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ABSTRACT 

The main objective of this study is to define optically different water types 

and monitor Water Quality Parameters (WQPs) i.e. Chlorophyll-a (Chl-a) and 

Suspended Solids (SS) over the complex coastal environment of Hong Kong at 

high spatial resolution of 30 meters and temporal resolution of 1 to 2 days using 

remote sensing. For this purpose 13-years (January 2000 to December 2012) of 

satellite observations from two different platforms including Landsat Thematic 

Mapper (TM), Enhanced Thematic Mapper Plus (ETM+) and Chinese HJ-1 A/B 

Charge Couple Device (CCD) sensors, and in situ measurements are used. 

In order to increase the combined usability of two different satellites, a 

cross comparison of the respective sensors is carried out to check their mutual 

consistency. The results show a high degree of consistency between the sensors, 

especially for the first three bands where the correlation is ≥ 0.93, while band 4 

obtained a correlation of 0.80, probably due to the difference in the relative 

spectral response function of the sensors. For accurate monitoring of WQPs over 

the study area, an accurate satellite estimation of water Surface Reflectance (SR) 

is required. Therefore, this study evaluated the performance of five atmospheric 

correction methods, namely 6S (Second Simulation of the Satellite Signal in the 

Solar Spectrum), FLAASH (Fast Line-of-sight Atmospheric Analysis of Spectral 

Hypercubes), ATCOR (ATmospheric CORection), ELM (Empirical Line Method) 

and DOS (Dark Object Subtraction). The estimated SR of the first four reflective 

bands of Landsat 7 ETM+ and the identical bands of the HJ-1 A/B CCD sensors 

are validated using in situ Multispectral Radiometer (MSR) SR measurements 

over different types of surfaces including the water surface. For comparison 

purpose, the new standard Landsat SR product LEDAPS (Landsat Ecosystem 

Disturbance Adaptive Processing System) was also evaluated using the in situ 

measured SR data. 
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The  first four bands of Landsat TM/ETM+ and HJ-1 A/B CCD sensors 

were atmospherically corrected and used in conjunction with the in situ Chl-a 

and SS concentrations for clustering and delineation of water zones. The results 

based on Fuzzy C-Means clustering suggested the existence of five optically 

different water types in the study area, and the boundary was delineated using 

ordinary point kriging. 

Finally, linear Regression Modeling (RM) and Neural Network (NN) 

techniques were used for the modeling of Chl-a and SS concentrations. For 

modeling of Chl-a concentrations using RM, the results suggest that a ratio of red 

and blue bands was able to represent 84% of the spatial variability in Chl-a 

concentrations in the complex coastal and estuarine waters surrounding Hong 

Kong, and was superior to the use of single bands and other band ratios. The 

effectiveness of this band ratio can also be attributed to the existence of specific 

phytoplankton species associated with Hong Kong waters. The NN results were 

also insightful and were  able to solve the non-linearity of the Chl-a 

concentrations, and explaining up to 93% of the variability. Furthermore, Chl-a 

concentrations in the coastal region of Hong Kong can reliably be predicted over 

a wide range including low to high turbidity conditions, as well as severe 

pollution events such as red tides. 

For the modeling of SS concentrations using RM, the log-transformed 

combination of green and red bands was found to be able to capture both the 

spatial and temporal variability of SS concentrations over the complex coastal 

environment of Hong Kong. The NN also performed well in capturing the non-

linearity and modeled the SS concentrations with a high correlation of 91% for 

the training dataset and was the best method than RM. 

In this study, the devised models are robust as they have the ability for 

better monitoring of Chl-a and SS concentrations and captured up to 93% of the 

spatial variability for the complex coastal environment of Hong Kong. The 

models’ robustness can be attributed to the use of an extensive satellite (13-year 
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record) and in situ collocated dataset for model development, and in addition, 

images from different years and months enabled the investigation of temporally 

variable Chl-a and SS concentrations over the study area. The results 

demonstrate the applicability of the models for synoptic retrieval of spatially 

variable concentrations around the complex coastal waters of Hong Kong. The 

results suggested that the approach outlined in this study can be used for routine 

water quality monitoring by the local environmental agencies and can be applied 

to other complex coastal regions. 

Keywords: Coastal Water; Chlorophyll-a; Suspended Solids; Red Tides; Fuzzy 

Clustering; Water Quality Modeling; Hong Kong  
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Chapter 1 

Introduction 

 

1.1 Rationale 

Coastal waters are defined as the water bodies connected with sea, and 

within which seawater mixes with fresh water from land drainage (Harding et 

al., 2002). Coastal waters are productive and sensitive ecosystems which are 

significant for economy of a country as they are used for recreation, tourism, 

fishing and aquaculture. Recently they have become subject to severe 

environmental pressures in the form of pollutants from urban sewage, industrial 

waste and agricultural run-off. These pollution sources ultimately affect the 

marine ecosystem and public health. Therefore, there is a need to monitor 

coastal waters to prevent their degradation. 

Generally the term water quality refers to the condition of water, related 

to its biological, chemical and physical characteristics with respect to its 

suitability for a specific purpose such as drinking, swimming or sports activities 

(Diersing, 2009). There are specific standards for water quality against which 

compliance can be assessed. The most common standards used to assess water 

quality are related to safety of human contact, drinking water and health of the 

ecosystem. The biological productivity of coastal waters is measured in terms of 

Chlorophyll-a (Chl-a) concentration, while physical and chemical properties are 

determined from the concentration of Suspended Solids (SS). Therefore, it is 

important to have the knowledge of these Water Quality Parameters (WQPs). 

Chl-a is a measure of the phytoplankton biomass and serves as an health 

indicator of the marine ecosystem, while SS is the non-dissolved matter related 

to the primary productivity of the water body, sediment transport and more 
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specifically, water clarity. The main objective in understanding the dynamics of 

coastal regions is to improve the coastal management by reducing the 

anthropogenic factors. Understanding the processes operating over extensive 

areas of coastal waters  requires the coordinated use of different data sets such 

as in situ, remote sensing and numerical modeling data. Among these, remote 

sensing data sets are increasingly available for coastal water quality applications 

as they combine a synoptic viewpoint with ability to measure energy from water 

surfaces in different spectral regions. 

There are several satellite sensors specifically designed for monitoring of 

coastal and oceanic waters. The estimation of a certain WQP (e.g. Chl-a or SS 

concentration) using remote sensing, depends on the sensor’s characteristic 

sensitivity to certain wavelengths or spectral bands. In complex coastal regions, 

because the concentration of water constituents is spatially variable, 

conventional methods for studying water quality by point sampling are 

expensive, time consuming and spatially incomplete. Remote sensing is therefore 

important in providing a synoptic view for detailed retrieval over large regions. 

Hong Kong has a complex marine environment due to terrestrial 

discharges from the Pearl River Delta (PRD) in the west, urban pollutants  in the 

centre and the clearer waters of the South China Sea in the east. Monitoring this 

complex near-shore environment requires retrieval of WQPs such as Chl-a and 

SS concentrations at high spatial and temporal resolutions. The Environmental 

Protection Department (EPD) of Hong Kong expends considerable time and cost 

for in situ sampling of WQPs, yet the data are both spatially and temporally 

incomplete. For example, sampling from 76 locations around Hong Kong from 

ten Water Control Zones (WCZ) consumes one month's labour-intensive 

fieldwork whereas all the WCZs can be covered in a single satellite scene on a 

single date. Furthermore, there is now a large archive of Landsat and Chinese HJ-

1 A/B images available making it possible, to obtain adequate good quality 

scenes for comparison with available water samples. Since EPD has maintained a 

comprehensive water quality database since 1986, there are now many in situ 
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samples available within a narrow time window of Landsat and HJ-1 A/B scenes, 

giving opportunity to develop accurate and robust retrieval models. 

Currently, there is a lack of standard methods for coastal water quality 

monitoring in Hong Kong using remote sensing, as previous studies (discussed in 

Chapter 2) are limited in certain aspects i.e. they have used coarse spatial 

resolution satellite sensors, have used single or few dates for model development, 

and have not validated the developed model using independent samples. Also the 

EPD has divided the Hong Kong waters into ten WCZs based on convenience of 

the water sampling locations for easy access, rather than division based on 

different optical water types found over the region. In these spatially complex 

coastal waters any model developed may not be applicable to all possible water 

quality conditions encountered, due to the variable water types in the region. 

Therefore, the best strategy is to develop a separate model for each water type. 

Based on the deficiencies identified in previous studies specific to the coastal 

waters of Hong Kong, the objectives of this study are outlined below. 

1.2 Research Objectives 

The primary objectives of this study are to: 

 Classify the coastal waters of Hong Kong into different optical 

water types and define the optimum water zones for accurate 

satellite-based water quality estimation. 

 

 Develop robust remote sensing models for estimation of 

Chlorophyll-a and Suspended Solids concentrations at medium 

spatial resolution of 30 m, and high temporal resolution of 1-2 

days, to characterize the spatial variability of water quality over 

Hong Kong. 
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The secondary objectives of this study are to: 

 Evaluate the mutual consistency of Landsat with HJ-1 A/B sensors, 

since their combined use is able to improve the temporal 

resolution. 

 

 Evaluate different atmospheric correction models and the Landsat 

surface reflectance product in an urban coastal environment of 

Hong Kong. 

 

 Model the zone specific (local) Chl-a and SS concentrations for 

comparison of accuracies between local and global retrieval levels.  

1.3 Dissertation Overview 

Chapter 2 discusses the background of the study including 

characterization of waters, usage of remote sensing for water quality monitoring, 

atmospheric effects on satellite imagery, overview of potential water quality 

monitoring sensors and a summary of the previous remote sensing based studies 

over the Hong Kong region. 

Chapter 3 describes the study area and the data used, including satellite 

imagery from Landsat and Chinese HJ-1 A/B sensors, the in situ measurement of  

WQPs, as well as the surface reflectance data collection using a hand held 

spectrometer for evaluation of the atmospheric correction methods. 

Chapter 4 provides the research methodology for (i) comparison of 

Landsat and HJ-1 A/B sensors, (ii) selection of a suitable atmospheric correction 

method, (iii) defining the optically different water types for coastal waters of 

Hong Kong, (iii) development of the global models for estimation of Chl-a and SS 
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concentrations, and (iv) development of the local, zone specific models for 

estimation of Chl-a and SS concentrations. 

Chapter 5 presents the results including an inter-sensor comparison 

between Landsat and Chinese HJ-1 A/B sensors, evaluation of different 

atmospheric correction methods, clustering for defining the optically different 

water types, validation of the global Chl-a and SS concentrations estimation 

models, and validation of the zone specific (local) Chl-a and SS models. 

Chapter 6 presents the summary and conclusions of this study.  
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Chapter 2 

Background of Study 

 

Water covers two-third of the earth's surface and supports abundant 

living organisms and natural resources. The optical properties of water are 

affected by organic substances, phytoplankton and suspended materials, and on 

the basis of these parameters the waters are characterized as Case 1 and Case 2 

(Morel & Prieur, 1977). Case 1 waters are phytoplankton dominated and 

referred to as open ocean waters, while all the others are referred to as Case 2 

waters, including coastal and inland waters. Case 2 waters are more complex 

than Case 1 and contain yellow substance and suspended matter in addition to 

phytoplankton (Matsushita et al., 2012). Figure 2.1 shows the Case 1 and Case 2 

water in terms of their optical properties and concentrations of yellow substance, 

phytoplankton and suspended materials. Coastal waters are productive and 

sensitive marine ecosystems whose effective monitoring and management is an 

important task for local environmental agencies for protecting and conserving 

marine resources. 

Chl-a is a pigment found in all plants and algae. In coastal productive 

waters, Chl-a is an important WQP (measured in micro gram per liter, µg/l) 

which provides food to aquatic life. It also indicates pollution from high nutrient 

inputs from land drainage. Of these, phosphorus and nitrogen are the main 

factors which enhance the growth of algae and ultimately reduces oxygen 

availability for marine organisms. In extreme cases eutrophication leads to the 

formation of algal blooms. Therefore, measuring Chl-a as an indicator of algal 

biomass can help in assessment of water quality (Liu et al., 2003). 



Background of Study  Chapter 2 

 

28 

 

Figure 2. 1: The relative contribution of phytoplankton (P), yellow substance (Y) 

and suspended sediments (S) to Case 1 and Case 2 waters. (After IOCCG 

report#3, 2000). 

SS are defined as the particles larger than 2 microns, found in water 

column and mostly comprise inorganic materials (EPA, 2012). Measured in 

milligrams per liter of water (mg/l), suspended solid concentrations and total 

suspended solid readings are based on filtered and dried water samples. The 

main difference between total suspended solid and suspended solid 

concentrations is in the amount of water sample analyzed. After filtering a water 

sample with a 2 µm filter, the particles are dried and weighed to determine 

suspended solids. When an entire sample is filtered, dried and weighed, the 

American Society for Testing of Materials (ASTM) considers the measurement to 

be the suspended solid concentration (Qizhong Guo, 2006). If a water sample is 

further sub-sampled, the subsequent mass measurement will be the total 

suspended solids measurement (Glysson et al., n.d.). 

2.1 Remote Sensing of Water Quality 

Using remote sensing, water is easy to detect compared to other features, 

such as soil and vegetation. Based on the absorption and reflection properties, 

the blue wavelength can penetrate more deeply in clear water than any other 
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wavelength (Figure 2.2) and more likely reflected back (Jiang, 2014). That's the 

reason a water body looks blue as the blue wavelength is strongly reflected back 

from the water surface. There is an increase in absorption with the increase in 

wavelength and almost total absorption in red and near-infrared wavelengths. 

 

Figure 2. 2: Absorption of different colors (wavelengths) by clear water. (image 

curtsey Kennesaw State University). 

