to the fact that stations were already classified based on 

climate class, thereby limiting the predictive effect of variables representing climate properties on 

model accuracy. Similarly, the optimal variable groups for the geography and socioeconomic classes 

were found to be variable groups 13 and 14, respectively, which exclude geography and 

socioeconomic variables, respectively. The ensemble members using the optimum variable groups 

were then combined to predict Ta for each sample city. Assessing the performance of the ensemble 

model by comparing prediction result of this model for nine sampled cities with that of the optimum 

simplistic model and weighted for year 2022. Findings as presented in Figure 4.6 revealed a wider 

range of accuracy. Notably, the ensembled model consistently outperformed both the simplistic RF 

and weighted XG Boost models. The superiority of the ensemble model stems from its ability to 

leverage the strengths of individual models tailored to the unique characteristics of each city. While 

the simplistic and weighted models demonstrate high performance individually, the ensemble model's 

incorporation of diverse perspectives allows it to mitigate potential weaknesses and capitalize on 

complementary strengths. By selecting the most appropriate model for each city based on its specific 

climate, geography, and socioeconomic context, the ensemble approach effectively minimizes the 

risk of model bias or limitations. Ultimately, the ensemble of these models synergistically enhances 

predictive accuracy, offering a robust framework for Ta prediction at the local city level. This 
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comprehensive approach ensures more reliable and insightful results, facilitating informed decision-

making for urban planning and climate adaptation strategies. 

4.7 Chapter Summary 

This chapter investigated intra-city and seasonal variabilities in air temperature (Ta) and surface 

temperature (Ts). We focused on 30 cities, sampled using stratified sampling to ensure representation 

of climatic, geographic, and socioeconomic diversity among global cities. We further analyzed the 

performance of 90 regression models assembled from 6 regression models and 15 different groups of 

dependent variable combinations. The variable groups were achieved by classifying predictor 

variables into core, climatic, geographic, and socioeconomic classes. These classes were then 

combined in a stepwise method to predict Ta using the 6 regression models including LR, DT, RF, 

XG Boost, Cubist and NN model at a global scale. The performance of the simplistic model was 

improved by introducing weights to the different variable groups to achieve a weighted model. The 

optimum weighted model, the XG Boost model, predicted Ta using the complete set of prediction 

variables (Group 15), achieving an accuracy of 0.98 R2, with Ts, relative humidity, and elevation 

standing out as the top three important variables for Ta prediction. To predict Ta at the city scale, an 

ensemble model framework was developed in this chapter. The climate, geographic, and 

socioeconomic characteristics of each city were first identified, and then the optimum simplistic 

model for each class was ensembled to predict Ta for the city. The performance of the ensemble model 

was assessed over nine sample cities, and the ensemble model consistently outperformed the optimum 

simplistic and weighted models for all 12 months of the year. The findings and framework presented 

in this chapter contribute to understanding the relative importance of different variables for Ta 

prediction. The availability of a global city air temperature model will aid in addressing thermal 

challenges on a global scale. Furthermore, the developed model will be suitable for quantifying 

thermal conditions within individual cities both for inland and coastal cities and facilitating 

comparisons with other cities of similar or different levels of development. This comparative analysis 
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can provide valuable insights, empowering cities to make informed decisions regarding future 

developments and sustainable urban planning. 
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CHAPTER FIVE 

5 Cross-comparison between Sun-synchronized and Geo-stationary satellite derived land 

surface temperature: A case study in Hong Kong 

A section of this chapter has been published in ñRemote Sensingò journal. 

Adeniran, I. A., Zhu, R., Yang, J., Zhu, X., & Wong, M. S. (2022). Cross-Comparison between Sun-

Synchronized and Geostationary Satellite-Derived Land Surface Temperature: A Case Study in Hong 

Kong. Remote Sensing, 14(18), 4444. 

5.1 Chapter Overview 

This chapter presents a framework to efficiently combine land surface temperature (LST) data from 

both sun-synchronous and geostationary satellites to achieve optimal results. The goal is to provide a 

framework to guide LST fusion. The framework consists of three steps: First, data collection is 

conducted from sun-synchronous and geostationary satellites. Second, LST inversion is performed 

using available retrieval algorithms to derive LST from the respective satellites. Finally, the 

framework involves comparing the LST data from different satellites. During this comparison, the 

effects of variations in retrieval algorithms, prediction times (daytime and nighttime), and land use 

compositions on the harmonized use of LST data are assessed. 

 

Figure 5.1: Chapter Five Overview 
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5.2 Introduction 

Land surface temperature (LST) is extensively utilized in various meteorological, hydrological, and 

ecological applications (Duan & Li, 2015; Quan et al., 2018; Sun et al., 2015) to evaluate variations 

in the Earth's climate system. Estimating spatially continuous temperature data is primarily contained 

when relying on traditional ground monitoring stations due to variability in spatial and temporal 

changes (Liu et al., 2006; Neteler, 2010). Consequently, satellite remote sensing techniques have been 

increasingly adopted for effective LST measurement (Januar et al., 2020a; Li et al., 2013). Specifically, 

data from the thermal infrared (TIR) band of both sun-synchronized and geostationary satellites have 

been widely used for global LST estimation (Inamdar et al., 2008; Sun & Pinker, 2003). 

However, the configuration of spatial and temporal resolutions available from satellite data varies due 

to technical constraints in the design of these satellites' TIR sensors (Mao et al., 2021a; Zhu et al., 

2010). While sun-synchronized sensors offer superior spatial resolution but lower temporal resolution, 

geostationary satellites provide coarser spatial resolution yet finer temporal resolution. This 

discrepancy poses challenges for utilizing satellite-derived LSTs, particularly for diurnal analysis, 

which necessitates high spatial resolution LST data at various times of the day (daytime and nighttime) 

(Quan et al., 2018; Sobrino et al., 2012).  

To attain high-resolution data suitable for diurnal analysis from satellite sensors, studies have focused 

on the harmonized use of data from different satellites and optimizing data through fusion models. 

However, the data fusion and harmonized use of satellite data has primarily concentrated on data in 

the visible spectrum of remote sensing satellites. Additionally, fusion models have been developed to 

optimize data in the TIR region (Fung et al., 2019; Januar et al., 2020a; Quan et al., 2018). Specifically, 

studies by Fung et al. (2019) and Januar et al. (2020a) fused the clear sky Brightness Temperature 

(BT) from band 13 of Himawari-8 TIRS with band 10 of Landsat-8 using the spatial and temporal 

adaptive emissivity fusion model (STAEFM). This LST estimation leverages the spatial resolution of 
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Landsat-8 (100 m) and the temporal resolution of Himawari-8 (10 minutes). Similarly, Quan et al. 

fused LST products derived from Landsat-8 with LST estimates from the MODIS TIR band (1-km 

spatial resolution and 12-hour temporal resolution) and the FY-2F satellite (5-km spatial resolution 

and 1-hour temporal resolution) using the BLEnd Spatiotemporal Temperatures model (BLEST) 

(Quan et al., 2018). Bai et al. (2015) fused the BT of the TIR band from Landsat 7ôs Enhanced 

Thermal Mapper Plus (ETM+) with LST data from the MODIS satellite using the integrating image 

fusion and spatiotemporal fusion model (IIFSM), producing LST at Landsatôs spatial resolution (100 

m) and MODISôs temporal resolution (1 day). 

Understanding the connection between satellite images to be fused and the biases resulting from 

different retrieval algorithms is critical, given the systematic bias among satellite sensors, resolution 

variations, and inconsistencies in LST inversion algorithms (Kim et al., 2020). For example, Landsat-

8 can retrieve daytime LST at a 100 m spatial resolution and a 16-day temporal resolution using 

algorithms like the mono window algorithm (MWA), split window algorithm (SWA), and single 

channel algorithm (SCA) (Wang et al., 2015). Conversely, the Sentinel-3 Sea and Land Surface 

Temperature Radiometer (Sentinel-3 SLSTR) offers both daytime and nighttime LST data at a 1 km 

spatial resolution due to its dual-view scanning temperature radiometer, while the Himawari-8 

satellite provides LST data at a 2 km spatial resolution with a 10-minute interval. 

Achieving high spatial resolution LSTs for both daytime and nighttime through the harmonized use 

of LST images from Landsat-8, Sentinel-3, and Himawari-8 is promising. Yet, the accuracy of these 

outcomes significantly hinges on the alignment of Landsat-8's LST retrieval algorithms with those 

utilized by the other satellites (Wang et al., 2015). Previous cross-comparison investigations have 

predominantly centered on the visible and near-infrared bands of satellite sensors (Mancino et al., 

2020; Mart²nez-Beltr§n et al., 2009), with comparatively less emphasis on the cross-comparison of 

TIR bands. 
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Although research on comparing remotely sensed data in the TIR band is limited, some studies stand 

out. In one study conducted on the island of Mallorca, Spain, LST data from Landsat-8's TIRS was 

compared with ground-based LST measurements using a broadband thermal infrared radiometer. 

Three algorithms were examined for LST retrieval: SCA, SWA, and RTE, all showing relatively good 

performance, with SWA exhibiting the lowest Root Mean Squared Error (RMSE) ranging from 1.6 

to 2 K. 

In another study, LST data from MODIS, a medium-resolution sun-synchronized satellite, was 

compared with LST data from GOES, a geostationary satellite. SWA was used for LST retrieval from 

MODIS, while the dual window algorithm (DWA) was employed for GOES due to the absence of 

split window channels in the GOES-12 satellite. The study revealed that LST from GOES tended to 

be higher than that from MODIS, with a greater temperature disparity observed during the daytime, 

attributed to satellite viewing geometry and land surface properties. 

Furthermore, Jee et al. compared LST data in Japan derived from Landsat and MODIS, both sun-

synchronized satellites. They found a positive correlation between Landsat and MODIS LST, with a 

RMSE of 4.61 K. When compared with observations from Automatic Weather Stations (AWS), both 

satellites exhibited a stronger correlation and smaller RMSE errors (Landsat: 83% and 3.28 K; 

MODIS: 96% and 2.25 K). Differences between the two LSTs were linked to optical observation and 

spatial resolution variations. 

These investigations primarily aimed at (i) determining the most accurate satellite for estimating LST 

in specific regions, (ii) reconciling disparities between LST products from various satellites, and (iii) 

pinpointing the most precise LST retrieval algorithm for individual satellites. Given the potential to 

achieve high-resolution LST data suitable for diurnal analysis through the harmonized use or fusion 

of LST products from Landsat-8, Sentinel-3 SLSTR, and Himawari-8 TIRS, this chapter intends to 

undertake a comparative analysis of LST products from these three satellites. 
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The goals for this chapter are to: (i) establish a structure for comparing LSTs across different satellite 

TIRS systems; (ii) assess how various retrieval algorithms impact the correlation between LSTs 

obtained from different satellite sensors; and (iii) explore the connection between remotely sensed 

LSTs both during the day and at night. Improving on previous studies that focused on cross-

comparison analysis of LST images between sensors from the same satellite or between different sun-

synchronized satellite sensors, this study will compare daytime LST retrieved from sun-synchronized 

satellites (Landsat-8 and Sentinel-3) with LST from a geostationary satellite (Himawari-8) using 

different retrieval algorithms to identify the combination with the least significant bias, with a case 

study in Hong Kong. 