The estimation of a WQP using remote sensing depends on its 

characteristic sensitivity with certain wavelengths. The sensitive range for Chl-a 

estimation has been suggested as 0.4 – 0.9 μm (Gin and Koh, 2002). The band 

arithmetic Chl-a retrieval algorithms use the primary and secondary absorption 

maxima of Chl-a at 0.442 μm and 0.665 μm due to absorption by algal pigments 

and dissolved organic matter (Gitelson and Garbuzov, 1993), and reflectance 

maxima at 0.68 μm due to its florescence emission (Gower et al., 1999) and at 

0.70 μm due to minimum absorption of phytoplankton, particulate matter, 

dissolved matter and water (Odermatt and Gitelson, 2012). Clear water reflects 

less than the turbid water. The higher concentration of the suspended matter 

increases the water reflectance in the whole visible spectrum, especially in the 
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red and Near Infrared (NIR) regions where clear water tends to absorb the 

radiations. 

When studying water quality using remote sensing, it should be 

considered that the interaction of Electromagnetic Radiations (EMR) is affected 

by the sensor viewing and illumination angles, especially when the water surface 

is not completely flat. The double interaction of light (from sun to the target and 

then from target to the sensor) with the atmosphere also poses a significant 

effect on the final detected signal (Lu et al., 2002), therefore before deriving any 

results from remotely sensed imagery an effective atmospheric correction 

method is necessary. 

2.2 Atmospheric Effects on Satellite Imagery 

Earth’s atmosphere, composed of different gasses e.g. Nitrogen (78%), 

Oxygen (21%), Argon (1%) and variable concentration of other minor 

components, has always been a great concern in remote sensing. The EMR signal 

received by the remote sensing sensor passes through the atmosphere twice i.e. 

from sun to target and from target to the sensor (Figure 2.3). During this process 

the signal strength is affected by absorption and scattering, and this atmospheric 

interference is high when target is a non-bright surface such as water. 

Absorption occurs when the EMR intermingles with water vapors, carbon 

dioxide and some other atmospheric gases, this reduces the strength of the signal, 

hence it is called a multiplicative factor of the signal (Lu et al., 2002). Scattering 

is most likely to occur due to the interaction of gas molecules/aerosols with EMR 

and redirects the incident signal from its actual path, therefore it is called an 

additive factor in the signal strength (Slater, 1980). The atmospheric scattering, 

affects much the visible bands while has very small effect on NIR bands (Chavez, 

1988).  
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Figure 2. 3: Schematic of atmospheric attenuation of the electromagnetic energy 

while going from sun to target and then to the sensor. 

The spectral radiance measured by satellite sensors is affected by 

absorption and scattering by atmospheric particles. Therefore, to obtain constant 

and accurate ground signatures it is necessary to remove atmospheric artifacts 

using an efficient and reliable atmospheric correction method. Atmospheric 

correction is important when using ratio transformations e.g. the Normalized 

Difference Vegetation Index (NDVI) (Song et al., 2001) as well as applications 

dependent on subtle differences in the Surface Reflectance (SR) such as crop 

phenology, or the retrieval of WQPs. Numerous methods for atmospheric 

correction of satellite images have been presented (Chavez, 1988; Furby and 

Campbell, 2001; Song et al., 2001; Yang and Lo, 2000). These fall into two types, 

namely physical methods including LOWTRAN (Low resolution atmospheric 

TRANsmission), MODTRAN (Moderate resolution atmospheric Transmission) 

and 6S (Second Simulation of the Satellite Signal in the Solar Spectrum), and 

image based methods including DOS (Dark Object Subtraction) and the ELM 

(Empirical Line Method). Physical methods use a Radiative Transfer Model (RTM) 
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to estimate SR while image based methods obtain relevant parameters from the 

image. 

The Landsat series of satellites has been monitoring the Earth for more 

than four decades. In order to increase the comparability of Landsat data over 

space and time as well as to compare with other sensors, a SR product was 

developed by National Aeronautics and Space Administration (NASA) Goddard 

Space Flight Center (GSFC) and the University of Maryland, in 2006 (Masek et al., 

2006) for Landsat Thematic Mapper (TM) and Enhanced Thematic Mapper Plus 

(ETM+) datasets (Feng et al., 2013). The Landsat SR products are generated from 

specialized software called the Landsat Ecosystem Disturbance Adaptive 

Processing System (LEDAPS). The method uses the 6S RTM to generate SR for a 

Landsat scene using a global dataset of water vapor, ozone, geopotential height 

and digital elevation (USGS, 2013) and aerosol optical thickness is extracted 

directly from the Landsat image (Vermote and Saleous 2007).  

A number of studies have examined the efficiency of the LEDAPS SR 

product by comparison with independent data sources (Masek et al. 2006; Ju et 

al. 2012; Ouaidrari and Vermote 1999; Vermote et al. 1997). Most recently 

Maiersperger et al. (2013) used field spectrometer data to evaluate the quality of 

LEDAPS SR at three sites including one grassland area at South Dakota State 

University, and two spectrally brighter arid sites. For the grassland site a total of 

eleven Landsat-5 (L5) and Landsat-7 (L7) scenes were matched to coincident 

spectrometer data from 2003 to 2010. For grassland the differences between 

satellite and ground measurements for any particular day were in the range of 

0.0 to 3.6 percent reflectance for each band. For the spectrally brighter sites, five 

scenes were matched with coincident spectrometer data and the differences 

between LEDAPS SR and spectrometer measurements were greater than for 

grassland, within 6 percent reflectance for all match ups except one which 

increased to 12 percent. The better results for the grassland sites, suggest the 

dependence of LEDAPS SR on the presence of adequate Dense Dark Vegetation 

(DDV) cover near the area of interest. 
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Maiersperger et al. (2013) also evaluated the temporal stability of 

LEDAPS SR for two of the CEOS (Committee on Earth Observation Satellites) 

pseudo invariant calibration sites, Algodones Dunes and Libya-4. For Algodones 

Dunes, 83 L5 TM scenes from 2002-2010 and for Libya-4, 57 L5 TM scenes from 

2000-2010 were compared with ground measurements collected on February 27, 

2011. The overall LEDAPS SR uncertainty was reported to be within 3% (for 

bands 1-4 and 7) and 4% for band 5. 

Thus, although LEDAPS has already been validated (Ju et al. 2012; 

Maiersperger et al. 2013), this was over large continental landmasses which are 

far from the sea or large water bodies. The accuracy of the operational LEDAPS 

SR product over the varied atmospheric conditions and subtropical coastal 

region of Hong Kong needs to be validated before using it for estimation of the 

WQPs. 

2.3 Overview of Potential Water Quality Monitoring Sensors 

There are certain satellite sensors specifically designed for the monitoring 

of coastal and oceanic waters. The Nimbus-7 satellite, launched in 1978 was the 

first satellite to carry the Coastal Zone Color Scanner (CZCS) who's primary 

objective was to observe ocean color, temperature and the suspended matter in 

the water column. The Marine Observation Satellite, MOS-1 was launched by 

Japan in 1987, followed by its successor MOS-1b in 1990, was also useful for the 

study of water resources as well as land (Dassenakis et al., 2012). The Sea-

viewing Wide Field-of-view Sensor (SeaWiFS) on board the SeaStar spacecraft 

(launched in 1997) was an advanced sensor designed for ocean monitoring. The 

Medium Resolution Imaging Spectrometer (MERIS) was launched in 2002 on-

board the Envisat platform with primary objective of ocean color monitoring, but 

atmospheric and land applications were also studied. Moderate resolution 

Imaging Spectro radiometer (MODIS) is a next generation, currently operational 

sensor, was launched on-board Terra and Aqua satellites in 1999 and 2002, 
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respectively. The two sensors collectively provide two observations per day and 

their basic purpose is to study land, ocean and the atmosphere. 

The NASA's Aquarius, launched in June 2011 has been designed to 

measure the global sea surface salinity with an accuracy of 0.2 psu (practical 

salinity unit). The Visible and Infrared Imager/Radiometer Suite (VIIRS) is a 

multi-disciplinary instrument, flying on the National Polar-orbiting Operational 

Environmental Satellite System (NPOESS) series of spacecraft. VIIRS is the 

successor to MODIS for Earth science data product generation. The 

Hyperspectral Imager for the Coastal Ocean (HICO) is the first space borne 

hyperspectral sensor designed specifically for studying coastal systems (Lucke et 

al., 2011). HICO was launched on 11 September 2009, docked on the 

International Space Station (ISS), and has been fully operational since 1 October 

2009. 

Many Multispectral Remote Sensing (MSRS) studies for the retrieval of 

Chl-a and SS concentrations have been carried out  using specifically designed 

Ocean Color Sensors (OCS) such as the CZCS at a spatial resolution of 825 m 

(Antoine et al., 1996), the SeaWiFS at 1,130 m (O’Reilly et al., 1998), the MERIS at 

300 m (González Vilas et al., 2011) and the MODIS at 250 m, 500 m and 1,000 m 

(Gitelson et al., 2008). Some studies (Brando and Dekker, 2003; Fraser, 1998; 

Hunter et al., 2010) have also investigated the use of Hyperspectral Remote 

Sensing (HSRS) for studying WQPs in optically complex coastal waters. However, 

since water is highly absorptive, with an at-sensor radiance of 15% or less of 

total received radiance (Brando and Dekker, 2003), the advantage of getting fine 

spectral information is obscured by the lower signal to noise ratio in the narrow 

spectral channels. A recent study by Moses et al. (2012) which used the HICO 

data, suggests that errors in the estimated constituent concentrations in Case 2 

waters can be as high as 80% due to sensor noise. 

Generally, the OCS have good temporal resolution (e.g. 1 to 2 days for 

MODIS) which makes them more suitable for continuous monitoring but with a 
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tradeoff of coarse spatial resolution. The coarse spatial resolution of OCS can 

effectively be used for homogeneous areas of deep ocean but cannot resolve the 

near shore coastal environment of a spatially complex coastal region. Although 

the above mentioned ocean-observing sensors are important for global and 

regional-scale monitoring of ocean pollution and health, but no single sensor 

exhibits the required qualities for monitoring the near shore coastal 

environment. The ideal sensor should have (Table 2.1), high spatial resolution to 

sufficiently resolve the near shore coastal environment, high temporal resolution 

to capture the dynamic nature of water, high radiometric resolution to resolve 

the details in low signal levels, and the availability of data to the community to 

foster research. Many satellites in orbit today exhibit several but not all of these 

characteristics. 

Table 2. 1: Characteristics required for a satellite to monitor the near-shore 

coastal environment. 

 

Monitoring the spatially complex near-shore environment of coastal and 

inland waters such as Hong Kong, needs the retrieval of WQPs at high spatial 

resolution, and a combination of Landsat and Chinese HJ-1 A/B satellites can 

provide the required characteristics those an ideal sensor should have. Although 

L5 TM, L7 ETM+ and Landsat-8 (L8) Operational Land Imager (OLI) sensors, and 

Chinese HJ-1 A/B Charge Couple Device (CCD) sensors are designed for 

terrestrial applications, they are also useful for assessing estuarine coastal 

waters because of higher (30 m) spatial resolution and good radiometric and 



Background of Study  Chapter 2 

 

36 

geometric capabilities. Several studies have explored the possibility of using 

Landsat TM/ETM+ and HJ-1 CCD1 data for the determination of coastal water 

quality, with varying degrees of success (Bagheri and Dios, 1990; Brezonik et al., 

2005; Brivio et al., 2001; Chen et al., 2014; Duan et al., 2007; Fu and Wan, 2011; 

Han and Jordan, 2005; Juan and Zheng, 2011; Kabbara et al., 2008; Keiner and 

Yan, 1998; Lathrop and Lillesand, 1986; Lavery et al., 1993; Mahasandana et al., 

2009; Miller et al., 2011; Pattiaratchi et al., 1994; Sriwongsitanon et al., 2011; 

Tassan, 1993; Wang et al., 2006; Yao et al., 2010; Zhang et al., 2002). These 

studies have shown that Landsat TM/ETM+ and HJ-1 CCD bands contain enough 

information to make quantitative estimates of coastal WQPs such as, Chl-a and SS 

concentrations. 

Recently, other platforms with almost identical resolution and spectral 

bands to Landsat and HJ-1 A/B have become operational such as the Indian IRS-1 

and 2, Thailand Earth Observation Satellite (THEOS), Vietnam Natural Resources, 

Environment and Disaster-monitoring Satellite-1A (VNREDSat-1A) and Deimos 

Imaging's DEMINOS satellite, making detailed coastal monitoring potentially 

viable if robust retrieval models applicable over a wide range of water quality 

conditions can be developed. 

2.4 Previous Remote Sensing Studies 

Using medium resolution (30 m) Landsat and HJ-1 data, various studies 

(Brivio et al., 2001; Duan et al., 2007; Han and Jordan, 2005; Kabbara et al., 2008; 

Mahasandana et al., 2009; Wang et al., 2006) have retrieved the Chl-a and SS in a 

variety of geographical locations and environmental settings by developing 

empirical models. Specific to the PRD and coastal waters of Hong Kong, Zhang et 

al. (2011) used Terra MODIS at 1,000 m and MERIS at 300 m resolution for one 

date (16 May 2008) to estimate Chl-a concentration in the Pearl River estuary 

                                                           
 

1
 For the sack of simplicity unless specified, the "HJ-1 CCD" will refer to all the four sensors i.e. HJ-1A CCD1, HJ-1A CCD2, 

HJ-1B CCD1 and HJ-1B CCD2. 
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based on 13 sampling locations which were three days distant from the image 

date. A study to retrieve Chl-a around Hong Kong by Wong et al. (2008) did use 

concurrent image and ground samples to develop regression models for MODIS 

red (0.659 µm, band 1) and blue (0.470 µm, band 3) bands using 59 ground 

observations. The correlation coefficient (R) of 0.63 with Root Mean Square 

Error (RMSE) of 0.20 µg/l appears reasonably good, but the model was 

developed over a very narrow Chl-a concentration range (0.2 – 4.4 µg/l), no 

validation was conducted, and the spatial resolution of 500 m is regarded as 

inadequate for Hong Kong’s marine environment. 

Chen et al. (2003 and 2004) classified the Hong Kong and PRD region 

waters into five different classes using the Landsat TM image of 22 December, 

1998. They used three classification techniques namely, Maximum Likelihood 

(MLH), Neural Network (NN) and Support Vector Machine (SVM) to recognize 

spatial patterns in water color, and found similar spatial patterns of spectral 

reflectance, with varying classification accuracies, in all classification techniques. 

In classifying the optically different water types they made imprecise 

assumptions in (i) getting actual reflectance values of Landsat TM i.e. used an 

image based atmospheric correction method and no subsequent validation of the 

atmospheric correction results, (ii) defining classes based on only one TM image 

i.e. using one image one cannot pick the variation in water dynamics (iii) 

training/validation of the classification techniques using satellite retrieved 

WQPs i.e. retrieved the Chl-a and SS concentrations from SeaWiFS (1.1 km) and 

NOAA/AVHRR (1.1 km) images, respectively (iv) and in considering that the 

water reflectance was constant over different dates and flushing in the PRD was 

not strong i.e. the time difference between image date and the in situ WQPs data 

collection was 3-12 days (for 66% of the data) and 14-23 days (for 34% of the 

data). But it is reported that in a turbid estuary the water properties can vary 

within ±24 hours (Le et al., 2013) 

Among studies using finer resolution sensors for Chl-a estimation in other 

estuarine and coastal regions, three recent studies have used Landsat TM/ETM+ 
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imagery regressed against water sampling data. These studies have been carried 

out for different geographical locations and environmental settings, including 

Bangpakong River estuary, Thailand (Mahasandana et al., 2009), the coastal 

region of Tripoli, Lebanon (Kabbara et al., 2008) and Pensacola Bay, Florida (Han 

and Jordan, 2005). These studies have suggested the potential of Landsat 

TM/ETM+ imagery to estimate  Chl-a concentrations for near shore coastal 

environments, but were found to be limited in certain aspects, for example (i) the 

Chl-a estimation model was developed for only a single date image, (ii) a wide 

time window was used to select the collocated satellite and in situ water samples, 

(iii) they used a limited number of samples in the model development, and (iv) 

validation of the developed model was not done. 

An empirical model cannot represent the temporal/seasonal variations in 

Chl-a concentrations specific to a study area when it is calibrated using a single 

date image, hence a multi seasonal dataset is always preferable. The effect of 

using a wide time window between the satellite and in situ measured dataset can 

introduce significant error in Chl-a estimation, as coastal water quality varies 

rapidly due to tides and currents (Le et al., 2013). The above mentioned studies 

have used limited numbers of data points e.g. 12, 16 and 34, respectively for 

model development, have used a wide time window of one day, ± 6 hours and 

seven days respectively, and have not validated the models using an independent 

dataset, rather relying on the goodness of the R, i.e. if R was high the model was 

considered good.  

Chl-a in coastal waters affects the optical properties of water by its 

absorption in blue and red, and scattering in green and NIR wavelengths (Gin 

and Koh, 2002). Thus the most suitable Landsat TM/ETM+ and HJ-1 CCD bands 

for characterizing Chl-a are B1 (blue, 0.45–0.52 µm), B2 (green, 0.52–0.60 µm), 

B3 (red, 0.63–0.69 µm) and B4 (NIR, 0.76–0.90 µm). Due to the varying 

concentration of Chl-a in combination with other water constituents which affect 

ocean color, such as suspended sediments, retrieval models may be region-

specific. For example, Kabbara et al. (2008) used the summation of ETM+ B1 and 
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B2 in Lebanon for low Chl-a concentrations in the range of 0.30–3.07 µg/l and  

Han and Jordan, (2005) used the ratio of ETM+ B1 and B3 over a much wider 

range of Chl-a concentration of 1.14–23.23 µg/l. It is known that in sediment-

laden waters an increase in Chl-a has the effect of decreasing the reflectance in 

the 0.40–0.70 µm region when the sediment concentration is held constant, but 

the effect of Chl-a is minimal between 0.70 and 0.90 µm (Han, 1997). 

Previous remote sensing based studies have retrieved SS concentrations 

for the spatially complex coastal waters of Hong Kong. Based on one cruise data 

(N=13) of the Pearl River Estuary Xi & Zhang (2011) developed an empirical 

model for MERIS data to retrieve SS. Using the two band model (MERIS bands 6 

and 7) they retrieved and mapped the SS concentration with an R2 of 0.75 and 

RMSE of 1.69 mg/l. Wong et al., 2007 and 2008 have used the coarse spatial 

resolution data from MODIS (500 m), which were limited to using few 

images/dates for model development and have not validated the developed 

model using an independent dataset, due to having too few in situ samples 

concurrent with images. A recent study by Tian et al., (2014) has used the 

medium (30 m) spatial resolution HJ-1 CCD sensors data to model SS 

concentrations for the Deep Bay area of Hong Kong. They collected the remote 

sensing reflectance (Rrs) spectra using an in situ spectrometer having spectral 

bands equivalent to the HJ-1 CCD spectral bands, and devised a regression model 

for SS concentration estimation with 11 in situ data points based on single image 

date. The developed model was validated (for 17 data points) for the two HJ-1 

CCD images which were 1–2 days apart from the in situ data. This is the first 

study of SS concentration estimation, reported over the Hong Kong region at 

medium (30 m) spatial resolution, but it was found to be limited in certain 

aspects i.e. (i) the atmospheric correction of the images was carried out using a 

combination of image based methods i.e. cosine of the sun zenith angle (COST) 

and pseudo-invariant feature (PIF), (ii) model was calibrated using only 11 in 

situ data points for a single date (29 August 2012) dataset, (iii) the validation 

data was not concurrent with the satellite overpass, and (iv) a narrow range of 
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SS concentrations was considered for an area of Hong Kong routinely affected by 

very high SS concentrations, whereas it is generally known that higher accuracy 

is achieve able for higher concentrations. 
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Chapter 3 

Study Area and Data Used 

 

3.1 Study Area 

Hong Kong is a special administrative region of Mainland China, located 

on the eastern shore of the Pearl River estuary, having an area of 1,095 km2. It 

shares a border to the north with Guangdong province of China and is 

surrounded by the South China Sea on east, west and south. The PRD, located 

between 21.5˚–24˚N and 112˚–115.5˚E is the third largest river delta in China. 

The waters of the Hong Kong and PRD region are the home of diverse 

forms of marine life ranging from microscopic algae to dolphins, but 

anthropogenic activities such as land reclamation, marine transportation, fish 

culture and effluent disposal impact its marine environment (Zhou et al., 2007). 

Hong Kong's western coastal waters suffer from high sediment loadings from 

PRD with an annual sediment transport of about 90       tons (Harrison et al., 

2008). Based on sediment loadings and water quality levels, Hong Kong waters 

have spatially different water types. 

3.2 Satellite Data 

This study used the archived datasets of Landsat TM, ETM+ and HJ-1 A/B 

CCD sensors, which are similar in spatial resolution (30 m), bands designation 

and data bit levels (8–bit). Landsat TM/ETM+ and HJ-1 CCDs in conjunction with 

in situ water sampling can provide the means to establish a relationship between 

satellite-derived reflectance values and WQPs. 
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3.2.1 Landsat 

The Landsat program is a series of Earth-observing satellite missions 

which are managed by NASA and United States Geological Survey (USGS). After 

successful launch of Landsat-1, seven other Landsat satellites have been 

launched, among these Landsat-6 was failed to reach the orbit. Landsat-1, 2 and 

3 were same in operation and carried Return Beam Vidicon (RBV) and 

Multispectral Scanner (MSS) while Landsat-4 and 5 were same in operation and 

carried MSS and TM sensors, Landsat-7 has ETM+ and Landsat-8 is carrying 

Operational Land Imager (OLI) and Thermal Infrared Sensor (TIRS) (Irons et al., 

2012). Table 3.1 shows the sensor type, chronological order and orbiting period 

of all the Landsat satellites. 

Table 3.1: General information about each Landsat satellite. 

Satellite Sensors Launch date Decommission Altitude Revisit Time Overpass Time 

    km Days am 

Landsat 1 MSS & RBV 23-Jul-1972 7-Jan-1978 920 18 9:30 

Landsat 2 MSS & RBV 22-Jan-1975 25-Feb-1982 920 18 9:30 

Landsat 3 MSS & RBV 5-Mar-1978 31-Mar-1983 920 18 9:30 

Landsat 4 MSS & TM 16-Jul-1982 30-Jun-2001 705 16 9:45 

Landsat 5 MSS & TM 1-Mar-1984 5-Jun-2013 705 16 9:45 

Landsat 6 ETM 5-Oct-1993 Failed - - - 

Landsat 7 ETM+ 15-Apr-1999 Operational 705 16 10:00 

Landsat 8  OLI & TIRS 11-Feb-2013 Operational 705 16 10:00 

 

From these, only Landsat-7 and Landsat-8 are operational. However, all 

ETM+ acquisitions after 31 May 2003, have an anomaly caused by the failure of 

the Scan Line Corrector (SLC), resulting in loss of approximately 22% of a scene 

area, while the middle of each scene (approximately 22 km wide) contains very 

little data loss (Chander et al., 2009). The study has used Landsat TM and ETM+ 

images, and atmospherically corrected ETM+ SR product (LEDAPS). The 

TM/ETM+ images were obtained from USGS Earth Explorer website 

(http://earthexplorer.usgs.gov/) and the atmospherically corrected ETM+ SR 

product was obtained from USGS On-Demand Landsat surface reflectance facility 
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(landsat.usgs.gov/CDR_LSR.php). Table 3.2 and Table 3.3 present the band 

designations and spatial resolution of the respective bands of Landsat-5 TM and 

Landsat-7 ETM+, respectively. 

Table 3. 2: Band designations of Landsat-5 Thematic Mapper (TM) sensor. 

Band Wavelength 
Central 

Wavelength 
Resolution 

 µm µm m 

B1 - Blue 0.45-0.52 0.485 30 

B2 - Green 0.52-0.60 0.56 30 

B3 - Red 0.63-0.69 0.66 30 

B4 - Near Infrared 0.76-0.90 0.83 30 

B5 - SWIR 1 1.55-1.75 1.65 30 

B6 - Thermal IR 10.40-12.50 11.45 120 

B7 - SWIR 2 2.08-2.35 2.215 30 

Table 3. 3: Band designations of Landsat 7 Enhanced Thematic Mapper Plus 

(ETM+) sensor. 

Band Wavelength 
Central 

Wavelength 
Resolution 

 µm µm m 

B1 - Blue 0.45-0.52 0.485 30 

B2 - Green 0.52-0.60 0.56 30 
B3 - Red 0.63-0.69 0.66 30 

B4 - Near Infrared 0.77-0.90 0.835 30 

B5 - SWIR 1 1.55-1.75 1.65 30 

B6 - Thermal IR 10.40-12.50 11.45 60 

B7 - SWIR 2 2.09-2.35 2.22 30 

B8 - Panchromatic 0.52-0.90 0.71 15 

 

3.2.2 Chinese HJ-1 A/B Satellites 

The Environment and Disaster Monitoring and Forecasting satellites, HJ-

1A and HJ-1B were successfully launched on 6 September 2008 by China. HJ-1A 

carries two CCD cameras (CCD1 and CCD2) and one Hyperspectral Imager (HSI), 

and HJ-1B also carries two CCD cameras (CCD1 and CCD2) and one Infrared 

Scanner (IRS). The four CCD cameras and the HSI operate in the visible and near-
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infrared regions, while the IRS operates in the shortwave infrared and thermal 

regions (Zhang et al., 2013). All the CCD cameras have the same design principle, 

i.e. a swath width of 360 km, spatial resolution of 30 m per pixel and four 

spectral bands (Li et al., 2013). The HSI on the HJ-1A satellite is a push-broom 

scanner with a swath width of 50 km, spatial resolution of 100 m per pixel and 

128 spectral bands. The IRS onboard HJ-1B satellite has a swath width of 720 km, 

spatial resolution of 150 m and 300 m per pixel. The primary characteristics of 

each payload are shown in Table 3.4. The spectral range and spatial resolution of 

the four CCD cameras is similar to the first four bands of Landsat TM/ETM+ 

while the main advantage of HJ-1 CCD over Landsat is that the revisit time has 

been shortened to 48 hours or less. The HJ-1 CCD images have been obtained 

from the China Center for Resources Satellite Data and Application (CRESDA). 

Table 3. 4: Band designations of HJ-1 A/B satellite payloads. 

Satellite Payload Band Wavelength 
Central 

Wavelength 
Resolution 

   µm µm m 

HJ-1 A/B 
Charge Couple 
Device (CCD) 

Cameras 

B1 - Blue 0.43-0.52 0.475 30 

B2 - Green 0.52-0.60 0.56 30 

B3 - Red 0.63-0.69 0.66 30 

B4 - Near Infrared 0.76-0.90 0.83 30 

HJ-1 A 
Hyperspectral 
Imager (HSI) 

128 bands 0.45-0.95 - 100 

HJ-1 B 
Infrared 

Scanner (IRS) 

B5  0.75-1.10 0.925 

150 B6  1.55-1.75 1.65 

B7  3.50-3.90 3.7 

B8  10.5-12.5 11.5 300 

 

3.3 In Situ Data 

3.3.1 Field Spectral Data 

Field spectral data, representing SR, were collected using a Cropscan 

MSR-16R Multispectral Radiometer (MSR) (Cropscan Inc., Rochester, NY, USA) 

for wavelengths similar to the wavelengths of the first four bands (B1, B2, B3, 

and B4) of the Landsat TM/ETM+ and HJ-1 CCD cameras (Table 3.5). Previous 
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studies (Nichol et al., 2008; Wong et al., 2011; Wu and Bauer, 2012) have also 

used the Cropscan MSR-16R for the retrieval of SR in conjunction with QuickBird, 

Terra MODIS, and CHRIS/PROBA imagery.  