Although there are several LST retrieval algorithms for Landsat-8, including the Radiative Transfer 

Equation-Based Method, split window algorithm, mono window algorithm, and Split Channel 

method (Yu et al., 2014), this study employs the two widely used algorithms, SWA and MWA, due to 

their high retrieval accuracy and ease of computation (Lilly Rose & Devadas, 2009). While for 

Sentinel-3 SLSTR and Himawari-8 only SWA was used to retrieve LST images, as MWA is currently 

unavailable for these satellites. Additionally, daytime LST retrieved from Sentinel-3 and Himawari-

8 will be compared with nighttime LST estimates from both satellites. Note that LST from Landsat-

8 will not be included in the daytime and nighttime comparison because nighttime data for Landsat-

8 is generally unavailable.  

5.3 Data 

5.3.1 Landsat-8 Satellite Data 

For this study, we utilized cloud-free data sourced from the Landsat-8 satellite, chosen for its 

widespread use in thermal environmental studies owing to its high spatial resolution, long-term data 

availability, and inclusion of multiple TIR bands (bands 10 and 11)(Moussavi et al., 2020). Landsat-

8 provides a detailed spatial resolution of 30 m for visible and near-infrared bands and 100 m for TIR 
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bands, with a revisit period of 16 days for all bands (Yamamoto et al., 2018b). The satellite is equipped 

with the Operational Land Imager (OLI), capturing data across nine spectral bands in the visible 

spectrum, and the Thermal Infrared Sensors (TIRS), which include two bands targeting the TIR region 

at 10.9 ɛm and 12 ɛm atmospheric windows (refer to Figure 5.2) (Garc²a-Santos et al., 2018; 

Yamamoto & Ishikawa, 2018). Cloud-free Landsat-8 data encompassing Hong Kong were acquired 

from the United States Geological Survey website for the cross-comparison analysis conducted in 

this study (United States Geological Survey, 2021) (Table 5.1). 

Table 5.1: Details of satellite data used for this study. 

Satellite Data Date Overpass Time Period 

Landsat 8 19 January 2021 10:52 am daytime 

Sentinel-3 SLSTR 
18 January 2021 10:48 pm nighttime 

19 January 2021 10:48 am daytime 

Himawari-8 
18 January 2021 10:50 pm nighttime 

19 January 2021 10:50 am daytime 

 

 

Figure 5.2. Spectral response of Landsat 8, Sentinel-3, and Himawari-8 TIRS thermal channels. 
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5.3.2 Sentinel-3 SLSTR Data 

To supplement the daytime LST data obtained from Landsat 8, which is available at 16-day intervals, 

this study also incorporated data from Sentinel-3 SLSTR. Unlike Landsat-8, Sentinel-3 SLSTR can 

provide daily LST data for both daytime and nighttime. While it shares the sun-synchronized orbit 

characteristic with Landsat-8, Sentinel-3 SLSTR offers a moderate spatial resolution of 1 km. With 

its two TIR bands situated at the 10.5 ɛm and 12.4 ɛm atmospheric windows, Sentinel-3 SLSTR 

enables the derivation of LST products using SWA. The daytime and nighttime Sentinel-3 SLSTR 

data for Hong Kong were retrieved from the "Europeôs eyes on Earth" website, which serves as the 

archive for these data (Copernicus Open Access Hub, 2022). 

5.3.3 Himawari-8 Satellite Data 

From the array of geostationary satellites available, data from the Advanced Himawari Imager (AHI) 

on the Himawari-8 Japanese meteorological satellite was employed as a primary geostationary data 

source. Launched from the Tanegashima Space Center, the Himawari-8 satellite stands out as a new-

generation geostationary satellite renowned for its advanced TIR sensors and superior spatial (2 km) 

and temporal resolution (10 minutes for full disk and 2 minutes for Japan), surpassing other 

geostationary satellites (Choi & Suh, 2018a). It features three TIR bands centered at 10.4 ɛm, 11.2 

ɛm, and 12.4 ɛm enabling the derivation of LST products using SWA (Yamamoto & Ishikawa, 2018). 

Himawari-8 provides extensive coverage of the entire East Asia and Western Pacific regions (Choi & 

Suh, 2018a). The AHI data for Hong Kong were obtained from the JAXA website, where they are 

archived in NetCDF format using the P-Tress system.  

5.3.4 Land Use Data 

Land use involves altering and overseeing the natural environment to create built environments 

(Kobayashi et al., 2017). These alterations profoundly impact land surface emissivity (LSE), a critical 

parameter in estimating LST, underscoring the importance of land use data in this research. The Land 
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Utilization in Hong Kong (LUHK) data, acquired in December 2020, provided land classification 

information for the study area (Hong Kong Planning Department, 2022). The LUHK map was 

produced using updated satellite imagery, in-house survey data from the Planning Department, and 

pertinent data from various government departments. With a spatial resolution of 10 m, it covers the 

administrative boundary of Hong Kong. For this study, LUHK data were gathered and resampled by 

interpolating values to align with the resolution of the satellite data. The LUHK map encompasses 27 

distinct land use classes, which were condensed into 10 classes by grouping land use types with 

similar attributes (Hu et al., 2016). The study area comprises a mix of vegetation, developed land, 

and water bodies, as shown in Figure 5.3 and Table 5.2.  

 

Figure 5.3: Hong Kong land cover map (LUHK 2020). 
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Table 5.2: The percentage of each land use class in Hong Kong. 

S/N 
LUHK Class 

(Abbreviation)  
Percentage (%) 

1 Residential (RES) 7.082 

2 Commercial (COM) 0.42 

3 Industrial (IND) 2.40 

4 Institutional (INS) 12.56 

5 Agricultural (AGR) 4.41 

6 Green Space (GS) 65.73 

7 Undeveloped (UND) 1.78 

8 Waterbody (WB) 4.21 

9 Others (OT) 1.41 

Total Land Surface coverage  100.00 

 

5.4 Methodology 

The cross-comparison analysis entails two primary tasks, delineated in the framework depicted in 

Figure 5.4: (i) extracting LST from satellite data and (ii) comparing the derived LST products from 

various satellite datasets. 

 

Figure 5.4: Framework for LST retrieval and comparison. 

5.4.1 Estimation of LST from Satellite Data 

In the initial phase of the research design, LST products were estimated from satellite data using 

established retrieval algorithms. While Landsat-8 offers several retrieval algorithms, Sentinel-3 

SLSTR and Himawari-8 primarily rely on the SWA method. For Landsat-8, both the MWA and SWA 
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methods were employed (Zhou et al., 2018). whereas SWA served as the sole LST retrieval algorithm 

for Sentinel-3 SLSTR and Himawari-8, (P®rez-Planells et al., 2021; Yamamoto et al., 2018a), 

providing a reference and baseline for further development of this study. 

5.4.1.1 LST Retrieval from Landsat-8 

¶ Mono-Window Algorithm  

LST retrieval from Landsat-8 utilized the MWA, as proposed by Avdan and Jovanovska (2016). This 

method estimates LST using data from a single TIR band (band 10) of the Landsat-8 satellite, with 

an accuracy of 2 K. It relies on two essential parameters. LSE (Ů) and brightness temperature (BT) to 

compute LST, as outlined in Equation 5.1. 

ὒὛὝ
ὄὝ

ρ ‗ὄὝȾ”ÌÎ‐
 (5.1) 

where ɚ represents the emitted radianceôs wavelength (10.895), and ɟ is the Boltzmann constant (1.38 

Ĭ 10ī23 J/K). 

¶ Split-Window Algorithm  

The SWA, also known as the multichannel algorithm, was also employed to derive LST from Landsat-

8 data. This algorithm relies on multiple TIR bands to retrieve LST from satellite data, and Landsat-

8 includes dual TIR bands (band 10 and 11), enabling the use of SWA for LST retrieval. A variant of 

the algorithm developed by Rozenstein et al. (2014) which is widely recognized for its high accuracy 

in LST retrieval (RMSE = 0.93 K), was selected for this study, as detailed in Equations (5.2)ï(5.4).  

ὒὛὝὝ ὄ Ὕ Ὕ ὄ (5.2) 
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ὅ
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 (5.4) 
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T10 and T11 represent the BT of band 10 and band 11 in Landsat-8. B0 and B1 are coefficients within 

the algorithm, which can be calculated using the formulars in Equations (5.3) and (5.4). A10, A11. 

While C10, and C11 are intermediate parameters determined by atmospheric transmittance (AT) and 

LSE for band 10 and 11. he AT for the two Landsat-8 TIR bands can be estimated using water vapor, 

as shown in Table 5.3 (Rozenstein et al., 2014). 

Table 5.3: The relationship between atmospheric transmittance (Ű10/11) and water vapor content (w). 

Model Water Vapor Range Equation 

Mid-latitude 

summer region 
0.2ï3.0 g/cm2 

† πȢπρφτύ πȢπτςπσύ πȢωχρυ 

† πȢπρςρψύ πȢπχχσυύ πȢωφπσ 

The water vapor content (w) in Table 5.3 was estimated using eqution 5.5 where RH is the relative 

humidity and To is the average near-surface temperature of the study area (Sekertekin & Bonafoni, 

2020). 

ὡ  πȢπωψρρππȢφρπψÅØÐ
ρχȢςχ 4 ςχσȢρυ

ςχσȢσ 4 ςχσȢρυ
2( πȢρφωχ (5.5) 

Once AT is calculated, A10, A11, C10, and C11 can then be estimated using Equations (5.6)ï(5.9). 

A10 = Ů10 Ű10 (5.6) 

A11 = Ů11 Ű11 (5.7) 

C10 = (1 ī Ű10) [1 + (1 ī Ů10) Ű10] (5.8) 

C11 = (1 ī Ű11) [1 + (1 ī Ů11) Ű11] (5.9) 

where Ű10 and Ű11 represent the AT for bands 10 and 11, respectively, and Ů10 and Ů11 denotes the LSE 

for bands 10 and 11, respectively. L10 and L11 are constants with values dependent on the range of the 

BT for bands 10 and 11 as presented in the study by Yu et al. (2014) (see Table 5.4). while A is the 

slope and B(K) is the linear regression intercept. For instance, if the BT of band 10 falls between ī10 

and 20 ÁC, L10 will be calculated as 0.4087 Ĭ T10 ï 55.58. The same approach was applied to estimate 

L11. 
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Table 5.4: Linear regression coefficients for L10 and L11. 

TIR Bands  T Range (°C) A B(K)  

Band 10 
ï10ï20 0.4087 ï55.58 

20ï50 0.4464 ï66.61 

Band 11 
ï10ï20 0.4442 ï59.85 

20ï50 0.4831 ï71.23 

¶ Calculating Land Surface Emissivity 

For estimating LSE, the NDVI threshold method (NBEM) was employed. This method, preferred 

over others in various studies(Choi & Suh, 2018b; Jin et al., 2015; Yang et al., 2023), is both simple 

and accurate. Initially, NDVI is calculated from the red and near-infrared (NIR) bands of the satellite 

data, as outlined in Equation (5.10), following which LSE estimation becomes feasible. 