Table 3. 5: Band designations of Cropscan Multispectral Radiometer (MSR-16R) 

used in this study. 

Band Wavelength 
Central 

Wavelength 

 µm µm 

B2 - Blue 0.457 - 0.525 0.491 

B5 - Green 0.525 - 0.597 0.561 

B7 - Red 0.633 - 0.691 0.662 

B9 - Near Infrared 0.760 - 0.906 0.833 

 

The spectral data (Figure 3.1) were collected between 10:00 am and 2:00 

pm under cloud-free conditions, using MSR from the following types of surfaces; 

(i) over sand from three beach sites, (ii) from three sports pitches of artificial 

turf, (iii) over grass in three urban park sites, and (iv) over water from seven 

sampling locations in the Tolo Harbour region (northeast of Hong Kong) (Figure 

3.2). Multiple spectra (at least 30 from each sampling site) were collected from 

each field site, and an averaged value was used for final comparison with 

satellite estimated SR. The standard deviation of measurements for each date, 

each sampling site, and each band was generally low, which shows that the 

collected spectra were clustered together. 
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Figure 3. 1: Spectral signatures of different features (a) spectral signatures of 

different water sampling location (SL) for 17-Jan-13 (b) averaged spectral 

signatures from sand, grass and artificial turf areas for 7-Dec-13 except KPHG (6-

Nov-13). Note: Abbreviations used in this figure are defined in Figure 3.2. 
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Figure 3. 2: The MSR sampling locations on Landsat image. The gold colored box 

represents sand areas, green colored box represents the artificial turf and grass 

sites, and blue colored box represents the sampling locations over water. 

3.3.2 In Situ Chlorophyll-a and Suspended Solid Concentrations Data 

The Hong Kong EPD has been running a monitoring program since April 

1986, to collect water quality data around Hong Kong from 76 fixed monitoring 

stations. Hong Kong coastal waters have been divided into ten WCZs according 

to the location of monitoring stations (Figure 3.3) (HKEPD, 2013). Marine 

monitoring is carried out once a month on board a scientific vessel, equipped 

with a satellite-aided differential global positioning system for accurate location 

of sampling stations at sea. The water samples are collected from three depths, 
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namely near the surface (1 m below surface), the middle layer and near the sea 

bed (1 m above sea floor) for water quality monitoring (Wong et al., 2008). 

 

Figure 3. 3: Hong Kong EPD water control zones and water quality monitoring 

stations. 

Samples are collected in a 500 ml Nalgene bottle and refrigerated for 

transport, then analyzed for extraction of Chl-a and SS concentrations. The Chl-a 

concentration is determined using an 'In-house' GL-OR-34 method based on the 

American Public Health Association (APHA) 10200H 2 spectro-photometric 

method and the SS concentration is determined using an 'In-house' GL-PH-23 

method based on the APHA 2540D weighing method (HKEPD, 2013). The in situ 

"Surface" data of Chl-a and SS concentrations for the dates coincident with 

Landsat TM, ETM+ and HJ-1 A/B CCD images from January 2000 to December 

2012 were retrieved from the EPD water quality parameters database. Table 3.6 

gives an overview of the whole dataset used in this study, including the satellites 

data and the in situ data. 
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Table 3. 6: Overview of all the satellite and in situ datasets used in this study. 

Satellite Data 

Sensor Resolution (m) Time Period 

L-5 TM  30 2000-2012 

L-7 ETM+  30 2000-2013 

L-7 ETM+ SR Product  30 2013 

HJ-1A  30 2008-2013 

HJ-1B  30 2008-2013 

In Situ Data 

Data Source Description Time Period 

Multispectral Radiometer  Surface Reflectance 2013 

Hong Kong EPD  Chl-a & SS 2000-2012 
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Chapter 4 

Methodology 

 

In coastal productive waters, Chl-a and SS concentrations are health indicators of 

the marine ecosystem, therefore it is necessary to monitor their changes at high 

spatial and temporal resolutions. Due to the optical complexity of the coastal 

waters of Hong Kong, previously developed models are based on low spatial 

resolution, have used a limited range of Chl-a and SS concentrations and are 

therefore regarded as inadequate by local authorities for Hong Kong’s marine 

environment. Hence, to develop models suitable for the retrieval of Chl-a and SS 

concentrations at high spatial (30 m) and temporal (≈ 1–2 days) resolutions, data 

from two satellites i.e. Landsat and HJ-1 were combined. The sensors on both 

satellites have similar spatial resolution, spectral bands and data quantization 

levels. An overview of the methodological steps involved in the study are as 

follows, and are discussed in detail in their respective sections; 

4.1. Pre-processing of imagery – Pre-processing including geometric 

and radiometric corrections, were carried out for Landsat 

TM/ETM+ and HJ-1 CCD sensors. 

4.2. Cross comparison of sensors – As the data from two different 

satellite was combined, the mutual consistency of Landsat 

TM/ETM+ and HJ-1 CCD sensors was examined over the water 

surface. 

4.3. Atmospheric correction – an evaluation of different atmospheric 

correction methods was carried out by comparing their results 

with in situ measured SR data. 
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Also, since the ready-to-use SR product called LEDAPS, for Landsat 

TM/ETM+ sensors is now also available, this was evaluated for its 

potential for the retrieval of WQPs. 

4.4. Delineation of water zones – spectrally different water types were 

identified using a clustering technique which helped in delineation 

of meaningful water zones to enable more efficient retrieval of 

water parameters within the separate zones. 

4.5. Modeling of Chl-a and SS concentrations – Ultimately, Regression 

Model (RM) and Neural Network (NN) based prediction models 

were employed to retrieve Chl-a and SS concentrations using 13-

year satellite and in situ collocated datasets. Two types of models 

were developed, i.e.; 

 

i. Global Models - a single model for the whole coastal area of Hong 

Kong. 

ii. Local Models - a separate model for each of the water zones 

defined using clustering. 

4.6. Performance evaluation  – The performance of the models was 

validated using three statistical parameters. 
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4.1 Satellite Imagery Pre-processing 

The Landsat TM/ETM+ scenes were processed to Standard Terrain 

Correction (Level 1T) by the provider, the USGS. The Level 1T product provides 

systematic geometric accuracy by incorporating Ground Control Points (GCPs) 

while employing a Digital Elevation Model (DEM) for topographic accuracy. 

When obtained from the China Centre for Resources Satellite Data and 

Application (CRESDA), the HJ-1 CCD images were not geometrically corrected. 

Therefore, all the images were geometrically corrected using concurrent or most 

recent Landsat TM/ETM+ image(s) as a reference. As the HJ-1 CCD images have  

a wide swath width (360 km) in comparison with a Landsat TM/ETM+ scene 

(185 km), before geometric rectification, all the HJ-1 CCD images were subset 

over the study area to reduce the processing time and to save disc space. 

After having sufficient number of GCPs (around 25 to 50) from 

reference Landsat TM/ETM+ image(s), the HJ-1 CCD images were geometrically 

corrected with an average RMSE of 1 pixel. To minimize the loss of spectral 

information resulting from image resampling during geometric correction, the 

nearest neighbor resampling method was used. The image processing 

parameters used for processing the Landsat TM/ETM+ and HJ-1 CCD images are 

listed in Table 4.1. 

Table 4. 1: Image processing parameters for the Landsat TM/ETM+ and HJ-1 

CCD images. 

Output format Image (.img) 

Resampling method Nearest Neighbor (NN)  

Pixel size (bands 1-4) 30-meter  

Map projection Universal Transverse Mercator (UTM)  

Datum World Geodetic System (WGS) 84  

Image orientation Map (North-up)  

After the geometric correction the images were further processed to 

convert to a standard radiometric scale. For Landsat TM and ETM+ sensors, 
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Equation (4.1) was used to convert the Digital Numbers (DN) to the Top of 

Atmosphere (TOA) radiance (Chander et al., 2009). 

                                       (4. 1)  

Where, 

          
           

               
       (4. 2) 

  

                 
           

               
                  (4. 3) 

Where, 

Lsatλ = At-satellite spectral radiance/TOA radiance for band λ [W/ (m2 sr μm)]. 

Qcalλ = Quantized calibrated pixel value for band λ [DN]. 

Qcalmin = Minimum quantized calibrated pixel value corresponding to Lminλ [DN]. 

Qcalmax = Maximum quantized calibrated pixel value corresponding to Lmaxλ [DN].  

Lminλ = Spectral at-sensor radiance, scaled to Qcalmin for band λ [W/ (m2 sr μm)]. 

Lmaxλ = Spectral at-sensor radiance, scaled to Qcalmax for band λ [W/ (m2 sr μm)]. 

For HJ-1 CCD sensors, Equation (4.4) (given in the metadata file of the 

imagery) was used to convert the DN values to TOA radiance. 

      
   

  
           (4. 4) 

Where, 

DNλ = Quantized calibrated pixel value for band λ. 

Gλ = Band-specific gain factor [DN/(W/ (m2 sr μm)] for band λ. 

L0λ = Band-specific bias factor [W/ (m2 sr μm)] for band λ. 

The values of all the above mentioned parameters, required for the 

radiometric correction were obtained from the respective image metadata files. 
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4.2 Cross Comparison of Landsat and HJ-1 Sensors 

In order to increase the usability of the two satellites i.e. Landsat and HJ-1, 

a cross comparison of their sensors was carried out to check their mutual 

consistency. The spatial resolution of the HJ-1 CCDs is similar to Landsat 

TM/ETM+. Apart from  the first band of HJ-1 CCDs which is 0.02 µm wider than 

that of Landsat TM/ETM+, the other three bands are the same. This band design 

provides the basis for a comparative study on imaging quality of the two 

satellites. 

4.2.1 Scene Selection 

A cross comparison of Landsat and HJ-1 sensors was performed based on 

image statistics for large homogenous common water areas observed near-

simultaneously by the two satellite's sensors. Table 4.2 lists the coincident 

Landsat TM/ETM+ and HJ-1 CCD image pairs selected for cross comparison 

along with different imaging details, including scene center scan time, solar 

elevation angle (αs), solar azimuth angle (φs) and the image path/row. As the 

maximum time difference between the image acquisitions of the two satellites 

was 44 min 30 sec, it was assumed that the surface and atmospheric conditions 

did not change during that time. 

Table 4. 2: Coincident Landsat TM/ETM+ and HJ-1 CCD images used for cross 

comparison. 

Image Pair Sensor Scene Center Scan Time (GMT) αs (˚) φs* (˚) Path/Row 

1 
TM 2-Jan-2009         02:36:50 36.45 147.27 122/44 

HJ-1A CCD1 2-Jan-2009         03:21:20 41.289 159.05 457/89 

2 
ETM+ 31-Dec-2010     02:45:17 37.42 149.74 122/44 

HJ-1A CCD1 31-Dec-2010     03:11:24 42.54 156.92 455/92 

3 
ETM+ 7-Dec-2013        02:48:28 39.45 153.18 122/44 

HJ-1A CCD1 7-Dec-2013        02:20:02 34.01 143.46 1/88 
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4.2.2 Selection of Test Sites 

The Landsat TM/ETM+ and HJ-1 CCD sensors differ in their along-track 

and across-track pixel sampling properties. Landsat TM and ETM+ are cross-

track (whisk broom type) scanners while HJ-1 CCDs are along-track (push broom 

type) scanners. Therefore, a feature simultaneously observed by these sensors is 

represented by slightly different number of image pixels because of the 

differences in viewing geometry and sensor scanning times. This makes it 

difficult to establish sufficient geometric control to facilitate comparisons on a 

point-by-point or detector-by-detector basis. For comparison, the TOA 

reflectance was calculated and extracted (from the same location available in an 

image pair), and an averaged value from a 3 3 pixel window was used to 

consider the possible image miss-registration and the dynamic nature of water. 

Finally, the analysis approach made use of image statistics based on homogenous 

water areas common in the image pairs. 

Homogeneity of each region was ensured by rejecting any region with a 

standard deviation (StDev) of more than 2% TOA reflectance in any Landsat/HJ-

1 bands. This left 100 regions for the whole study area which were considered to 

be homogenous for further analysis. These TOA reflectance values were then 

plotted for each sensor pair and a linear fit was calculated. 

4.2.3 TOA Reflectance Calculation 

For comparison purpose, the TOA reflectance        was calculated for 

Landsat TM/ETM+ and HJ-1 CCD sensors using Equation (4.5). There are two 

advantages for using TOA reflectance instead of radiances, when comparing 

images from different sensors, i.e. (i) the cosine effect of different solar zenith 

angles due to the time difference between data acquisitions can be removed, and 

(ii) it compensates for different values of the exo-atmospheric solar irradiances 

arising from spectral band differences (Chander et al., 2008). 
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       (4. 5) 

The values of Esunλ for Landsat TM/ETM+ and HJ-1A CCD1 sensors are 

provided in Table 4.3, while the value of d was approximated as proposed by 

Epema, (1992) using Equation (4.6), 

    
                     

   
      (4. 6) 

Where,  

d = Earth-Sun distance [astronomical units]. 

      = Exo-atmospheric solar irradiance for band λ [W/m2 μm]. 

   = Solar zenith angle [degrees]. 

J = Julian day number of the year. 

 

Table 4. 3: Esunλ values for the Landsat TM, ETM+ and HJ-1A CCD1 sensors. 