ὔὈὠὍ   (5.10) 

To account for the high signal-to-noise ratio (SNR), the NDVI threshold method used in this research 

took into account the effects of various land cover types, such as vegetation, bare soil, impervious 

surfaces, and water, in the calculation of LSE (Sobrino et al., 2001). Pixels with NDVI values less 

than 0 were identified as water bodies, those with NDVI values exceeding 0.50 were classified as 

fully vegetated, and those with NDVI values below 0.2 were categorized as non-vegetated areas (Jin 

et al., 2015). The emissivity value of the different land cover types for both band 10 and band 11 was 

determined using the ASTER spectral database, as shown in Table 5.5  (Jin et al., 2015). Lastly, pixels 

with NDVI values that lie between the non-vegetated pixels (NDVI < 0.2) and fully vegetated pixels 

(NDVI > 0.5) were identified as mixed pixels. The LSE for these pixels was calculated using Equation 

(5.11) (Jin et al., 2015; Sobrino et al., 2004): 

‐  ‐ὖὺ ‐ ρ ὖὺ ρ  ‐ ρ ὖὺὊ‐ (5.11) 

where Ům represents the emissivity of mixed pixels, Ů1 stands for the emissivity value for fully 

vegetated pixels, and Ů2 signifies the emissivity value for pixels that are neither water nor vegetated. 

F is a geometrical factor that varies from 0 to 1 based on the surface (Sobrino et al., 2008). For the 
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purpose of this research, the value was set to 0.05. The variable Pv was calculated using Equation 

(5.12) in this study. 

 
(5.12) 

In this case, NDVI is the outcome derived from Equation (4.10); NDVIv and NDVIs denote the 

NDVI values for vegetation and sand, respectively. These are computed as 0.5 for vegetation and 

0.2 for sand, respectively (Sobrino et al., 2004). 

Table 5.5 The emissivity values of water, vegetation, and non-vegetation for Landsat-8 TIRS band 

10 and band 11. 

 Ů for Water  Ů for Vegetation Ů for Non-Vegetation 

TIRðband 10 0.991 0.984 0.964 

TIRðband 11 0.986 0.980 0.970 

5.4.1.2 LST Retrieval from Sentinel-3 SLSTR 

Considering that Sentinel-3 SLSTR data can provide LST for both day (~11:00 am) and nighttime 

(~11:00 pm), LST was extracted at these two instances using the Split-Window Algorithm (SWA) for 

the study area. While the Dual-Angle Algorithm (DAA) can also retrieve surface temperature from 

Sentinel-3 SLSTR data, SWA was preferred due to its better performance over land surfaces compared 

to DAA. This difference in performance is attributed to variations in footprints and observation 

geometries between the two views used in DAA (P®rez-Planells et al., 2021). For this study, the 

Zheng19 SWA algorithm, known for its accuracy of 1.3 K, was utilized for both daytime and 

nighttime LST retrieval from Sentinel-3 SLSTR (P®rez-Planells et al., 2021). This algorithm was 

selected because it represents an enhanced version of the generalized SWA (Equation (5.2)), tailored 

to the spectral channel of Sentinel-3 SLSTR. Equation (5.13) describes the Zheng19 algorithm (P®rez-

Planells et al., 2021): 

ὒὛὝὨ Ὠ Ὠ
ρ ‐

‐
Ὠ
Ў‐

‐
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where dn are constants in the equation, as shown in Table 5.6 (n ranges from 0 to 7); T8 and T9 are 

the input data that symbolize the Brightness Temperature (BT) of the Sentinel-3 SLSTR band 8 and 

band 9, respectively. Meanwhile, æŮ is the difference in emissivity between the two Thermal Infrared 

(TIR) channels, i.e., Ў‐ ‐ ‐; and ‐ denotes the average emissivity of the two TIR channels 

(‐ πȢυ ‐ ‐). 

Table 5.6: Coefficients of SWA used for retrieving LST from Sentinel-3 SLSTR. 
Coefficient Value 

▀  ī0.51 

▀  ī0.053 

▀  ī0.180 

▀  2.13 

▀  0.377 

▀  71.4 

▀  ī10.04 

▀  ī5.9 

The two input variables required for the estimation of moderate resolution Land Surface Temperature 

(LST) from Sentinel-3 SLSTR during both daytime and nighttime, as outlined in Equation (5.13), are 

the Brightness Temperature (BT) and Land Surface Emissivity (LSE) of the two Thermal Infrared 

(TIR) channels. Given that the TIR band of Sentinel-3 SLSTR encapsulates the BT information, the 

only input parameter that needed to be estimated was the LSE. This was accomplished using the 

NDVI threshold-based method, flowing the expressions in the subsequent Equation (5.14): 

‐

ὥ  ὦ”

‐ὖ ‐ ρ ὖὺ ὅ  
‐ ὅ πȢωω 

 

ὔὈὠὍ ὔὈὠὍ 
ὔὈὠὍὔὈὠὍ ὔὈὠὍ 

ὔὈὠὍ ὔὈὠὍ 
(5.14) 

where Cɚ denotes cavity effect of the TIR band, with the subscripts ñsò and ñvò referring to soil and 

vegetation, respectively. Concurrently, Pv is the percentage portion of vegetation and ɟ_red is the 

surface reflectance of the red band of the Sentinel-3 STSLR data. For the daytime LSE estimation, 

the NDVI and Pv were calculated using Equations (5.10) and (5.12) respectively, with the data in 

Sentinel-3 SLSRT band 2 (S2) and band 3 (S3) symbolizing the red and Near-Infrared (NIR) band, 

respectively. Given that satellites are unable to collect data in the visible band (S2 and S3) at nighttime, 
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the LSE value estimated during the daytime was also used for the LST estimation at nighttime, under 

the assumption that there would be no significant change in the LSE within the same day. 

5.4.1.3 LST Retrieval from Himawari-8  

In this study, the algorithm developed by Choi and Suh (2018b) was utilized to extract daytime and 

nighttime Land Surface Temperature (LST) from Himawari-8. This was due to its high retrieval 

accuracy (RMSE = 1.083 K), efficiency, and its resemblance to the one employed for Landsat data 

and Sentinel-3 SLSTR, which utilizes two Thermal Infrared (TIR) bands (bands 13 and 15). The 

equation for retrieving LST is presented in the following Equation 5.15. 

ὒὛὝὧ ὧὄὝ ὧ ὄὝ ὄὝ ὧ ÓÅÃ— ρ ὧ ρ ‐Ӷ ὧῳ‐ (5.15) 

In this equation, c1 to c5 represent the Land Surface Temperature (LST) retrieval coefficients for 

Himawari-8, as shown in Table 5.7. æŮ, and ≈≈Ů denotes the difference in LSE and the average LSE 

across the two TIR bands, respectively. BT13 and BT15 refer to the Brightness Temperature (BT) of 

bands 13 and 15, respectively. ɗ represents the Viewing Zenith Angle (VZA) of the Himawari-8 data, 

which was calculated based on the geographical properties (longitude and latitude) of the data (Hafeez 

et al., 2021). Considering that Himawari-8 has a temporal resolution of 10 minutes for the full disc, 

which encompasses the study area, LST was estimated during both daytime and nighttime for a 

comprehensive comparison with the moderate-resolution LST retrieved from Sentinel-3 SLSTR. 

Table 5.7. Coefficients of the algorithm used for retrieving LST from Himawari-8 data. 

 Conditions C0 C1 C2 C3 C4 C5 

 Moist  67.1857 0.7448 2.07 1.096 63.061 ī75.1606 

Day Normal 8.926 0.9651 0.9364 ī0.1385 56.8638 ī63.8708 

 Dry 15.3567 0.9461 1.1996 ī1.411 48.5137 ī68.3093 

 Moist  44.5826 0.8205 2.0427 1.6411 58.5399 ī59.1371 

Night Normal 12.1778 0.9535 0.9278 ī0.095 51.2696 ī51.8349 

 Dry 20.3004 0.9279 1.0879 ī1.4883 47.2503 ī61.7212 

The NDVI threshold method was similarly applied for the inversion of LSE for Himawari-8 using 

Equation (5.14) (Yamamoto et al., 2018a), with red and NIR band represented by the band 3 and band 
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4 of the Himawari-8 data respectively. Ůvɚ and Ůgɚ are constants employed for the vegetation emissivity 

and ground emissivity, and were derived from the Yamamoto et al. (2018a) for the respective land-

use classes. The total LSE for all other land use classes was averaged to represent LSE for the 

waterbodies. Additionally, in order to minimize emissivity error following the study of Atitar and 

Sobrino (2008), the Himawari-8 Satellite Zenit Angle (SZA) was employed to estimate cavity effect 

as depicted in Table 4.8 (Yamamoto et al., 2018a). Similarly, for nighttime LST estimation from 

Sentinel-3 SLSTR, following the study of Rech et al. (2024), and Sekertekin and Bonafoni (2020), it 

was assumed that the Land Surface Emissivity (LSE) in the study area remains consistent throughout 

the daytime. Therefore, the LSE data computed during daytime were applied in the nighttime LST 

estimation.  it was assumed that the Land Surface Emissivity (LSE) in the study area remains 

consistent throughout the day. Therefore, the LSE data computed during daytime were applied in the 

nighttime LST estimation.  

Table 5.8: The cavity effect (Ci) in the urban area for the three TIR bands. 

Band 
SZA (Á) 

0 10 20 30 40 50 60 

13 0.0104 0.0115 0.0125 0.0136 0.0147 0.0155 0.0161 

14 0.0104 0.0109 0.0114 0.0119 0.0124 0.0128 0.0131 

15 0.0089 0.0092 0.0096 0.0099 0.0102 0.0106 0.0108 

 

5.4.2 Cross-Comparison of LSTs from Satellite Data  

To assess the relationship between daytime (~11:00 am) LSTs obtained from Landsat-8 satellite using 

both MWA and SWA methods, and LSTs from Sentinel-3 SLSTR and Himawari-8 satellites retrieved 

using SWA, quantitative and spatial evaluations were conducted. As Landsat-8 data are typically 

unavailable at nighttime, only the correlation between nighttime (~11:00 pm) Land Surface 

Temperatures (LSTs) from Sentinel-3 SLSTR and Himawari-8 satellite data was evaluated. LST data 

from Landsat-8, obtained using both MWA and SWA (MWAL8 and SWAL8), were compared with the 

LST data from Sentinel-3 SLSTR (SWAS3) and Himawari-8 (SWAH8) to assess the bias in their 
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harmonized use and pinpoint the combination that exhibits the least bias. The correlation between 

Sentinel-3 and Himawari-8 during both the daytime and nighttime was also examined to estimate bias 

when used  together. The study by Wu et al. (2015), revealed that when an LST image of moderate or 

coarse resolution has been resampled to match the spatial resolution of the fine-resolution LST image, 

the relationship between the temperature of the pure homogeneous coarse-resolution pixel, which is 

covered by only one land cover (LC) type, and the corresponding fine-resolution pixel, can be 

depicted by a linear equation (See Equation 5.16). 