Band (λ) L5 TM L7 ETM+ HJ-1A CCD1 

Band1 1983 1997 1914.324 

Band2 1796 1812 1825.419 

Band3 1536 1533 1542.664 

Band4 1031 1039 1073.826 
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4.3 Evaluation of Atmospheric Correction Methods 

For the evaluation of different atmospheric correction methods and 

Landsat SR product (LEDAPS), in situ Multispectral Radiometer data 

representing SR was collected coincident with Landsat and HJ-1 CCD scenes 

(Figure 4.1). Atmospheric correction of the Landsat and HJ-1 CCD images was 

carried out using three physical based methods namely, 6S, Fast Line-of-sight 

Atmospheric Analysis of Spectral Hypercubes (FLAASH) and ATmospheric 

CORection (ATCOR), as well as  two image based methods Dark Object 

Subtraction (DOS) and Empirical Line Method (ELM). Three different aerosol 

models namely Urban (UB), Maritime (MT) and Continental (CT) were tested 

with the physical based models. The effect of off-nadir viewing for HJ-1 CCD 

imagery was incorporated in physical atmospheric correction methods by 

considering the sensor zenith and azimuth angles. 

 

Figure 4. 1: Methodology for evaluation of atmospheric correction methods. 

Atmospheric Correction 
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4.3.1 Atmospheric Correction Using 6S 

The 6S is an advanced radiative transfer code designed to simulate the 

reflectance of solar radiation by a coupled atmosphere-surface system for a wide 

range of atmospheric, spectral and geometric conditions (Kotchenova et al., 

2006). It calculates the atmospheric correction coefficients xa, xb and xc for each 

band separately based on input data (Tables 4.4 and 4.5) which indicate the most 

likely atmospheric conditions during image acquisition. These atmospheric 

correction coefficients are applied to the TOA radiance (Lsatλ) to obtain SR for 

each band. Using the 6S model, the SR (ρ) free from atmospheric effects was 

calculated using Equation (4.7). 

  
 

          
                                  (4. 7) 

Where,                       

xa is the inverse of transmittance, xb is the scattering term of the 

atmosphere and xc is the reflectance of the atmosphere for isotropic light. 

Information on Solar Zenith Angle (θs), Solar Azimuth Angle (φs), Sensor 

Zenith Angle (θo), Sensor Azimuth Angle (φo) and image acquisition date and 

time were extracted from the image metadata file while values of Water Vapor 

(WV) and Aerosol Optical Depth (AOD) were retrieved from Terra MODIS Daily 

Level-3 (1˚x1˚) global atmospheric product (MOD08_D3.051) from 

(http://gdata1.sci.gsfc.nasa.gov/daac-

bin/G3/gui.cgi?instance_id=MODIS_DAILY_L3). The local equatorial crossing 

time of Terra MODIS is 10:30 am (Gkikas, 2013) therefore, the Landsat ETM+ 

and HJ-1 CCD images used for evaluation of atmospheric correction methods 

were within 35 minutes to the Terra MODIS overpass. Columnar Ozone (O3) data 

was retrieved from the Ozone Monitoring Instrument (OMI) Daily Level-3 

(0.25˚x0.25˚) global gridded product obtained from 

(http://gdata1.sci.gsfc.nasa.gov/daac-bin/G3/gui.cgi?instance_id=omi). 

http://gdata1.sci.gsfc.nasa.gov/daac-bin/G3/gui.cgi?instance_id=MODIS_DAILY_L3
http://gdata1.sci.gsfc.nasa.gov/daac-bin/G3/gui.cgi?instance_id=MODIS_DAILY_L3
http://gdata1.sci.gsfc.nasa.gov/daac-bin/G3/gui.cgi?instance_id=omi
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The expected uncertainty, for the vertical OMI O3 density is 1.3–2.2% 

(Veefkind et al., 2006), for MODIS WV it is 5–10 % (Gao and Kaufman, 2003), 

while for MODIS Level-3 AOD the Expected Error (EE) can be determined using 

Equation (4.8) (Ruiz-Arias et al., 2013). 

                                                    (4. 8) 

Where, τ is the true AOD value. 

Table 4. 4: 6S model input parameters for Landsat ETM+ images. 

Parameters 20-Oct-13 7-Dec-13 

Sensor ETM+ ETM+ 

Image time [GMT hd] 2.80 2.81 

Scene centre Long [dd] 113.58 113.58 

Scene centre Lat [dd] 23.11 23.11 

Water vapor [g/cm2] 4.5 2.5 

Ozone [cm-atm] 0.26 0.25 

Aerosol model UB/MT/CT UB/MT/CT 

AOD at 550 nm 0.54 0.66 

 

Table 4. 5: 6S model input parameters for HJ-1 CCD images. 

Parameters 17-Jan-13 3-Dec-13 6-Dec-13 7-Dec-13 

Sensor HJ-1B CCD2 HJ-1A CCD1 HJ-1A CCD2 HJ-1A CCD2 
Image time [GMT hd] 2.42 2.28 1.92 2.33 

θs 52.25 52.25 57.50 55.99 

φs 323.87 323.87 320.23 323.46 

θo 14.35 14.35 26.90 31.50 

φo 96.86 96.86 96.36 -79.88 

Water vapor [g/cm2] 3.0 2.0 1.5 2.5 

Ozone [cm-atm] 0.25 0.25 0.25 0.25 

Aerosol model UB/MT/CT UB/MT/CT UB/MT/CT UB/MT/CT 

AOD at 550 nm 0.66 0.38 0.42 0.66 
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4.3.2 Atmospheric Correction Using ATCOR 

ATCOR (AC) is an add-on module of ERDAS  Imagine software (Richter 

1996), which uses MODTRAN 4 Radiative Transfer Model (RTM) to create look-

up tables for different atmospheric input parameters (Table 4.6). The visibility 

values for the image acquisition date and time were obtained from the Hong 

Kong Observatory (HKO), and as Hong Kong falls in the Tropical climate zone, a 

Tropical Atmospheric model was selected. The calibration files for Landsat ETM+, 

available in ATCOR 2 were updated for each date according to the band specific 

gain and bias values, while the calibration files for HJ-1 CCDs were generated 

using the band specific gain and bias values retrieved from the image metadata 

file. 

Table 4. 6: ATCOR and FLAASH input parameters for Landsat ETM+ and HJ-1 

CCD images. 

Parameters 20-Oct-13 7-Dec-13 17-Jan-13 3-Dec-13 6-Dec-13 7-Dec-13 

Sensor ETM+ ETM+ 
HJ-1B 
CCD2 

HJ-1A 
CCD1 

HJ-1A 
CCD2 

HJ-1A 
CCD2 

Sensor altitude 
[km] 

705 705 650 650 650 650 

Pixel size [m] 30.0 30.0 30.0 30.0 30.0 30.0 

θs 39.08 50.55 52.25 52.25 57.50 55.99 

θo     14.35 14.35 26.90 31.50 

φo     96.86 96.86 96.36 -79.88 

Atmospheric 
model 

Tropical Tropical Tropical Tropical Tropical Tropical 

Aerosol model UB/MT/CT UB/MT/CT UB/MT/CT UB/MT/CT UB/MT/CT UB/MT/CT 
Visibility [km] 13.0 12.0 8.0 10.0 13.0 12.0 

 

4.3.3 Atmospheric Correction Using FLAASH 

FLAASH (FS) is an atmospheric correction module in the Envi software 

which corrects wavelengths in the visible through near-infrared and shortwave 

infrared regions using MODTRAN 4 (Yuan and Niu, 2008) and several input 
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parameters (Table 4.6). The Spectral Response Function (SRF) files for Landsat 

ETM+ bands were available in FLAASH while for HJ-1 CCDs the SRF files were 

built using the Spectral Library Builder in Envi.  

4.3.4 Atmospheric Correction Using Dark Object Subtraction Method 

Dark Object Subtraction (DOS) is an image based atmospheric correction 

method which assumes that in an image some objects were under complete 

shadow during acquisition and these must have zero reflectance. In fact 

atmospheric scattering and absorption make the imaging system record a non-

zero DN value for these dark objects. This constant non-zero DN value, called DN 

haze, can be observed from the image histogram and is subtracted from the 

whole band. A relative scattering model is also considered to incorporate the 

atmospheric scattering effect. Equation (4.9) is the general equation used for SR 

estimation using the DOS method (Chavez 1996). 

  
                    

              
                           (4. 9) 

Where,  

Lhazeλ = Path radiance for band λ [W/m2 sr μm]. 

Generally, it is assumed that dark objects comprise approximately 1% of 

the whole image radiance (Mahiny and Turner, 2007). Therefore the 1% 

radiance of a dark object can be calculated using Equation (4.10). 

    
              

   
                               (4. 10) 

Thus L1% needs to be subtracted from the path radiance (Lλhaze) and finally 

the SR is calculated using Equation (4.11). 

  
                           

            
                                (4. 11) 



Methodology Chapter 4 

 

62 
 

4.3.5 Atmospheric Correction Using Empirical Line Method 

The Empirical Line Method (ELM) uses field measured SR from a series of 

invariant-in-time calibration targets to estimate SR for each band (Smith and 

Milton, 1999). Although ELM can be performed using just two very distinct 

calibration targets, the use of more targets allows the parameters of the 

relationship between at-sensor radiance and at-surface reflectance to be 

estimated with greater confidence (Karpouzli and Malthus, 2003). Using the ELM 

a regression equation is developed for each band of an image to perform the 

atmospheric correction. 

In this study eight calibration sites were used to develop a regression 

equation between the in situ MSR SR (collected coincident with the image 

acquisition time) and the at-sensor radiance of an HJ-1A CCD2 image of 7 

December 2013. For ETM+, seven calibration sites were used to construct a 

regression equation. Because of the ETM+ scan line error, some MSR sampling 

locations were missing if only one image was considered. Therefore the at-

sensor radiance values from the seven locations were extracted from two ETM+ 

images, 20 October 2013 image and 7 December 2013 image. The developed 

regression equations are given in Figure 4.2. 
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Figure 4. 2: Regression lines and prediction equations for HJ-1 CCDs bands1 to 4 

(figures a, b, c and d) and for Landsat ETM+ bands 1 to 4 (figures e, f, g and h). 
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4.3.6 Satellite and In Situ Match-up Criteria 

Comparison of satellite measured SR with direct ground measured SR 

provides the best method to evaluate different atmospheric correction methods. 

Thus the comparison needs sufficiently large homogenous surfaces, but in an 

urban and densely built city, like Hong Kong, it is difficult to find large 

homogeneous areas. Therefore, for each sampling site pure pixels were selected 

and the reflectance contribution from the neighboring pixels i.e. adjacency effect 

was compensated for in the physical atmospheric correction methods. For the 

beach sites, care was also taken to avoid the influence of neighboring water 

pixels from the seaward side and vegetation/built-up area pixels from the 

landward side. 

The number of pixels selected for each sampling location was based on its 

area. For two large beach sites (Repulse Bay Beach and Shek O Beach) an average 

value of nine pixels (three adjacent pixels in groups of three at the east, centre 

and west of the beaches) was used while for one small beach site (Big Wave Bay 

Beach) the average value of three pixels was used. Due to the small areas of 

artificial turf sports pitches, a single pixel value was used. For grass areas an 

average value of two adjacent pixels was used for each site, and over water 

surfaces an average value from a window of 3x3 pixels was used. For ETM+, the 

image data were extracted only for those in situ MSR sampling locations which 

were not affected by ETM+ scan line errors.  

The reflectance contribution from neighbouring pixels (adjacency effect) 

was incorporated into the physical atmospheric correction methods (6S, FS and 

AC). The 6S accounts for adjacency effects based on view and azimuth angles of 

the sensor (Vermote et al. 1997) while FS and AC account for adjacency effects 

by accounting for the SR of the pixel under observation compared with its 

surroundings. In the case of turf areas, although a single pixel (30 m x 30 m) was 

considered, the actual area of each sampled turf site was considerably larger 

than a single pixel e.g. 100 m x 60 m for King's Park Hockey Ground, 100 m x 60 
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m for Boundary Street Playgroundg and 60 m x 35 m for Shek Kip Mei 

Playground, which means that the SR contribution from any immediately 

adjacent area was the same as from the sampled pixel. Each sample was located 

using a Garmin eTrex H GPS with positional accuracy of less than 5 meters. 
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4.4 Clustering and Water Zones Delineation 

After the selection of a suitable atmospheric correction method, the first 

four bands of Landsat TM/ETM+ and HJ-1 CCD sensors were atmospherically 

corrected and were used for clustering and delineation of water zones. Fuzzy C-

Means (FCM) clustering was applied to Landsat TM/ETM+ and HJ-1 CCDs 

reflectance values along with the in situ data of Chl-a and SS concentrations 

(Figure 4.3). 

It is reported that in a turbid coastal environment, water properties can 

vary within ±24 hours (Le et al., 2013), therefore a narrow time window should 

be considered to match the satellite and in situ water samples. However, in case 

of limited number of images and sea truth data, this may not be possible. For 

example, a recent study by Montanher et al. (2014) used a time window of ±4 

days to ±9 days to select collocated samples. In the current study many images 

were available, therefore in order to capture the short term changes in coastal 

waters of Hong Kong and to develop a more rigorous models, a time window of ± 

2 hours (9:00 am to 1:00 pm local) of the image acquisition time was used to 

identify collocated satellite and in situ water samples. Water sampling locations 

affected by clouds, scan line errors on ETM+ images, and those with ship wake 

effects were not included. The mean SR of each sampling station was extracted 

from a window of 3   3 pixels rather than a single pixel. This criteria resulted in 

240 observations (N = 240) for a Chl-a range of 0.30 to 13.0 µg/l and SS 

concentration range of 0.5 to 56.0 mg/l. 
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Figure 4. 3: Methodology for clustering and water zones delineation. 

4.4.1 Fuzzy C-Means (FCM) Clustering 

To perform the FCM clustering, the SR data from each EPD water quality 

station was averaged for all image observations which were available from 

January 2000 to December 2012. In order to select an appropriate number of 

spectrally different classes in the coastal waters of Hong Kong the clustering 

process was executed in two phases, i.e. the development phase and the 

validation phase. 