ὒὛὝȟȟ ὒὛὝȟȟ Ὑ (5.16) 

where LSTC and LSTF denote the resampled moderate or coarse resolution LST and the fine scale 

LST respectively. while (x, y) signifies the location for both fine- and coarse-resolution LST pixels; 

dn represents the acquisition date; and R is the bias, which is the discrepancy between the LST 

observed at the fine and moderate or coarse resolutions. Given that LST images from Landsat-8, 

Sentinel-3 SLSTR, and Himawari-8 have a spatial resolution of 100 m, 1000 m, and 2000 m, 

respectively, Sentinel-3 SLSTR and Himawari-8 were resampled to 100 m utilizing the bilinear 

resampling method. The estimated LSTs from the three satellites were also projected onto the same 

coordinate system. Furthermore, the processed land use data (LUHK) of the study area were then 

employed to extract LSTs by land use type from the satellite data. According to Equation (5.16), the 

relationship between the fine- scale LST retrieved with MWA and SWA (MWAL8 and SWAL8) and 

the moderate-scale LST from sentinel-3 retrieved using SWA (SWAS3) for each land use class can be 

expressed as: 

        ὓὡὃ ȟ Ὓὡὃ ȟ  ὓὡὃ  (5.17) 

Ὓὡὃ ȟ Ὓὡὃ ȟ Ὓὡὃ  (5.18) 

where MWAL8 and SWAL8 represents the mean LST values for the land use class as estimated using 

MWA and SWA from the Landsat-8 data respectively; SWAS3 denotes the value of the LST as 
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estimated from the Sentinel-3 SLSTR data; LU represents the land-use class; MWAL8-S3 and SWAL8-S3 

are the biases as estimated by difference between SWAS3 and MWAL8 in Equation (5.17) or SWAL8 in 

Equation (5.18), respectively. With dn representing the satellite dataôs acquisition date. Similarly, the 

relationship between the coarse-scale LST from Himawari-8 (SWAH8) and the corresponding fine-

resolution LST from Landsat-8 (MWAL8 and SWAL8) for each land use class in the study area similar 

to Equations (5.17) and (5.18) can be estimated as presented in Equations (5.19) and (5.20), 

respectively. 

ὓὡὃ ȟ Ὓὡὃ ȟ ὓὡὃ  (5.19) 

Ὓὡὃ ȟ Ὓὡὃ ȟ Ὓὡὃ  (5.20) 

where SWAH8 is the LST value as measured from the Himawari-8 data, MWAL8-H8 and SWAL8-H8 are 

the biases, estimated as the difference between SWAH8 and MWAL8 for Equation (4.19) or SWAL8 for 

Equation (5.20).  

For the purpose of comparisons between and moderate (SWAS3) and coarse (SWAH8) scale LSTs, the 

coarse-scale LST data (2000 m) were resampled to the same resolution as moderate-scale LST (1000 

m). The two sets of data were then projected onto the same coordinate system along with the land use 

data. The resulting data were subsequently compared using an equation similar to the one used for 

the daytime. 

Ὓὡὃ ȟ Ὓὡὃ ȟ Ὓὡὃ  (5.21) 

where SWAS3 and SWAH8 denote the LST values for both daytime and nighttime as captured from the 

Sentinel-3 SLSTR and Himawari-8 satellites, respectively. SWAS3-H8 is the bias in the relationship, 

which can be calculated as the difference between SWAS3 and SWAH8 in Equation (5.21). Thereafter, 

the Root Mean Square Error (RMSE), Standard Deviation (SD), and the mean of the biases across 

the land use classes were computed.  
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5.5 Results 

5.5.1 Comparison of between daytime Fine, Moderate and Coarse scale LSTs  

Figure 5.4 illustrates that the LST maps created from SWAH8 (Figure 5.5a), SWAS3 (Figure 5.5b), and 

from Landsat-8 using both MWA (Figure 5.5c) and SWA (Figure 5.5d) all displayed a comparable 

pattern for Hong Kong on the date of acquisition (19 January 2021). Generally, waterbodies have 

lower temperature values, while urbanized land exhibits higher temperature values. However, due to 

the difference in resolution between the satellite sensors, the LST map derived from Sentinel-3 

SLSTR (SWAS3), and Himawari-8 (SWAH8) could not provide a more detailed heterogeneity of 

temperature distribution compared to that generated from Landsat-8 (MWAL8 and SWAL8) satellite 

data, with Landsat-8 having a finer spatial resolution (100 m). The temperature range of the results 

from SWAH8 is the smallest (280 K to 293 K), followed by SWAS3 (279 K to 294 K). Then, MWAL8 

(276 K to 304 K), and SWAL8 (274 K to 312 K), which has the broadest temperature range. 
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Figure 5.5: LST map of Hong Kong on 19 January 2021. (a) LST retrieved from SWAH8; (b) LST 

retrieved from MWAS3; (c) LST retrieved from MWAL8; (d) LST retrieved from SWAL8. 

The mean LST values by land use class from the different satellite sensors on acquisition date as 

presented in Table 5.9, reveals that commercial (COM) land use has the least mean LST across all 

satellite, with a mean LST of 287.88 K for MWAL8, 289.53 K for SWAS3, 290.4 for SWAH8, and 

290.04 K for SWAL8. On the other hand, industrial (IND) land use has the highest average LST 

according to the estimations from all the satellite data, with an average value of 289.76 K for MWAL8, 

290.68 K for SWAS3, 290.98 K for SWAH8, and 291.42 K for SWAL8. Similarly, the other land use 

class (OT), comprising of cemeteries, construction sites, and rocky shores also have high LSTs for 

SWAH8, SWAS3, and the two retrieval algorithms for Landsat-8. Meanwhile the green space (GS) and 

    

  

 

(a) (b) 

(c) 
(d) 
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agricultural (AGR) land use classes also have a relatively low mean temperatures as estimated from 

the three satellites, indicating that the green vegetation cover had a significant cooling effect. 

Table 5.9: Relationship between average LST estimated from Himawari-8 (SWAH8), Sentinel-3 

SLSTR (SWAS3), and Landsat-8 (SWAL8 and MWAL8) on 19 January 2021 by land use class. 

LUHK 

Class 

MWA L8 

(K)  

SWAS3 

(K)  

SWAH8 

(K)  

MWA L8-S3 

(æK) 

MWA L8-H8 

(æK) 

SWAL8 

(K)  

SWAL8-S3 

(æK) 

SWAL8-H8 

(æK) 

RES 288.26 289.96 290.41 ī1.70 ī2.15 289.5 ī0.46 ī0.91 

COM 287.88 289.53 290.4 ī1.65 ī2.52 289.04 ī0.49 ī1.36 

IND 289.76 290.68 290.98 ī0.92 ī1.22 291.42 0.34 0.24 

AGR  288.68 290.01 290.33 ī1.33 ī1.65 290.08 0.07 ī0.25 

INS 288.77 289.8 289.86 ī1.03 ī1.09 290.46 0.26 0.2 

GS 288.21 289.91 290.03 ī1.70 ī1.82 289.95 0.04 ī0.08 

UND 287.1 288.9 289.55 ī1.8 ī2.45 289.02 0.12 ī0.53 

OT 289.12 290 290.65 ī0.88 ī1.53 290.65 0.65 0 

Bias (K)    ī1.38 ī1.80  0.77 ī1.46 

SD (K)    0.39 0.54  0.49 0.65 

RMSE (K)    1.20 1.66  0.87 1.04 

The average LST from MWAL8 was generally lower and predominantly exhibited a negative bias 

across all land use types when compared with estimates from both SWAS3 and SWAH8 (MWA L8-S3 

and SWA L8-S3). With the undeveloped (UND) land use class being largely underestimated, having the 

largest bias (ī1.8 K) for MWA L8-S3. While for MWA L8-H8 the commercial (COM) land use class has 

the largest underestimation with a bias of ī2.52 K. Conversely the mean LST from SWAL8 when 

compared with SWAS3 and SWAH8 returned a mix of positive and negative bias. With the other (OT) 

land use class and Industrial (IND) land use class having the highest overestimation for SWAL8-S3 and 

SWAL8-H8 respectively. While the smallest bias was 0.04 K, recorded in the area covered by green 

space (GS) land use class. This finding aligns with the study of Yu et al. (2014) that recorded an 

overestimation for LST estimated from Landsat using SWA when compared with in situ 
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measurements, and an underestimation was recorded when MWA was used for the LST estimation 

from Landsat data.  

The RMSE, as shown in Table 5.9, is 1.20 K and 1.66 K when average LST from SWAS3 and SWAH8 

are compared with fine-resolution LST from Landsat-8 using MWA (MWAL8), while the RMSE for 

SWAL8-S3 and SWAL8-H8 is 0.87 K and 1.04 K, respectively. This suggests that LST inverted from 

Landsat-8 using SWA is more comparable with inverted LST from moderate and coarse-resolution 

LST. It can also be inferred from the statistical analysis presented in Table 5.9 that average LST from 

SWAS3 is more closely related to the LST from fine-scale LSTs (MWAL8-S3 and SWAL8-S3), when 

compared with the relationship between the coarse-resolution (SWAH8) and LSTs from fine scale 

satellite (MWAL8-S3 and SWAL8-S3). The close relationship between moderate- and fine-resolution 

LST is further revealed in Figure 5.6, where the boxplots of the LSTs estimated from the three 

satellites (Sentinel-3 SLSTR, Himawari-8, and Landsat-8 using both MWA and SWA) showed that 

the first quartile of SWAS3, as well as the third quartile and maximum value, are more consistent with 

the values from the Landsat-8 satellite (MWAL8 and SWAL8). However, SWAS3 is more consistent 

with the SWAL8 estimation than MWAL8.  
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Figure 5.6: Boxplots of LSTs estimated from Himawari-8, Sentinel-3, and Landsat-8 using MWA 

and SWA for the different land use classes during winter. 

The high variability in the relationship between LST data from different satellite sensors is exposed 

in the result of regression analysis as presented in Figure 5.7. where the lowest correlation coefficients 

(r) are reported in Figure 5.7a, and 5.7c, while Figure 5.7b, and Figure 5.7d show higher r values. 

This difference also suggests that moderate- and fine-scale LST are more closely related as compared 

with the relationship between the coarse- and fine-scale LST. 

   
(a) (b) 
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(c) (d) 

Figure 5.7: Four regressions of the average LSTs in the daytime. (a) Regression of LSTs obtained 

from SWAS3 and MWAL8. (b) Regression of LSTs obtained from SWAS3 and SWAL8. (c) Regression 

of LSTs obtained from SWAH8 and MWAL8. (d) Regression of LSTs obtained from SWAH8 and 

MWAL8. 