Development phase, the FCM clustering partitioned the given dataset 

                 in to a specified number of fuzzy clusters              

  , which were identified by their cluster centers. The partitioning of data into 

 Clustering and Water Zones Delineation 
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fuzzy clusters was achieved by minimizing an objective function 2  (JFCM) 

iteratively using Equation (4.12). 

               
        

  
   

 
       (4. 12) 

Where M is the membership matrix representing    , which is a fuzzy 

partition matrix composed of the membership grade of sample k in cluster i, C is 

the cluster centers matrix representing   , c is the number of clusters and n is the 

number of data points. m is called fuzzification parameter which controls the 

degree of fuzziness in the resultant clustering. There are two constraints on the 

matrix M i.e. it should contain elements in the range (0, 1) and the coefficients for 

each cluster center must sum to less than the number of elements, which were 

obtained by Equations 4.13 and 4.14. 

                    
         (4. 13) 

                    
         (4. 14) 

The membership functions and respective cluster centers which solved 

the constrained optimization problem in Equation (4.12) were obtained from the 

following equations, 

                       
 
    

  
    

  

   (4. 15) 

         
    

 
            

   
                 (4. 16) 

In FCM clustering the membership of a data point is partitioned between 

clusters e.g. a water sample may be mostly a member of a specific cluster, but it 

may also be a partial member of other clusters. The assignment of a data point to 

a specific cluster was defined by its membership value (u) which ranges between 

                                                           
 

2 An equation to be optimized given certain constraints and with variables that need to be minimized or maximized 
using nonlinear programming techniques. 

http://www.businessdictionary.com/definition/variable.html
http://www.businessdictionary.com/definition/need.html
http://www.businessdictionary.com/definition/user.html
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0 and 1. A membership value closer to 1 represents a greater certainty of a data 

point to belong to a specific cluster. The membership values of each sample sum 

to 1. To obtain more precise results, the data were clustered several times by 

varying c from 2 to 10 and m from 1.1 to 3.0. The clustering procedure is 

summarized in the following steps: 

1. Choose a value for the fuzzification parameter, m. 

2. Choose a value for the stopping criterion,  . 

3. Choose a distance measure in the variable-space (e.g., Euclidean 

distance). 

4. Choose the number of clusters, c. 

5. Initialize        e.g., with random memberships. 

6. At iteration it = 1, 2, 3, recalculate         using Equation (4.16) and 

       . 

7. Recalculate         using Equation (4.15) and      . 

8. Compare       to         in a convenient matrix norm. If        

           , then stop; otherwise return to step 6. 

 

Validation phase, in the validation phase, the clustering results were 

validated using two assessment parameters; the Partition Coefficient (PC) 

(Bezdek, 1981) and the Xie Beni (XB) compactness and separation index (Xie and 

Beni, 1991). 

1. Partition Coefficient (PC) 

The PC is a cluster validity index which uses the cluster membership 

values. The PC is a measure of the overlap between clusters, and ranges from 0 to 

1, where a value of 0 means, the clusters are overlapping or the clustering is 

weak and a value of 1 represents no overlapping between clusters (or strong 

clustering). This validation parameter was calculated using Equation (4.17), 
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          (4. 17) 

2. Xie Beni (XB) Compactness and Separation Index 

XB is a cluster validity index which involves the membership values as 

well as the data set for validation. The XB shows how well separated clusters are 

formed for a given dataset, with a small value of XB representing strong 

clustering and higher value representing overlap between clusters. The XB index 

is defined in Equation (4.18) in which the numerator indicates the compactness 

of the fuzzy partition, while the denominator indicates the strength of the 

separation between clusters. 

   
           

      
 

     
        

  
   

 
   

               
     (4. 18) 

4.4.2 Boundary Delineation of Water Zones 

In the validation phase a combination of c and m was considered best, for 

which the value of PC was high and XB was small. The validation phase yielded 

an appropriate number of clusters in the study area. In other words the FCM 

algorithm distributed each data point to a specific water zone (cluster) according 

to its membership value. The numerical results from the FCM have little meaning 

unless the underlying physical processes can be related to the spatial 

distribution of the clusters defined by FCM. For that reason the membership 

values for water sampling locations in each cluster were treated as a regionalized 

variable and separately interpolated using the ordinary point kriging method to 

define the distribution of the water quality monitoring stations according to the 

concentrations of Chl-a and SS, separately as well as by combining both WQPs. 
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4.5 Modeling of Chlorophyll-a and Suspended Solid Concentrations 

Regression Model (RM) and Artificial Neural Network (NN) techniques 

were used for the development of models for estimating Chl-a and SS 

concentrations based on Landsat TM/ETM+ (for January 2000 - December 2012) 

and HJ-1 CCD (for September, 2008 - December, 2012) images (Figure 4.4). The 

reason for the inclusion of the satellite data from different years and months was 

to capture the variability of WQPs over the study area. Table 4.7 shows the 

satellite and in situ data match-ups for each of the WCZ defined by EPD, as well as 

the range of Chl-a and SS concentrations for the match-ups. The data extraction 

criteria for the 240 coincident observations has been discussed in Section 4.4. 

Table 4. 7: Distribution of satellite and in situ data match-ups for cloud-free 

scenes over study area from January 2000 to December 2012. 

WCZ No. of Match-ups Chl-a Range (µg/l) SS Range (mg/l) 

Deep Bay 18 0.9 - 12.0 3.8 - 56.0 

Eastern Buffer 15 0.3 - 7.5 1.8 - 4.5 

Junk Bay 10 0.5 - 12.0 1.4 - 7.6 

Mirs Bay 28 0.3 - 9.8 1.0 - 6.8 

North Western 27 0.7 - 11.0 2.0 - 16.0 

Port Shelter 19 0.7 - 3.6 0.5 - 11.0 

Southern 46 0.6 - 11.0 1.8 - 22.0 

Tolo Harbour And Channel 11 0.4 - 7.6 1.5 - 4.8 

Victoria Harbour 47 0.5 - 11.0 0.5 - 8.4 

Western Buffer 19 0.5 - 13.0 3.2 - 8.6 
Total 240 0.3 - 13.0 0.5 - 56.0 

 

For modeling the entire coastal waters of Hong Kong (global models), 200 

observations (from year 2000–2010) were used in model development and 40 

observations (from year 2011–2012) were used for validation. The mean Chl-a 

concentration for the model development dataset was 3.23 µg/l with a StDev of 

2.94 µg/l, while the mean for the validation dataset was 1.73 µg/l with a StDev of 

1.84 µg/l. The mean SS concentration of the model development dataset was 

5.86 mg/l with a StDev of 6.46 mg/l, while the mean of the validation dataset was 
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5.09 mg/l with a StDev value of 3.52 mg/l. The high standard deviation values 

are due to the pronounced spatial variability of Chl-a and SS concentrations over 

the whole area of Hong Kong’s coastal region from the south China sea in the east 

to the PRD in the west, reflecting the complexity of Hong Kong waters. This high 

variability is similar in both the development and validation datasets. 

For local, zone specific models, whole data set for each NN and RM was 

divided into two parts: a training set, which included 70% of the data to be used 

in the training phase, and a validation set with the remaining data points (30%) 

necessary for the validation of the models. Both subsets were random and 

significant for the whole data set. Therefore, they were created including data 

points from all 57 images (see appendix-1) used in the study and covering the 

entire observed range of Chl-a and SS concentrations within each zone. 
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Figure 4. 4: Flow diagram for retrieval of water quality parameters. 

 Water Quality Modeling 
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4.5.1 Regression Modeling (RM) 

For the regression modeling of Chl-a and SS concentrations, first of all the 

correlations of these two parameters were determined using the first four bands 

of TM/ETM+ and HJ-1 CCDs surface reflectance (after atmospheric correction). 

There is no particular band or band ratio that consistently shows a good 

correlation between in situ measured WQPs (Chl-a and SS concentrations) and 

remotely sensed data for every geographical location. Therefore the relationship 

between in situ WQPs and water SR was explored before developing a model. In 

the analysis the band transformations including addition, subtraction, 

multiplication, division, averaging and logarithm, were also considered. 

To select the best independent variables, the variables having p-value of 

less than or equal to 0.05 and a correlation coefficient (R) of ≥ 0.50 were 

considered in regression model development. An independent variable in 

regression was selected on the basis of R, standard error, t-test, p-value and the 

residual. If the value of R was close to 1, and values of standard error (S), t-test, 

p-value and residual were close to zero or negative then that band or the 

combination of bands was marked as potentially meaningful. 

Because Deming Regression (DR) estimates an unbiased slope by 

assuming the Gaussian distribution of errors in both x and y datasets, DR was 

used instead of Least Square Regression (LSR). The LSR estimates a biased slope 

by assuming random measurement errors in the dependent variable (y) and an 

error free independent variable (x) (Stockl et al., 1998) but in the present study 

errors may be present in measuring the concentrations of the WQPs. 

4.5.2 Neural Network Modeling (NN) 

A Multilayer Perceptron (MLP) NN was adopted for this study for the 

retrieval of Chl-a and SS concentrations from Landsat TM/ETM+ and HJ-1 CCD 
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images over the study area. Following three phases were considered for 

development of a MLP neural network; 

1) Design phase: in this phase, the characteristics of the network were 

defined i.e. the number of input and output layers, number of hidden 

layers and the activation function for each layer. The values from the 

input layers were distributed to the hidden layers where summation and 

activation functions were performed. The hidden layers ultimately fed the 

output layer which also performed summation and activation functions. 

The output of the final layer gave the value of the water quality parameter 

of interest (i.e. Chl-a and SS concentrations) using Equation (4.19): 

                 
 
           (4. 19) 

Where, a is scaling factor whose value was determined in the training 

phase, g is a squashing function which maps the summed output to a 

value between (−1, 1), the hyperbolic tangent was used for g. wk are the 

weights between the hidden layer and the output layer, xk are the 

inputs, B is the bias associated with the output layer, and j is the number 

of nodes in the hidden layer. 

2) Training phase: to achieve a best possible output, the network was 

trained using a supervised learning technique i.e. training using prior 

information of the desired output corresponding to a set of input data 

(Chl-a and SS concentrations). In the training phase a relationship 

between input and the desired output was established based on the 

weight values for each connection. The weights were iteratively adjusted 

to minimize the error, computed as the mean square difference between 

the model and the actual output. The training set consisted of in situ 

measured Chl-a and SS concentrations and the Landsat TM/ETM+ and HJ-

1 CCD reflectance values from bands B1 to B4. Inputs were fed into the 

network and on the basis of this, the network calculated the output. This 
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output was compared with actual output and the difference between 

these two called "network error" was calculated. By adjusting the internal 

weights through an iterative process the network error was reduced 

through back-propagation i.e. the network adjusted its weights, starting 

with the output layer and working back through the network. 

3) Validation: After the training phase, the NN estimation accuracy was 

accessed using a set of statistical parameters discussed in Section 4.6. 
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4.6 Statistical Performance Measures 

The models developed to estimate Chl-a and SS concentrations using 

regression modeling and neural networking, were validated. The validation was 

based on three statistical parameters namely, Correlation Coefficient (R), Root 

Mean Square Error (RMSE) and Mean Absolute Error (MAE). 

1. Correlation Coefficient (R) 

2. Root mean square error (RMSE) 

       
 

 
             

 
     

3. Mean Absolute Error (MAE) 

     
 

 
            

 
      

Where, Obs represents the actual in situ EPD measured water quality parameter 

value and Prd represents the satellite estimated parameter value. R is a 

measurement of the correlation between the observed and the predicted data 

sets. RMSE measures the difference between observed and predicted values. 

MAE is the measure of magnitude of the mean error. 
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Chapter 5 

Results and Discussion 

 

5.1 Cross Comparison of Landsat and HJ-1 Sensors 

5.1.1 Analysis of Spectral Response Characteristics 

The Relative Spectral Response (RSR) function describes the relative 

sensitivity of a sensor to monochromatic radiation of different wavelengths and is 

normally determined in the laboratory using a tunable laser or a scanning 

monochromator. Differences among the RSR functions of various radiometers 

introduce biases that could prevent the detection of reflectance changes resulting 

from subtle natural variability of land features (Gonsamo and Chen, 2013). The 

spectral response characteristics of L5 TM, L7 ETM+ and HJ-1 CCD are compared in 

Figure 5.1. The characteristics of the three sensors are similar in the first three 

bands (blue, green and red). However, in band 4 beyond 0.79 µm, the spectral 

response function of HJ-1 CCD decreases rapidly. 
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Figure 5. 1: Relative Spectral Response (RSR) profiles of L5 TM, L7 ETM+ and HJ-1 

CCD sensors. 

5.1.2 Cross Comparison of Sensors 

Figure 5.2 shows the comparison of Landsat and HJ-1 coincident scenes over 

homogenous water regions. In each set, the TOA reflectance from Landsat was 

compared to the TOA reflectance of the HJ-1 CCD sensor, and a linear fit was 

calculated for each band. It can be observed that all bands were found to be very 

consistent with each other and showed a high correlation coefficient. The 

correlation for the first three bands was generally found to be ≥ 0.93, while for 

band4 it was approximately 0.80, except the 1 December 2010 image for which it 

was 0.70. The possible reason for a relatively lower correlation in band4 could be 

attributed to the difference in the RSR function of the sensors in this band.  
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Apart from the above difference the Landsat TM/ETM+ and HJ-1 CCD sensors 

have similar band designations, data bit levels and spatial resolutions and this good 

mutual relationship provides a sound basis for combining data from the two sensors. 