5.5.2 Comparison between Moderate and Coarse scale LSTs during Daytime and Nighttime 

This study generated daytime (~11:00 am) and nighttime (~11:00 pm) LST maps from SWAH8 (Figure 

5.8a, c) and SWAS3 (Figure 5.8b, d) on 18 January 2021 and 19 January 2021, respectively. The LST 

map generated from the two satellites for both the daytime and nighttime show a similar pattern. 

However, unlike the observation in the daytime, temperature of waterbodies in the nighttime are 

generally characterized with high LST value. The maps also indicated that the temperatures across all 

land use categories were generally lower at night compared to the daytime. This could be attributed 

to the lack of shortwave solar radiation at night, meaning that LST measurements are entirely 

dependent on the longwave radiation emitted from the land surface. Due to the coarser spatial 

resolution of Himawari-8 TIRS, the range of LSTs (280 K ï 286 K) from Himawari-8 was narrower 

than that from Sentinel-3 SLSTR (278 Kï287 K). 
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Figure 5.8 LST maps of Hong Kong on 18 January 2021 at nighttime (around 11 pm). (a) LST 

retrieved from SWAH8. (b) LST retrieved from SWAS3. (c) LST retrieved from MWAL8 (d) LST 

retrieved from SWAL8 

The average LST from SWAS3 and SWAH8, categorized by land use class and shown in Table 4.10, 

was compared for both daytime (around 11:00 am) and nighttime (around 11:00 pm). This comparison 

further substantiated the findings from the LST map, showing that the average LST for all land use 

classes is higher during the day than at night. The industrial (IND) land use class recorded the most 

significant temperature difference, as estimated from both SWAS3 (7.93 K) and SWAH8 (8.39 K). This 

was closely followed by the agricultural (AGR), green space (GS), and residential (RES) land use 

classes, which also showed considerable temperature differences between day and night as estimated 
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from both satellites. On the other hand, the commercial (COM) land use class recorded the smallest 

temperature difference when comparing the daytime and nighttime estimated LSTs from the two 

satellites (i.e., 4.56 K and 6.16 K from SWAS3 and SWAH8, respectively). 

Table 5.10: Relationship between average LST from SWAH8 and SWAH8 during the daytime (~11:00 

am) and nighttime (~11:00 pm) by land use class. 

LUHK Class 

Nighttime Daytime DaytimeïNighttime 

SWAS3 

(K)  

SWAH8 

(K)  

SWAS3-H8 

(æK) 

SWAS3 

(K)  

SWAH8 

(K)  

SWAS3-H8 

(æK) 

SWAS3 

(æK) 

SWA-H8 

(æK) 

RES 283.27 282.77 0.5 289.96 290.41 ī0.45 6.69 7.64 

COM 284.97 284.24 0.73 289.53 290.4 ī0.87 4.56 6.16 

IND 282.75 282.59 0.16 290.68 290.98 ī0.3 8.2 8.66 

AGR  281.81 281.67 0.14 290.01 290.33 ī0.32 7.93 8.39 

INS 283.12 282.9 0.22 289.8 289.86 ī0.06 6.68 6.96 

GS 282.46 282.48 ī0.02 289.91 290.03 ī0.12 7.45 7.55 

UND 283.46 283.25 0.21 288.9 289.55 ī0.65 5.44 6.3 

OT 282.59 283.06 ī0.47 290 290.65 ī0.65 7.41 7.59 

Bias (K)   0.18   ī0.43 6.8 7.41 

SD (K)   0.38   0.50 6.90 7.45 

RMSE (K)   0.35   0.38 1.25 0.90 

In the comparison of LST from moderate (SWAS8) and coarse (SWAH8) scale satellites at nighttime 

(~11:00 pm), it was found that estimates from SWAS3 are generally overestimated, showing a 

positive bias in six out of the eight land use classes. Conversely, during the daytime (~11:00 am), the 

LST from moderate resolution is predominantly characterized by a negative bias across all land use 

classes. However, this bias is relatively insignificant both during the night and day, with a range of -

0.47 to 0.73 and -0.87 to 0.06, respectively. The relationship at nighttime is more significant, with a 

RMSE of 0.35 K. The higher RMSE during the daytime (0.38 K) could be attributed to the effects of 

viewing geometry and LSE. The regression analysis of the LSTs, as shown in Figure 5.8, further 

illustrates a stronger correlation between LSTs obtained from moderate and coarse resolution at 

nighttime, with an r score of 0.61, compared to the correlation during the daytime. 
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Figure 5.9:  Regressions of the average LSTs in the daytime and nighttime. (a) Regression of LSTs 

obtained from SWAS3 and SWAH8 at nighttime on January 18, 2021 (~11:00 pm); (b) regression of 

LSTs obtained from SWAS3 and SWAH8 at daytime on 19 January 2021 (~11:00 am). 

5.6 Discussion 

The proposed framework efficiently compares LST data obtained from both geostationary and sun-

synchronized satellites using various inversion techniques. It also examined the biases arising from 

the relationship between LSTs during both daytime and nighttime. Land use class was employed as a 

basis for comparison given the intricate connection between LST and land use class, as documented 

in various studies (Awuh et al., 2019; Youpeng Lu et al., 2021). The comparison of LSTs obtained 

from Sentinel-3 SLSTR and Himawari-8 satellites using the Split-Window Algorithm (SWA) with 

LSTs retrieved from Landsat-8 using both the Mono-Window Algorithm (MWA) and SWA revealed 

a similar spatial distribution pattern of the resulting LSTs across the three satellites, regardless of the 

retrieval algorithm used. However, as suggested in previous studies (Hu et al., 2015; Trigo et al., 2008) 

and confirmed by this research, LSTs derived from these three satellite sensors are not directly 

compatible. The differences in estimated LST between Himawari-8, Sentinel-3 SLSTR, and Landsat 

8 are directly linked to variations in the spectral bandwidth and radiometric resolution among the 

satellite sensors (see Figure 5.1). The difference in spectral band resolution also impacts the 

relationship between the LSTs from the three sensors, particularly affecting the dynamic range of LST. 

LST retrieved from the Sentinel-3 SLSTR satellite shows a closer correlation with LST retrieved from 

Landsat-8 (both using MWA and SWA) compared to the correlation between LSTs from Himawari-8 

 

  

 

(a) 
(b) 
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and Landsat 8. This is due to the narrower spatial resolution range between Sentinel-3 SLSTR and 

Himawari-8 (1000ï100 m) compared to the range between Himawari-8 and Landsat-8 (2000ï100 m).  

The study further examined the retrieved Land Surface Temperatures (LSTs) and found a notable 

difference in the biases produced based on the retrieval algorithm used. The biases of LSTs retrieved 

using similar algorithms (SWAH8, SWAS3, and SWAL8) are comparable and insignificant (0.17 K and 

-0.26 K) when SWAL8 is compared with SWAS3 and SWAH8, respectively. However, the biases are 

substantial when different algorithms are used (SWAH8, SWAS3, and MWAL8). This is because when 

the SWA was used for retrieval from both satellite images, the estimation was based on the difference 

in atmospheric absorbance of two adjacent thermal bands in a satellite (for instance, bands 10 and 11 

for Landsat-8 and bands 13 and 15 for Himawari-8). Some environmental variables, including relative 

humidity and water vapor, were also considered, which ultimately reduces the temperature difference 

in the LST images from both satellites (Avdan & Jovanovska, 2016; Rozenstein et al., 2014). This 

suggests that the fusion or harmonized use of LSTs retrieved from sun-synchronized and 

geostationary satellites using similar algorithms is preferable as there will be less bias to account for. 

However, the pattern of the LST map generated from the Himawari-8 and Sentinel-3 SLSTR satellites 

are similar both in the daytime and nighttime, with daytime temperatures generally being hotter  

(Duan & Li, 2015). The study shows a higher correlation between SWAH8 and SWAS3 at nighttime 

compared to daytime. The bias is less significant at nighttime, largely due to the lower dependency 

on differential surface cooling/heating at nighttime, making nighttime LST more efficient for 

algorithm testing and temperature analysis (Trigo et al., 2008). Additionally, the SD during the 

daytime is relatively larger than at night. This can be associated with the impacts of structural shading, 

evaporative cooling, and changes in surface-air temperature (Guillevic et al., 2014). Differential 

surface heating over various surface covers, such as grass/soil and trees, is another factor that 

contributes to the significant variation in LST in the daytime(Duan & Li, 2015; Trigo et al., 2008). 



104 

 

Finally, the study reveals that there is a significant difference in the relationship between LSTs from 

different satellite sensors based on the retrieval algorithm used, and also that there are substantial 

discrepancies in the variation of LSTs based on the time of the day.  

5.7 Chapter Summary 

In this chapter, we introduced a method for comparing Land Surface Temperature (LST) data 

retrieved from various satellite sensors with distinct retrieval algorithms, based on land use 

classification. We compared LST data from Landsat-8 using both MWA and SWA with those from 

Sentinel-3 SLSTR and Himawari-8 satellites using SWA. Additionally, we compared LST data from 

Himawari-8 and Sentinel-3 SLSTR during both day and night. Our findings showed significant 

differences in LST retrieved from different satellites, influenced by land use classes, retrieval 

algorithms, and satellite types. Notably, daytime LSTs from Himawari-8 and Sentinel-3 SLSTR 

exhibited less consistency compared to nighttime LSTs. Given the close relationship observed 

between LSTs from Himawari-8 and Sentinel-3 (R2 = 0.56 and 0.61 for daytime and nighttime, 

respectively), further exploration into their combined use for diurnal LST analysis is warranted. 

Finding from this chapter will be highly instrumental in achieving the aim of this thesis by combining 

LST data from geostationary with sun-synchronous satellites in the most efficient method. 
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CHAPTER SIX 

6 Integrated Framework for Generating Hourly Fine-Scale LST Data under All-Weather 

Conditions. 

Some section from this chapter is presently under review in the ñInternational Journal of Applied 

Earth Observation and Geoinformationò. 

6.1 Chapter Overview 

Following the identification of the optimum approach for the combined use of LST from sun-

synchronous satellites (Landsat-8 and Sentinel-3) and a geostationary satellite (Himawari-8), this 

chapter introduces an Integrated Spatiotemporal Fusion Algorithm (ISFAT) for generating seamless 

fine-scale LST data. ISFAT combines fine spatial resolution LST data from Landsat-8, moderate 

resolution LST from Sentinel-3, and coarse spatial resolution LST from Himawari-8. ISFAT consists 

of three sections. The first section, LST reconstruction, inspects individual sun-synchronous and 

geostationary LST data for missing pixels and reconstructs the missing data. The second section, LST 

optimization, focuses on combining information from fine-scale and moderate-scale LST data 

through LST fusion methods using annual and diurnal temperature cycle model. The final section, 

prediction refinement, is dedicated to improving the accuracy of the predicted fine-scale LST by 

estimating model residuals and incorporating them back into the predicted LST. This framework aims 

to enhance the spatial and temporal resolution of LST data, making it more suitable for local city 

scale diurnal urban thermal environmental studies. 