 

Figure 5. 2: Comparison of TOA reflectance of homogenous water regions viewed 

near-simultaneously by Landsat TM/ETM+ and HJ-1 CCD sensors. 
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5.2 Evaluation of Atmospheric Correction Methods 

Due to easier access to ground sites, as compared to sea water areas, and to 

increase the number of in situ data points with satellite overpass, some terrestrial 

feature types, e.g. sand, artificial turf and grass sites were also considered along with 

water sites for testing different atmospheric correction methods. The performance 

of each atmospheric correction method was assessed by comparing the SR 

difference between the in situ M R measured and satellite estimated  R (i.e. M R 

 R    Estimated  R). In Figures 5.3 to 5.7 the upper x-axis represents different 

atmospheric correction methods and y-axis represents the percentage difference 

between the in situ measured SR and the satellite estimated SR. The color and width 

of each bar represents a specific band e.g. blue, green, red and dark yellow colors 

represent B1, B2, B3 and B4, respectively. Negative difference value shows that a 

specific method has overestimated the SR while a positive value shows that the 

method has underestimated the SR. 

5.2.1 Sand Sites 

Among the different methods, overall 6S performed best (Figure 5.3), 

showing results much closer to the in situ SR, compared with FLAASH and ATCOR. 

Over the four dates the maximum SR difference (absolute) for 6S was 10.8%, 7.4%, 

11.0% and 14.6% for B1 to B4, respectively. For the three physical based 

atmospheric correction methods, the urban aerosol model appeared best for highly 

reflective sand sites. Of the two image-based methods, ELM showed comparable 

results to 6S, with maximum SR differences from the in situ SR, of 9%, 7.8%, 10% 

and 14% for B1 to B4, respectively. 

The Landsat SR product (LEDAPS) showed large differences from the in situ 

measured SR, underestimating SR in all four bands. For one date (20-Oct-13), the 

differences between LEDAPS and in situ measured SR were 12.8%, 15.4%, 18% and 

12.6%, while for the same date the 6S urban aerosol model showed much lower 



   Results and Discussion  Chapter 5 

 
 

82 
 

maximum SR differences of 4.6%, 7.4%, 10.6% and 4.1% for B1 to B4, respectively. 

The LEDAPS differences were also higher than the SR difference reported by 

Maiersperger et al. (2013) for spectrally brighter sites, which has also used LEDAPS. 
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Figure 5. 3: Comparison of in situ MSR SR and the estimated SR for sand sites. From top the first row shows the results for 20-

Oct-13 image of ETM+, second row shows the results for 3-Dec-13 image of HJ-1A CCD1, third row shows the results for 6-Dec-

13 image of HJ-1A CCD2 and fourth row shows the results from 7-Dec-13 image of HJ-1A CCD2, for three sandy beach areas 

Repulse Bay Beach (RBB), Shek O Beach (SOB) and Big Wave Bay Beach (BWBB).
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5.2.2 Artificial Turf Sites 

The 6S and FLAASH with maritime aerosol model, were the best performing 

models over moderately reflecting artificial turf areas (Figure 5.4). Over the three 

dates the maximum SR difference was 8.9%, 10.6%, 6.4% and 7.8% for B1 to B4, 

respectively. While for one date (7-dec-13), LEDAPS performed poorly compared to 

6S and FLAASH. Among the image based methods DOS was overall better than the 

ELM, and performed even better than 6S for bands 3 and 4. 

 

Figure 5. 4: Comparison of in situ MSR SR and the estimated SR for two artificial 

turf areas. From top the first row shows the results for 7-Dec-13 image of ETM+, 

second row shows the results for 6-Dec-13 image of HJ-1A CCD2 and third row 

shows the results from 7-Dec-13 image of HJ-1A CCD2. 
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5.2.3 Grass Sites 

The 6S with continental aerosol model was the overall best method for the 

grass sites (Figure 5.5) except for two sites (THTRG-S and AAF) on one date (7-Dec-

13 HJ-1 A image) where band 4 showed a difference of 10%. For these, the 6S urban 

model gave better results. For the grass area LEDAPS performed better, compared 

to its performance over other sites with SR differences of 2.4%, 1.3%, 0% and 2.7% 

for B1 to B4, respectively and within the error range reported by Maiersperger et al. 

(2013) for grass sites using LEDAPS. 

 

Figure 5. 5: Comparison of in situ MSR SR and the estimated SR for three grass 

areas. Figure (a) shows the results for 7-Dec-13 image of ETM+ from a dry grass 

area of THTRG-S, figure (b), (c) and (d) show the results for 7-Dec-13 image of HJ-1A 

CCD2. 

5.2.4 Water Sites 

Over water, the 6S model was significantly better than the other methods 

when using the continental or maritime aerosol model for all the sampling sites 

(Figure 5.6). The maximum differences were 1.2%, 2.6%, 1.4% and 2.3% for B1 to 

B4, respectively. ATCOR performed poorly over the water sites by estimating 
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negative or zero SR for B1 to B3, and showed no differences between the bands or 

between the sampling sites for all three aerosol models, suggesting insensitivity of 

ATCOR to scene and spectral parameters. Of the two image-based methods, DOS 

outperformed ELM in all bands, while B1 and B3 of ELM greatly underestimated the 

SR. Overall, the 6S physical method slightly outperformed DOS and greatly 

outperformed all other methods. 

 

Figure 5. 6: Comparison of in situ MSR SR and the estimated SR for water sites for 

the 17-Jan-13 image of HJ-1 B CCD2. 

5.2.5 Sensitivity Analysis 

As 6S, outperformed all the other methods for all types of surfaces and 

specifically over water it was further subjected to a sensitivity analysis, to analyze 
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the effect of sensor specific uncertainties in AOD (Equation 4.8), WV (5 – 10%) and 

O3 concentration (1.3 – 2.2%). The analysis was undertaken by randomly defining 

20 AOIs (Area of Interest), each consisting of a 3×3 pixel window over water for the 

17-Jan-13 image. The value of AOD was increased/decreased by 2 – 5% as well as by 

an amount corresponding to the EE which is approximately 23% (calculated using 

Equation 4.8), WV was increased/decreased by 5 – 10%, and O3 was also 

increased/decreased by 2 – 5%. The descriptive statistics (Table 5.1) used are the 

Mean, Difference (Diff) (between the initial and new estimated SR value), Standard 

Deviation (StDev), Minimum (Min) and Maximum (Max). The Sr#1 "Initial" in Table 

5.1 represents the statistics of the 17-Jan-13 image when the value of AOD was 0.66, 

WV was 3.0 (g/cm2) and O3 was 0.25 (cm-atm) (Table 4.5). In Table 5.1, Sr#2–7 

represents the new AOD values when it was varied from its initial value to ±2%, 

±5% and ±23%, Sr#8–11 represents the new WV values when WV was varied from 

its initial value to ±5% and ±10%, and Sr#12–15 represents the new O3 values when 

it was varied from its initial value to ±2% and ±5%, respectively. 

The sensitivity analysis showed that 6S was not greatly sensitive to the 

increase/decrease in AOD from ±2 to ±5% but was sensitive when its value was 

increased/decreased according to the expected error (about 23%) and when the 

difference in SR was varied from -2% to 3% of surface reflectance for B1 – B4. It was 

found that the 6S SR was not sensitive to the variation in WV (±5 to ±10%) and O3 

(±2 to ±5%), as there was no change at all in the estimated SR in any band (except 

for band2 [1%] when the O3 value was increased by 5%). Therefore, it can be 

concluded that when using the maritime aerosol model, the 6S SR is sensitive when 

the AOD value is increased/decreased by  23% or above from its initial value, while 

it is insensitive for variations in WV and O3. As both satellite systems (Landsat ETM+ 

and HJ-1 A/B) have the same spatial (30m), and spectral (8-bit) resolutions  and 

similar RSR functions, it is assumed that any differences in results are not due to 

sensor differences. 
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Table 5. 1: Descriptive statistics for the 6S (maritime aerosol model) sensitivity with the Aerosol Optical Depth (AOD), Water 

Vapor (WV) and Ozone (O3), for 17-Jan-13 image. 

Sr# Variable 

Band 1 Band 2 Band 3 Band 4 

Mean 
Diff 

(%) 
StDev Min Max Mean 

Diff 

(%) 
StDev Min Max Mean 

Diff 

(%) 
StDev Min Max Mean 

Diff 

(%) 
StDev Min Max 

1 Initial 0.05 --- 0.02 0.03 0.09 0.06 --- 0.02 0.04 0.11 0.04 --- 0.02 0.02 0.09 0.02 --- 0.02 0.00 0.07 

2 AOD + 0.02 AOD 0.05 0 0.02 0.03 0.09 0.06 0 0.02 0.04 0.11 0.04 0 0.02 0.02 0.09 0.02 0 0.02 0.00 0.07 

3 AOD - 0.02 AOD 0.05 0 0.02 0.04 0.09 0.07 -1 0.02 0.04 0.12 0.04 0 0.02 0.02 0.09 0.02 0 0.02 0.00 0.07 

4 AOD + 0.05 AOD 0.05 0 0.02 0.03 0.09 0.06 0 0.02 0.04 0.11 0.03 -1 0.02 0.01 0.09 0.02 0 0.02 0.00 0.07 

5 AOD - 0.05 AOD 0.06 -1 0.02 0.04 0.09 0.07 -1 0.02 0.05 0.12 0.04 0 0.02 0.02 0.09 0.02 0 0.02 0.00 0.07 

6 AOD + EE AOD 0.02 +3 0.02 0.00 0.06 0.04 +2 0.03 0.02 0.09 0.02 +2 0.02 0.00 0.07 0.00 +2 0.01 0.00 0.05 

7 AOD - EE AOD 0.08 -3 0.02 0.06 0.11 0.08 -2 0.02 0.06 0.13 0.06 -2 0.02 0.04 0.11 0.04 -2 0.02 0.02 0.08 

8 WV + 0.05 WV 0.05 0 0.02 0.03 0.09 0.06 0 0.02 0.04 0.11 0.04 0 0.02 0.02 0.09 0.02 0 0.02 0.00 0.07 

9 WV - 0.05 WV 0.05 0 0.02 0.03 0.09 0.06 0 0.02 0.04 0.11 0.04 0 0.02 0.02 0.09 0.02 0 0.02 0.00 0.07 

10 WV + 0.10 WV 0.05 0 0.02 0.03 0.09 0.07 0 0.02 0.04 0.12 0.04 0 0.02 0.02 0.09 0.02 0 0.02 0.00 0.07 

11 WV - 0.10 WV 0.05 0 0.02 0.03 0.09 0.06 0 0.02 0.04 0.11 0.04 0 0.02 0.02 0.09 0.02 0 0.02 0.00 0.07 

12 O3 + 0.02 O3 0.05 0 0.02 0.03 0.09 0.06 0 0.02 0.04 0.11 0.04 0 0.02 0.02 0.09 0.02 0 0.02 0.00 0.07 

13 O3 - 0.02 O3 0.05 0 0.02 0.03 0.09 0.06 0 0.02 0.04 0.11 0.04 0 0.02 0.02 0.09 0.02 0 0.02 0.00 0.07 

14 O3 + 0.05 O3 0.05 0 0.02 0.03 0.09 0.07 -1 0.02 0.04 0.12 0.04 0 0.02 0.02 0.09 0.02 0 0.02 0.00 0.07 

15 O3 - 0.05 O3 0.05 0 0.02 0.03 0.09 0.06 0 0.02 0.04 0.11 0.04 0 0.02 0.02 0.09 0.02 0 0.02 0.00 0.07 
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5.2.6 Discussion 

5.2.6.1 Physical Atmospheric Correction Methods 

Overall, the bright and moderately bright surfaces of sand and artificial turf 

observed significantly lower accuracy for all wavebands and methods used. Overall 

6S was the most accurate for all selected surfaces, and was highly accurate over 

dark surfaces of water and grass, greatly outperforming all other methods. It was 

also found that the aerosol models used are heavy drivers in SR estimation. The 

contribution of the aerosol model varies with respect to the surface type, according 

to the surface reflectivity. For example, for the highly reflective sand surfaces, the 

urban aerosol model gave the best estimate, whereas for moderately reflective 

surfaces like artificial turf and lower reflective surfaces like grass, the maritime and 

continental aerosol models gave the best SR estimate. In the case of low reflective 

water surfaces, the good performance of the maritime aerosol model is probably 

due to its sensitivity to coarse maritime particles composed of sea salt. A summary 

of the best atmospheric correction methods and aerosol models based on the 

analysis of all the dates and sites is presented in Figure 5.7. For all the dates 

evaluated, 6S gave the lowest difference from the in situ data, over all surface types, 

and was especially effective over water. 

The rationale for the testing of different atmospheric correction methods 

and aerosol models over different surfaces specifically over water, was to select the 

most appropriate atmospheric correction method and an aerosol model for use over 

dark water surfaces. As the final aim of this study is to retrieve the WQPs, accurate 

SR estimation would enable us to estimate the WQPs with lower atmospheric error. 

Although the SR results over water have been validated only for one date, it is still 

better than selecting any atmospheric correction method and aerosol model 

randomly, or by using results from other study areas. For example, some studies 

(Sriwongsitanon et al. 2011; Duan et al. 2007) have estimated the WQPs using 

Landsat data but have not validated the atmospheric correction method or aerosol 
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model, while others have just used an image based method for retrieval of WQPs 

(Alparslan et al., 2007; Kabbara et al., 2008; Vincent et al., 2004). 

 

Figure 5. 7: Overall comparison of in situ MSR SR and estimated SR using different 

models for all the dates and sites. (a) SR comparison for sand areas, (b) artificial turf 

areas, (c) grass areas  and (d) water sampling locations. 

5.2.6.2 Image Based Atmospheric Correction Methods 

Among image based methods, the ELM performed equally well to the 

physical methods for the sand and grass areas while DOS performed well over water 

but showed greater differences from in situ SR than the physical methods. The good 

performance of DOS is probably because it is based on selection of dark pixels 

similar to water in the image. DOS also gave slightly better results than ELM for the 

artificial turf areas. The results suggest that among the image based methods, DOS is 

a good choice for SR estimation of dark surfaces like water as well as moderately 

reflective surfaces, while ELM is good for SR estimation of highly reflective surfaces 

like sand. In this study the ELM performed well, and better than DOS for grass and 
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sand sites but underestimated SR over water, which suggests some uncertainty in 

training of the ELM for dark water surfaces, as the line in ELM method represents 

both dark and bright targets (Figure 4.2). It can be expected that if the line 

construction had been restricted to dark areas, including a wider range of water 

types, ELM would have performed better over water. 