 

Figure 6.1: Chapter Six Overview 



106 

 

6.2 Introduction 

Land surface temperature (LST) is an important index in studying surface energy exchange and 

interaction between the atmosphere and the land surface (Gong et al., 2023). Retrieving LST data 

from satellite sensors using remote sensing methods has helped overcome the limitations of in-situ 

LST measurement under varying temporal and spatial variations (Adeniran et al., 2022).  However, 

the trade-off between the temporal and spatial resolution of remotely sensed LSTs has also been a 

constraint to the wide use of remotely sensed LSTs (Sobrino et al., 2012). For example, geostationary 

satellites like Himawari-8/9, Geostationary Operational Environmental Satellites (GOES), and 

Meteosat 2ï7 can all obtain LST at a high temporal resolution (~1hour or higher) suitable for diurnal 

LST analysis but have a relatively coarse spatial resolution (~2000m or lower), which makes detailed 

spatial analysis of LST in heterogeneous surfaces difficult (Zhan et al., 2013). In contrast, sun-

synchronous satellites like Landsat 4ï9, ECOsystem Spaceborne Thermal Radiometer Experiment 

on Space Station (ECOSTRESS) and Advanced Spaceborne Thermal Emission and Reflection 

Radiometer (ASTER), which can measure LST at high spatial resolution (~100 m or higher) and are 

capable of detailed spatial LST analysis in heterogenous surfaces, have a relatively coarse temporal 

resolution (~12hour or lower) (Adeniran et al., 2022). 

To address this constrains several LST fusion methods have been proposed to optimize the spatial 

and temporal resolution of LSTs from satellite sensors. These methods can be classified into two 

broad categories (Quan et al., 2018). The approaches in the first category require data from a single 

satellite sensor. This method involves downscaling the spatial resolution of LSTs from geostationary 

satellites or interpolating the temporal resolution of LSTs from sun-synchronous satellites (Zhan et 

al., 2012). The second category uses pairs of multi-resolution LSTs from different satellites at distinct 

time instances. Sparse representation, endmember unmixing, and weight function-based fusion 

approaches are employed.  



107 

 

Owing to the longer wavelength of the thermal infrared (TIR) channel, which is the band suitable for 

LST retrieval, compared to the visible and near-infrared (NIR) channel, LST are retrieved at coarse 

spatial resolution compared to data in the NIR channel of same satellite (Herrero-Huerta et al., 2019; 

Reddy & Manikiam, 2017). The spatial downscaling method thus optimizes the spatial resolution of 

the LST data by capitalizing on the finer resolution of data in the visible and near-infrared channels. 

The limitation of this method however is that the finest spatial resolution achievable using the method 

is a spatial resolution achievable from other bands from the same satellite, which may not be sufficient 

for LST analysis in heterogenous regions (Yunhao et al., 2014; Quan et al., 2018). Temporal 

interpolation methods, on the other hand, are developed to increase the temporal resolution of LST 

estimations derived mostly from sun-synchronous satellites because of their long revisiting periods. 

These methods interpolate LST data with temporally discrete observations and associate them with 

the surface energy balance model or annual/diurnal temperature cycle (ATC/DTC) (Duan et al., 2012). 

Although as against the spatial downscaling method, this method integrate data from external source 

with the satellite data. The limitation of this technique is that effective interpolation at the diurnal 

scale requires LST observations at intervals of at least 12 hours on the prediction day. This can only 

be achieved with a limited number of cloud-free MODIS satellite data at a spatial resolution of 1 km 

(Quan et al., 2014) whose spatial resolution is also not suitable for LST analysis in a highly 

heterogenous area. 

Considering the uncertainties attributed to using data from a single satellite to predict LST at a high 

spatial and temporal resolution, adopting an optimization method that combines TIR data from 

multiple satellite sensors has gained significant attention. These methods capitalize on the spatial 

strength of sun-synchronous satellite and the temporal strength of geostationary satellite by combing 

LST or TIR data from both satellites using different methods like the end member unmixing methods 

(EMUM), sparse representation method or weight function-based method . The spatial and temporal 

adaptive reflectance fusion model (STARFM) developed by Gao et al. (2006) is the most 
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representative of the fusion models that employs data from multiple satellite sensors. STARFM which 

was originally developed for the fusion of data from the visible and NIR bands primarily rely on 

weight function-based method and has been revised by several studies to meet different research 

objectives (Liu et al., 2020; Quan et al., 2018; Weng et al., 2014). Notably the spatio-temporal 

integrated temperature fusion model (STITFM) developed by Wu et al. (2015) and Spatio-temporal 

Adaptive Data Fusion Algorithm for Temperature mapping (SADFAT) by Weng et al. (2014) emerged 

as one of the contemporary multi sensor based LST fusion model. 

SADFAT improving on STARFM was designed primarily for optimization of data in the TIR band. 

As an improvement, the SADFAT integrates the interpolation of ATC with the STARFM methodology 

to predict LST data at high spatiotemporal resolution. In SADFAT fine scale LST is achieved by 

firstly optimizing the radiance data to fine scale, after which the optimised fine scale radiance data 

will be inverted to achieve the synthesized LST data. STITFM on the other end, contrary to STARFM, 

SADFAT and other multi-sensor fusion models that uses data from two different satellites (fine and 

coarse scale), introduced the integration of a moderate scale LST data into the STARFM model to 

break large-scale differences between fine and coarse resolution data. Also, as against the SADFAT 

methodology, STITFM inverts the TIR data to get the LST at both fine, medium, and coarse scale 

before employing the fusion model to achieve a fine scale LST.  

While both the SADFAT and STITFM methods have been utilized for fine-scale Land Surface 

Temperature (LST) optimization with relatively high accuracy, certain limitations impede their 

widespread application. One major challenge is the presence of missing data in LST predictions. 

Fusion methods exacerbate this issue by aggregating gaps from individual base and prediction dates, 

particularly in complex environmental regions where obtaining multiple clear-sky fine and coarse-

scale LST pairs is difficult. Additionally, the significant scale gap between fine and coarse-scale LST 

leads to suboptimal predictions when applying SADFAT for diurnal LST forecasts. Meanwhile, 
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STITFM's reliance on a single fine-scale observation for predicting fine-scale LST makes it 

challenging to capture large-scale LST changes between base and prediction dates, especially those 

not reflected in moderate and coarse resolution LST data. Consequently, this results in poor 

predictions, particularly in regions experiencing rapid land cover changes over short periods. 

Moreover, assumptions inherent in these models or their poor implementation may lead to 

overestimation or underestimation in predictions. 

Considering the limitation in the existing model, in this chapter an Integrated Spatiotemporal Fusion 

Algorithm (ISFAT) for generating hourly fine-scale LST data suitable for diurnal analysis under all-

weather conditions was developed. To achieve this, a three-staged algorithm was devised for 

estimating clear-sky fine-scale LST at hourly temporal resolution. This integrated model comprises a 

data preprocessing stage for reconstructing missing data in the base dataset, an LST optimization 

stage for predicting fine-scale LST at annual and diurnal scales, and a refinement stage for correcting 

residual errors in model predictions. Finally, the improved fusion model developed herein was 

employed for estimating diurnal LST at high spatial resolution over Hong Kong, the designated study 

area. 

6.3 Study Area and Materials 

Hong Kong was selected as the study area and detail description of the study has been given in Section 

3.1 in Chapter three.  

The region is in the subtropic humid climate zone and witnesses long rainy and cloudy weather 

throughout the year, making the use of remotely sensed data for urban analysis difficult (Fan et al., 

2008). For example, from 2006 to 2022, out of the 610 Landsat satellite acquisitions covering the 

study area, only 9.5% (58 satellite acquisitions) are cloud free, most of these cloud-free data 

acquisitions are between November and January. Therefore, exploring the functionality of LST fusion 

model in this area is of high significance (Ling et al., 2021). For the assessment of both the 
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contemporary and the improved fusion models, clear sky and partly cloudy images covering the study 

area were collected from relatively fine (Landsat-8), moderate (Sentinel-3), and coarse (Himawari-8) 

spatial resolution satellites. The acquisition dates of these satellite data are limited to dates with clear 

and partially clouded (cloud cover < 50%) fine scale satellite data details presented in Table 6.1.  

Hourly air temperature data (AT) from automatic weather station (AWS) located sparsely across the 

study area was collected from Hong Kong Observatory (HKO) to validate the optimized hourly LST 

data (Figure 6.2). 

 

Figure 6.2 Map of Hong Kong with locations of Automatic Weather Stations (AWS) 
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Table 6.1: Satellite data acquisition dates and overpass time (local time) for respective satellite 

sensors used in this study. 

Date ID  Acquisition date Landsat 8 Sentinel-3 Himawari -8 

d1 06/01/2022 10:52 10:48 

22:48 

00:00 ï 23:50 

(One hour interval) 

d2 11/03/2022 10:52 10:48 

22:48 

00:00 ï 23:50 

(One hour interval) 

d3 21/10/2022 10:52 10:48 

22:48 

00:00 ï 23:50 

(One hour interval) 

dp 24/12/2022 10:52 10:48 

22:48 

00:00 ï 23:50 

(One hour interval) 

 

6.4 Methodology 

This study introduces the Integrated Spatiotemporal Fusion Framework to generate seamless fine-

scale Land Surface Temperature (LST) at diurnal temporal resolution. The framework as presented 

in Figure 6.3 can be divided into three phases: The data preprocessing phase, the LST optimization 

phase and the refinement phase. The data preprocessing phase involves the assessment of LST data 

collected at the different base date to identify pixel with missing data and its reconstruction, the 

optimization phase is where the LST fusion take place in order to optimize the spatial and temporal 

scale of the LST data. The refinement phase is where the model residual is estimated and distributed 

back to the prediction to avoid overestimation or underestimation in the model prediction result. 
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Figure 6.3: Framework for Seamless Fine Scale LST Optimization. 

6.4.1 Data preprocessing 

Prior to the fusion of LST data, missing data in the base date dataset, which consequently leads to 

missing data in the fusion result in contemporary models were initially identified and reconstructed 

using a newly proposed ATC/DTC base reconstruction model. Missing data often result from cloud 

cover during satellite acquisition times Beuchle et al. (2011). For Landsat LST, pixels with missing 

data were identified using the quality assurance (QA) band of each Landsat 8 dataset. For Sentinel 3, 

the cloud band was utilized, while for Himawari 8, missing pixels were identified using the High-

resolution Cloud Analysis Information (HCAI) product obtained from the Japan Meteorological 
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Agency via (metsat@met.kishou.go.jp). The fundamental concept of the LST reconstruction method 

is that the reconstructed LST (Ὕȟ) is the sum of the ATC/DTC-based reference LST for the prediction 

date/time (Ὕȟ Ⱦ  and an LST residual term (ЎὝ) as presented in Equation 6.1. 

Ὕȟ Ὕȟ Ⱦ  ЎὝ   (6.1) 

The LST reconstruction process consists of two main steps. Firstly, the calculation of the ATC/DTC 

base reference LST is conducted. Then, the residual term can be estimated from surrounding similar 

pixels. 

6.4.2 Calculation of ATC/DTC-based reference LST 

ATC model 

To optimize LST on prediction date, pairs of Landsat-8 and Sentinel 3 data downloaded at different 

date stamps are employed. Following the study of Hong et al. (2021) an ATC model can characterize 

the annual cycle of LST. This is achieved by approximating the climatological mean LST for each 

day across a year, along with a day-specific anomaly influenced by meteorological, vegetation, and 

human activities (e.g., NDVI, relative humidity and human mobility) (Bechtel, 2015). Following Zhu 

et al. (2022), the ATC model is approximated by a cosine function and a constant term as presented 

in Equation 6.2. 

Ὕȟ Ὀὕὣ ὓὃὛὝὣὃὛὝ ὧέί Ὀὕὣ  —   (6.2) 

Here, Ὕȟ  denotes the LST calculated from the ATC model, Ὀὕὣ refers to the day of year, ὓὃὛὝ 

represents mean annual LST, ὣὃὛὝ indicates the yearly amplitude of LST, and ɗ signifies the phase 

shift. Due to the 16-day temporal resolution of Landsat 8 and the influence of cloud cover, the number 

of available LST measurements from Landsat 8 in a single year is insufficient for fitting the ATC 

model. Consequently, all Landsat LST images spanning the period 2013-2022 were collectively 

utilized to fit the ATC model in this study. Conversely, for Sentinel 3, all available daytime and 

mailto:metsat@met.kishou.go.jp
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nighttime data in the prediction year (2022) were employed for ATC model fitting. The three ATC 

model parameters (MAST, YAST, and ɗ) for each pixel were determined from Equation 6.2. 

Subsequently, the ATC-based reference LST was computed for each missing pixel on the respective 

base dates using the ATC model. 

 

Figure 6.4: Illustration of fitting the Annual Temperature Cycle (ATC) model for pixel corresponding 

to 22.76°N, 144.04°E using (a) all available Landsat LST measurements spanning from 2013 to 2022 

and (b) Sentinel-3 day and nighttime LST data encompassing all available data in 2022. 

DTC model 

For optimization of fine scale hourly LST data on the prediction date, this study capitalized on the 

fine temporal resolution of Himawari-8 geostationary satellite. Thus, the DTC model suitable for 

characterizing the diurnal cycle of LST, was utilized for the reconstruction of missing pixels in 

Himawari-8 data. This model accounts for the mean LST for each hour of the day across the 24-hour 

period, incorporating hour-specific anomalies influenced by meteorological, vegetation, and human 

activities (e.g., NDVI, relative humidity and human mobility). The DTC model, proposed by Inamdar 

et al. (2008), was applied due to its stable fitting accuracy compared to other DTC models Duan et al. 

(2012). The model represents the daytime LST change Ὕȟ ὝὕὈ  and nighttime LST decay 

accordingly Ὕȟ ὝὕὈ as presented in Equations. (6.3) ï (6.6): 

Ὕȟ ὝὕὈ Ὕ Ὕὧέί ὝὕὈὸ ȟὝὕὈὸ  (6.3) 
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Ὕȟ ὝὕὈ Ὕ ЎὝ ὝÃÏÓὸ ὸ Ўὸ ȟ ὝὕὈὸ  (6.4) 

Where, 

‫ ὸ ὸ   (6.5) 

Ὧ ὧέὸὸ ὸ
Ў
ὧέίὩὧὸ ὸ   (6.6) 

In the DTC model, Ὕȟ ὝὕὈ and Ὕȟ ὝὕὈ denotes daytime and nighttime LST respectively, 

ὝὕὈ represent time of the day, Ὕ is the temperature around sunrise, ὸ is the time of sunrise, Ὕ 

represents the daily amplitude of LST, ὸ denotes time of the day with maximum LST, ЎὝ is the 

difference between LST at sunrise and minimum LST, and  ὸ indicates sunset time. The fitting of the 

DTC model for each base date was carried out using Himawari 8 retrieved LST for each of the base 

date. Figure 6.5 displays an example of fitting the DTC model for pixels corresponding to 22.76ÁN, 

144.04ÁE on January 6, 2022.  

 

Figure 6.5: Sample Diurnal Temperature Cycle (DTC) model fitting for pixel corresponding to 

22.76°N, 144.04°E using hourly Himawari 8 LST data on January 6, 2022. 
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6.4.3 Estimating LST residual term 

As mentioned above, the ATC and DTC based reference LST represents a climatological mean LST. 

The day and hourly specific residual associated with meteorological, vegetation, and human activities 

(e.g., NDVI, relative humidity and human mobility) between the actual LST and the ATC and DTC 

based reference LST can be expressed as: 

ὝȟȾ‏ Ὕ Ὕȟ Ⱦ      (5.7) 

where ‏ὝȟȾ is the difference between the actual LST and the ATC/DTC based reference LST (see 

Figure 6.4 and Figure 6.5), Ὕ is the actual LST obtained from satellite data, and Ὕȟ Ⱦ  is the 

ATC/DTC based reference LST. Assuming that spatially adjacent data pixels have similar LST 

variations, LST residuals for missing data pixels (‏ὝȟȾ) can be estimated from the surrounding 

similar clear sky pixels. Using the moving window technique, the weighted sum of estimated LST 

residual from the surrounding similar pixel can be used to estimate the residual term of the missing 

central pixel ‏ὝȟȟȾ  can be estimated using Equation 6.8. 

ὝȟȟȾ‏ В ‫Ὕ‏    (6.8) 

 Where ‏Ὕȟ is the difference between actual LST and the ATC/DTC base reference LST of similar 

pixel j, and ‫  represents weight of similar pixel (j). To identify pixels similar to the missing center 

pixel, the standard deviation-based method developed by Gao et al. (2006) was adopted. This method 

selects pixels satisfying Ὕ Ⱦ ȟ  Ὕ Ⱦ ȟ ς „ȾὍ   where Ὕ Ⱦ ȟ  and Ὕ Ⱦ ȟ  is 

the ATC/DTC base reference LST of the adjacent pixel within the moving window and central pixel 

respectively, „ is the standard deviation of the  ὃὝὅȾὈὝὅ LST within the moving window and I is 

the number of class to subdivide pixels. The weight for each similar pixel (‫ ) is a measure of the 

degree of similarity of each similar pixel to the central pixel and thus measured in terms of temporal 

and spatial similarity. Following the study of Gao et al. (2006), the spatial and temporal difference 
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between the jth similar pixel and central pixel c (Ὀ  and Ὀ  can be estimated using Equation 6.9 

and 6.10. 

Ὀ ρ ὼ ὼ ώ ώ Ⱦὡ    (6.9) 

Ὀ Ὕ Ⱦ ȟ Ὕ Ⱦ ȟ       (6.10) 

where ὼ and ώ denotes the pixel location, ὡ signifies the size of the moving window, and Ὕ Ⱦ ȟ 

and Ὕ Ⱦ ȟ represents the base reference LST of the jth pixel similar pixel and the central pixel 

respectively. Since temporal similarity is a measure of the degree of difference between Ὕ Ⱦ ȟ 

and Ὕ Ⱦ ȟ  and the spatial similarity is estimated using the spatial difference of the jth similar 

pixel from the central pixel, Smaller spatial and temporal difference is considered as possessing a 

higher degree of similarity to the central pixel and as a result offering a larger weight. Restricting the 

value of all the weights to between 0 and 1, ‫  is estimated as follows Gao et al. (2006): 

‫ ρȾύ ȾВ  ×ÈÅÒÅ ύ Ὀ ÌÎ ρ Ὀ     (6.11) 

6.4.4 LST Optimization  

This stage involves the prediction of hourly fine scale LST on the prediction date. Literature revealed 

two broad approach to LST optimization; The first approach utilizes pairs of fine and coarse-scale 

LSTs (FnCs) from at least two base dates, along with coarse-scale LST on Ὠ to predict fine-scale 

LST on ὨȢ  Examples include ESTARFM (Zhu et al., 2010), SADFAT (Weng et al., 2014), and 

EASTARFM (Januar et al., 2020a). The second approach combines a pair of fine and medium-scale 

LST (FnMs) on one base date with a pair of medium and coarse-scale LST (MnCs) on another base 

date, along with coarse-scale LST on Ὠ to predict fine-scale LST on Ὠ as seen in STITFM (Wu et 

al., 2015). The strength of the first approach lies in considering land use change within the base and 

prediction dates, facilitated by a scale function such as the Annual Temperature Cycle (ATC) model 
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used in SADFAT. However, a limitation is the significant scale gap between fine and coarse-scale 

LSTs, which can be as high as 1:50 (Landsat-8:GOES satellite) or 1:20 (Landsat-8:Himawari -8) 

depending on the satellite sources. The second approach bridges the large-scale gap between fine and 

coarse-scale LSTs by introducing medium-scale LST data. For instance, introducing medium-scale 

LST from Sentinel 3 satellite reduces the ratio to 1:10:20. Nonetheless, a limitation is the reliance on 

only one pair of fine-scale LST, potentially missing land use changes not captured by medium-scale 

LST between base and prediction dates.  

The optimization process for diurnal LST prediction in this study (ISFAT) is divided into two stages: 

optimizing fine-scale LST on the prediction date and optimizing hourly fine-scale LST on the 

prediction date Ὠ .  Adopting a hybrid approach, ISFAT will leverage the method that uses multiple 

pairs of FnMs to predict fine-scale LST on the Ὠ, while employing the framework that uses pairs of 

fine, medium, and coarse-scale LST for diurnal prediction.  

ὝȟὨ  ὝȟὨ В ύ ὺ ὝȟὨ ὝȟὨ    (6.12) 
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6.4.5 Refinement 

Although previous methods like SADFAT and STITFM attempted to reduce bias in fine-scale 

predictions by incorporating information from spectrally similar surrounding pixels and introducing 

conversion coefficients, they were unable to completely capture the bias (Wu et al., 2015). This 

inefficiency stems from factors such as the incorrect selection of neighboring pixels with similar 

spectral characteristics and the omission of key variables like elevation, wind speed, and humidity 

differences across the study area (Quan et al., 2018; Wu et al., 2015). These factors impact the model's 

accuracy, leading to either overestimation or underestimation of prediction results (Wu et al., 2015).  
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In this section, we address the resulting bias in model predictions by minimizing it through the 

estimation of model residuals and redistributing them back into the model prediction. The summation 

of fine-scale LST within a medium-resolution pixel should ideally equal the medium-scale LST value 

plus any systematic bias introduced by sensor differences. Thus, as described in Equation 6.14, the 

residual resulting from the LST fusion model can be captured at a coarse or medium scale from the 

difference between fine and medium-scale LST on the base and prediction dates.  
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Given that the estimated residual is captured at a coarse scale, we leverage the inverse distance 

weighting (IDW) method integrated with spatial autocorrelation to distribute them to the predicted 

fine-scale LST on Ὠ. Initially, we estimate the empirical variogram from coarse-scale residual data 

to understand their spatial autocorrelation. This information guides the derivation of variogram-based 

weights for each residual, taking into account both distance and spatial relationships with surrounding 

residuals. By adjusting the IDW weighting formula to incorporate these variogram-based weights, we 

ensure that spatial autocorrelation influences the distribution process. Using this modified IDW 

approach, we distribute residuals to the predicted fine-scale LST data, considering both local and 

global spatial patterns captured by the variogram. This approach to residual distribution helps mitigate 

the block effect that might arise from directly adding the residual (Quan et al., 2018). 

6.4.6 Accuracy Assessment  

6.4.6.1 Accuracy Assessment of Reconstruction Method 

The accuracy of the newly introduced ATC/DTC-based reconstruction method in this study was 

compared with the Random Forest (RF) based method developed by Zhao and Duan (2020) and the 

estimated temperature differences (ETD) method by Yao et al. (2023). The RF-based method employs 

a revised version of the LST linking model proposed by Zhao et al. (2019a), utilizing RF regression 

to reconstruct missing pixels. This model incorporates several variables influencing LST, including 
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NDVI, EVI, solar radiation factor, albedo, elevation, slope, and latitude. In contrast, the ETD method 

relies solely on LST data and calculates the difference between the missing pixel and the LST value 

from two adjacent days. A dynamic moving window is employed around the missing pixel until two 

temporally similar pixels are identified, and the missing pixel's LST value is estimated from the 

weighted average of the surrounding pixels' LSTs. 

These two methods were selected due to their demonstrated higher accuracy compared to other 

methods. The ETD method outperformed Remotely Sensed Daily Land Surface Temperature 

Reconstruction (RADAST) and Interpolation of Mean Anomalies (IMAs) methods developed by Sun 

et al. (2017) and Militino et al. (2019), respectively. Similarly, the RF-based method achieved a 

relatively low RMSE of up to 1.35K when reconstructed data was compared against GLDAS LST 

data (Zhao & Duan, 2020). Additionally, the RF-based method incorporates auxiliary data for LST 

reconstruction, while ETD relies solely on LST data. The accuracy assessment was conducted over a 

15 by 15 kilometers area covering the Kowloon district and Hong Kong Island, considering the two 

distinct development regions within the study area as presented in the histogram and standard 

deviation of LST distribution of the two area (see Figure 6.6). Both daytime and nighttime images 

were reconstructed, and the performance of each model was evaluated in terms of processing time 

and prediction accuracy using R-square, RMSE, and mean average error. The evaluation was carried 

out by artificially introducing missing data at varying cloud cover percentages (ranging from 10% to 

90%) over Landsat, Sentinel-3, and Himawari-8 LST data. The reconstructed LSTs were then 

compared to the original cloud-free data. As Landsat data is only available during the daytime, the 

evaluation of nighttime performance considered only Sentinel-3 and Himawari-8 retrieved LSTs. 
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Figure 6.6: Spatial distribution map of two regions, each measuring 15 km × 15 km, within Hong 

Kong (a), showing the cloud-free Landsat 8 LST of the subregions: (b) Kowloon district and (c) Hong 

Kong Island. Histograms illustrating the LST distribution in each region: (d) Kowloon and (e) Hong 

Kong Island. 

6.4.6.2 Assessment of Accuracy of Fusion Model 

The newly introduced reconstruction method was integrated into the fusion approach (ISFAT) 

alongside the estimation of model residual and the performance of the improved model was compared 

against contemporary fusion models, including STITFM and SADFAT, over the entire study area. 

Subsequently, the diurnal Land Surface Temperature (LST) pattern of the study area was predicted. 

In the absence of in-situ LST data in the study area, the accuracy of the models was evaluated based 

on studies by Weng et al. (2014) and Bai et al. (2015). This evaluation involved comparing the 

optimized LST data with LSTs obtained from the original Landsat-8 imagery. Metrics such as Root 

Mean Square Error (RMSE), correlation coefficient (r), Mean Difference (MD), Mean Absolute 

Difference (MAD), and the percentage of missing data in the final prediction were employed for this 

assessment. 
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Due to the unavailability of fine-scale LST data at an hourly resolution, the accuracy assessment of 

the optimized hourly LST was based on its comparison with the relative air temperature from an 

Automated Weather Station (AWS) (æAT). An AWS with a lower temperature served as the reference 

station, and the temperature value from this station was subtracted from measurements at other 

stations to compute æAT. Similarly, the optimized LST value corresponding to this reference AWS 

location was used as a baseline to compute æLST for various satellite sensors. The correlation 

coefficient (r) and coefficient of determination (Ὑ) of æLST and æAT were subsequently used to 

measure the accuracy of the optimized LST data. The study of Siu and Hart (2013) suggested the use 

of TKL as the preferred reference rural site for UHI and LST analysis in HK. This is based on the 

local climate zone the station is classified (Dispersed Low-Rise (BCZ10)) and its relatively low 

temperature. Further evaluations of hourly LST predictions involved comparisons across urban, 

suburban, and rural stations. Following the insights from Siu and Hart (2013), HKO was chosen as 

the urban reference, while CC and LFS stations were designated as suburban and rural reference 

points, respectively. 

6.5 Results 

6.5.1 Accuracies and processing times of Ts reconstruction 

Comparing the performance of ATC/DTC, RF, and ETD methods for reconstructing missing LST 

pixels across different scales (fine, medium, and coarse) from Landsat-8, Sentinel-3, and Himawari-

8 sensors over Kowloon and Hong Kong Island reveals the consistent superiority of the ATC/DTC 

method over RF and ETD. The ATC/DTC method consistently outperformed RF and ETD for fine 

and medium scale LST reconstruction from Landsat-8 and Sentinel-3 data, with average R-square 

values of 0.88, 0.91 (Landsat-8) and 0.91, 0.93, 0.95, 0.97 (Sentinel-3) for daytime and nighttime 

LSTs, respectively. Conversely, ETD yielded lower average R-square values of 0.86, 0.90 (Landsat-

8) and 0.90, 0.91, 0.95, 0.93 (Sentinel-3), while RF showed the least performance with R-square 

values of 0.85, 0.88 (Landsat-8) and 0.88, 0.90, 0.89, 0.88 (Sentinel-3) for daytime and nighttime 
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reconstructions. These results suggest that the ATC/DTC method is a robust gap filling method over 

fine scale LST data. ETD has a lower performance compared to ATC/DTC method because the 

strength of ETD method is in ability to estimate the relative temporal difference of the missing pixel 

from pixel values from adjacent dates. However fine scale LST like Landsat have high temporal scale 

(16 days) which could lead to high bias in the ETD LST reconstruction. The inferior performance of 

the RF based method also could be as a result of error propagation resulting from aggregating 

predicting variables like solar radiation retrieved from cumulative downward shortwave radiation 

flux (DSSF) at 5km spatial resolution, ALOS 30m, and others 100m (NDVI, EVI, ALB and Slope) 

that are used in fitting the linking which are all collected at different resolution before being resampled 

to fine and medium scale for Sentine-3 and Landsat-8 reconstruction respectively. 

For Himawari-8 sensor, the RF-based method outperformed ATC/DTC and ETD methods, recording 

an R-square of 0.91, 0.91, and 0.95, 0.93 in daytime and nighttime, respectively, and 0.92 over the 

sampled Kowloon district and Hong Kong Island. This is attributed to the additional complementary 

data employed by the RF method compared to ATC/DTC and ETD methods, which rely solely on 

LST data. However, the accuracy of the ATC/DTC method remains comparable, with an R-square of 

0.89 and 0.90 across varying missing pixel ranges. The accuracies of reconstructing daytime Ts were 

lower than those of reconstructing nighttime Ts due to the significant influence of solar radiation, 

vegetation cover, and land cover types during the day. The accuracies of the reconstruction methods 

decrease as the percentage of missing data increases, with all methods recording highest accuracy at 

10% missing data and lowest at 90% missing data (See Appendix A, Tables A1-A3). 
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Table 6.2: Comparison of ὶ of the three methods for reconstructing missing pixels in fine-scale 

Landsat 8 LST data, medium scale Sentinel-3 LST and coarse scale Himawari-8 LST on October 21, 

2022  

Landsat-8 Sentinel-3 Himawari-8  

RF ETD ATC/DTC RF ETD ATC/DTC RF ETD ATC/DTC 

Daytime 

(10:00) 

Kowloon 0.85 0.86 0.88 0.88 0.9 0.91 0.91 0.87 0.89 

HK Island 0.88 0.90 0.91 0.9 0.91 0.93 0.91*  0.88 0.91*  

Nighttime 

(22:00) 

Kowloon - - - 0.89 0.95*  0.95*  0.95 0.91 0.92 

HK Island - - - 0.88 0.93 0.94 0.93 0.9 0.9 

  

The processing times of the three reconstruction methods as presented in Figure 6.7 revealed that the 

processing time of ETD based model however is comparable to that of the ATC/ DTC method as both 

methods are solely based on LST data by capitalizes on information from surrounding similar pixel. 

However, ATC/DTC base method has the fastest processing time. This is due to the fact that the 

ATC/DTC base LST is used to fill the missing pixels with the estimation of residual only aimed at 

improving the accuracy of prediction takes less time to process compared to RF based model which 

have to optimize accuracy of the missing data through several number of iterations in the RF 

regression model.  

 

Figure 6.7: Average Processing time for reconstructing missing data in LST of sampled region 

(Kowloon and HK Island) for the different methods.  
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6.5.2 Fine Scale LST Prediction on prediction date 

6.5.2.1 Reconstruction of Missing LST Pixels on Base Dates 

To predict fine-scale LSTs for the target date (Ä), we needed pairs of FnMs LSTs collected on at 

least two base dates, along with a medium-scale LST obtained on the prediction date. Quan (2022) 

suggested using base dates closest to the prediction date for optimal comparability. Hence, we selected 

dates with pairs of fine and medium-scale LSTs featuring cloud cover < 70%. After analyzing our 

collected data, outlined in Table 6.3, we found that fine-scale LSTs from Landsat 8 (L8) on base dates  

Ä  and Ä  ad 6.4% and 3.7% missing data, respectively. Sentinel 3 (S3) medium-scale data on  

Ä and Ä had 45.70% and 30.32% missing data, while Himawari 8 (H8) coarse-scale LSTs on d_p 

had 3.10% missing pixels. Subsequently, we utilized the ATC/DTC method to reconstruct the missing 

data, achieving seamless prediction of the LST values for the missing pixels, as depicted in Figure 

6.8. 

Table 6.3: Percentage of missing data in base date LSTs  

Date ID  Acq. date Time of day % missing L8 Missing S3 Missing H8 

Ἤ 06/01/2022 10:48 6.4 45.70 - 

Ἤ 11/03/2022 10:48 3.7  0.00 - 

Ἤ 21/10/2022 10:48 0.00 0.00 0.00 

ἬἸ 24/12/2022 10:48 0.00 30.32 3.10 

 

Figure 6.8: LST map of study area on base dates containing missing data (row 1) and reconstructed 

LST with all gap filled (row2). 












































































































































































