5.2.6.3 Evaluation of LEDAPS  

As the aerosol model in LEDAPS is not flexible (Ju et al. 2012) i.e. it uses a 

continental aerosol model globally for SR estimation, the LEDAPS results were 

compared to the direct runs of 6S using different aerosol models. LEDAPS greatly 

underestimated SR for the high reflective surfaces, and showed moderate but 

variable performance for artificial turf. Although LEDAPS performed better over 

grass than it did over other surfaces, it was still significantly less accurate than the 

6S continental model over the grass site. The LEDAPS validation results showed that 

the product accuracy was not within the expected uncertainty (3% for bands 1 to 4, 

defined by Maiersperger et al. 2013, for sand and artificial turf sites while for grass 

the LEDAPS SR difference from the in situ measured SR was within the expected 

uncertainty. The discrepancies in LEDAPS SR estimation might also be due to the 

use of relatively coarser resolution (2.5˚ × 2.5˚) water vapor data (used in the 

atmospheric correction) from National Centers for Environmental Prediction (NCEP) 

(Masek et al., 2006). 
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5.3 Clustering for Delineation of Water Zones 

FCM clustering was applied to the Landsat TM/ETM+ and HJ-1 CCD 

reflectance values associated with in situ Chl-a and SS concentrations, by varying the 

number of clusters c and the weighting exponent m to establish the optimal number 

of clusters as a function of the degree of separability between them. The clustering 

results were validated using two assessment parameters; the Partition Coefficient 

(PC) and the Xie Beni (XB) compactness and separation index.  

When Chl-a concentrations were used with coincident satellite measured 

reflectance data, the best results were achieved with five clusters (c=5) 

corresponding to an m value of 1.5 (Table 5.2). The five-cluster FCM algorithm was 

used to assign one class/cluster to each one of the 240 data points, according to 

their highest membership function. Among the five clusters, the largest cluster was 

C1 with approximately 28% of the data, while clusters C2, C3, C4 and C5  contained 

24%, 21%, 14% and 13% of the data, respectively. 

Table 5. 2: Summary of the FCM clustering results based on Chlorophyll-a 

concentrations. 

m 1.1 1.3 1.5 1.7 1.9 2.1 2.5 3.0 

c PC XB PC XB PC XB PC XB PC XB PC XB PC XB PC XB 

2 0.97 0.98 0.92 0.89 0.84 0.82 0.76 0.37 0.70 0.33 0.66 0.29 0.60 0.24 0.56 0.20 

3 0.97 1.30 0.87 1.02 0.75 0.81 0.64 0.66 0.56 0.54 0.50 0.45 0.42 0.33 0.38 0.24 

4 0.97 1.02 0.86 0.75 0.73 0.56 0.60 0.43 0.50 0.34 0.43 0.27 0.35 0.18 0.29 0.12 

5 0.98 1.04 0.85 0.72 0.72 0.51 0.58 0.38 0.48 0.29 0.40 0.22 0.31 0.14 0.25 0.09 

6 0.97 1.31 0.85 0.87 0.70 0.60 0.57 0.43 0.44 0.31 0.37 0.24 0.28 0.15 0.22 0.09 

7 0.98 1.28 0.85 0.83 0.68 0.55 0.55 0.38 0.43 0.27 0.35 0.20 0.25 0.12 0.19 0.07 

8 0.99 1.96 0.85 1.23 0.70 0.80 0.54 0.54 0.42 0.37 0.34 0.27 0.24 0.15 0.17 0.08 

9 0.99 1.94 0.84 1.18 0.69 0.75 0.54 0.49 0.42 0.33 0.32 0.24 0.22 0.13 0.17 0.08 

10 0.99 1.98 0.85 1.18 0.70 0.73 0.54 0.47 0.42 0.31 0.32 0.22 0.22 0.12 0.17 0.06 
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However, when SS concentrations were used along with coincident satellite 

measured reflectance data, the best results were achieved with four clusters (c=4) 

corresponding to an m value of 1.7 (Table 5.3). Hence, each of the 240 data points 

was assigned to a specific cluster based on its membership value. Among the four 

clusters, the largest cluster was C1 with 42% of the data, while clusters C2, C3 and 

C4 contained 22%, 20% and 16%, respectively. 

Table 5. 3: Summary of the FCM clustering results based on Suspended Solids 

concentrations. 

m 1.1 1.3 1.5 1.7 1.9 2.1 2.5 3.0 

c PC XB PC XB PC XB PC XB PC XB PC XB PC XB PC XB 

2 1.00 0.42 0.94 0.35 0.87 0.31 0.80 0.27 0.74 0.24 0.69 0.22 0.63 0.18 0.58 0.15 

3 0.98 0.76 0.91 0.59 0.81 0.47 0.71 0.38 0.63 0.32 0.57 0.27 0.49 0.20 0.42 0.15 

4 0.99 0.64 0.91 0.46 0.81 0.34 0.70 0.27 0.60 0.21 0.48 0.17 0.38 0.12 0.35 0.09 

5 0.98 0.86 0.91 0.59 0.79 0.42 0.68 0.31 0.57 0.24 0.49 0.19 0.37 0.13 0.30 0.09 

6 0.99 1.48 0.92 0.97 0.77 0.67 0.64 0.48 0.54 0.35 0.45 0.27 0.34 0.18 0.26 0.12 

7 0.99 1.27 0.90 0.80 0.79 0.53 0.66 0.37 0.55 0.27 0.42 0.21 0.30 0.14 0.23 0.09 

8 0.99 1.48 0.89 0.90 0.77 0.57 0.65 0.39 0.53 0.28 0.43 0.21 0.28 0.14 0.20 0.09 

9 0.99 1.45 0.91 0.85 0.76 0.53 0.64 0.35 0.47 0.25 0.41 0.19 0.28 0.12 0.21 0.08 

10 0.99 4.41 0.91 2.55 0.76 1.56 0.61 1.01 0.48 0.70 0.37 0.51 0.24 0.31 0.20 0.20 

 

When the in situ Chl-a and SS concentrations were used at a time with 

coincident satellite measured reflectance data, the best results were obtained with 

five clusters (c=5) corresponding to an m value of 1.5 (Table 5.4) and hence each of 

the 240 data points was assigned to a specific cluster based on its membership value. 

Among the five clusters, the largest cluster was C1 with 26% of the data, while 

clusters C2, C3, C4 and C5 contained 21%, 20%, 17% and 16% of the data, 

respectively. 
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Table 5. 4:  Summary of the FCM clustering results based on Chlorophyll-a and 

Suspended Solids concentrations. 

m 1.1 1.3 1.5 1.7 1.9 2.1 2.5 3.0 

c PC XB PC XB PC XB PC XB PC XB PC XB PC XB PC XB 

2 0.98 0.61 0.92 0.52 0.84 0.45 0.76 0.39 0.70 0.35 0.65 0.31 0.59 0.26 0.55 0.21 

3 0.98 1.43 0.86 1.11 0.74 0.89 0.63 0.72 0.55 0.59 0.49 0.50 0.42 0.36 0.38 0.25 

4 0.98 1.52 0.85 1.12 0.69 0.84 0.59 0.64 0.49 0.50 0.42 0.40 0.34 0.27 0.28 0.17 

5 0.97 1.32 0.85 0.92 0.71 0.66 0.57 0.48 0.46 0.36 0.39 0.28 0.30 0.18 0.25 0.11 

6 0.98 1.45 0.85 0.97 0.72 0.67 0.57 0.48 0.44 0.35 0.35 0.26 0.27 0.16 0.21 0.10 

7 0.98 2.07 0.85 1.33 0.70 0.89 0.57 0.61 0.42 0.44 0.34 0.32 0.23 0.19 0.19 0.11 

8 0.99 1.34 0.86 0.83 0.70 0.54 0.55 0.36 0.43 0.25 0.31 0.18 0.23 0.11 0.17 0.06 

9 0.99 2.00 0.87 1.22 0.71 0.77 0.55 0.51 0.42 0.35 0.33 0.24 0.21 0.13 0.16 0.08 

10 0.99 2.01 0.86 1.20 0.71 0.74 0.54 0.48 0.42 0.32 0.31 0.22 0.22 0.12 0.15 0.07 

 

Overall the FCM clustering results suggested the existence of four to five 

spectrally different water types in the coastal waters of Hong Kong, when clustering 

was performed by combining the water SR data from the first four bands of Landsat 

TM/ETM+ and HJ-1 CCD sensors with the Chl-a and SS concentrations separately 

and  by combining both WQPs (Figure 5.8). The existence of five optically different 

water types has been proved more appropriate for delineation of the Water Quality 

(WQ) zones, as the clustering based on Chl-a concentrations and based on combined 

usage of Chl-a and SS concentrations has suggested similar clustering results with 

five WQ zones.  Based on the three clustering results (Figure 5.8 a, b and c), clusters 

similar to each other (in terms of their geographical extent) were identified and 

ultimately used for delineation of WQ zones (Table 5.5). 
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Table 5. 5: Defining Water Quality (WQ) zones based on the similarity between the 

clustering results shown in Figure 5.8 (a, b and c). 

WQ Zone 
Cluster on Figure 5.8 

Figure (a) Figure (b) Figure (c) 

Zone 1 C4 C2 C5 

Zone 2 C1 C1 C1 

Zone 3 C3 C4 C2 

Zone 4 C5 C3 C4 

Zone 5 C2 C3 C3 
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(a) (b) 

(c) 

Figure 5. 8: Spatial distribution of the five optically different 

water types determined by FCM clustering based on (a) Chl-a 

concentrations, (b) SS concentrations and (c) combined 

concentrations of Chl-a and SS. Cluster memberships (u) for each 

water type ranges between 0.45 and 1.0 and was separately 

interpolated using point kriging. 
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Figure 5. 9: Mean water surface reflectance spectra for each cluster obtained using 

the FCM clustering (a) Chl-a concentration based FCM clustering results with c=5 

and m=1.5, (b) SS concentration based FCM clustering results with c=4 and m=1.7 

and (c) FCM clustering results with c=5 and m=1.5 when Chl-a and SS 

concentrations were combined. 

The physical meaning of the spectrally different water types obtained using 

FCM clustering can be understood by their respective spectral curves (Figure 5.9). 

Based on the three clustering results, five optically different water zones were 

identified (Figure 5.10), among them Zone-1 was identified in the Northeastern side 

of Hong Kong, covering Tolo Harbour and North eastern waters. It was found to be 

the clearest  water zone and hence showed lowest water SR in all bands (Figure 5.9). 

Zone-2, in the Southeastern part of Hong Kong showed an intermediate reflectance 

in bands B1 to B3 and lowest reflectance in B4. The lowest water SR value in B4 for 

Zones 1 and 2, indicates that these water zones have clear water due to which all 
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radiation is absorbed in the NIR band (B4). Zone-3 which covers Port Shelter and 

eastern waters of  Victoria Harbour, shows higher water SR in B1 to B3 than Zones 1 

and 2, but the highest value of SR in B4. This could be attributed to sediment 

enrichment of this zone due to land based sediment erosion and sediment plumes 

generated with ship wakes, because of the high ship traffic in this area which 

includes Victoria Harbour. Zone-4, covering the Western central waters of Hong 

Kong and Southern side of Lantau Island, shows high water SR in all bands. These 

waters receive sediment loadings from the PRD combined with sediment pollution 

from ship plumes and land based erosion. Zone-5 observed the overall highest 

reflectance values in all bands, indicating that the western and southern waters are 

highly turbid. The higher values in this zone are due to high sediment loadings from 

the PRD. Among the five zones defined in this study, the 76 EPD defined water 

quality monitoring stations are fairly distributed as 15, 11, 12, 18 and 20, 

respectively, for Zones 1 to 5. 

 

Figure 5. 10: Spatial distribution of the 76 monitoring stations over the five fuzzy 

water zones determined by FCM clustering. 
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5.3.1 Discussion 

Hong Kong's coastal area is complex in nature as it exhibits different types of 

water in eastern, western and central areas. The currently existing water zones 

(Figure 3.3), defined by Hong Kong EPD are based on ease of access to the sampling 

locations rather than on water quality alone. Therefore FCM clustering has been 

employed which suggested the existence of five optically different water types in the 

coastal waters of Hong Kong. The two WQPs Chl-a and SS concentrations, were used 

to define potential water zones, as these two parameters are key indicators for the 

health of an ecosystem. The Chl-a concentration represents the chemical and 

biological productivity while SS concentration indicates the physical condition of the 

marine ecosystem. A certain amount of the Chl-a is required for marine life while 

higher concentrations e.g. red tides are dangerous. Similarly the physical health of 

the marine ecosystem can be analyzed by the apparent color of a water body where 

higher SS concentrations limit the penetration of light which is necessary for the 

growth of underwater organisms. 

The defined water zones (Figure 5.10) also had physical significance in terms 

of the water SR in each band, as the SR for Zones 1 and 2 in Bands 1 to 3 was lower 

than other bands. Specifically this lowest reflectance in band 4 also indicates that 

these water zones represent a clearer type of water, while Zones 4 and 5 showed 

higher reflectance indicating the high sediment contribution from the PRD. Zone 3 

shows intermediate reflectance in all bands. In the EPD zones (Figure 3.3) the 

Southern waters are covered in one zone (named: Southern) while the FCM 

clustering (Figure 5.10) has split the same area into Zones 4 and 5. Although the 

spectral trend of both zones is similar but Zone 4 (clusters - C5, C3 and C4 in Figure 

5.9 a, b and c, respectively) shows lower reflectance in all bands. The southern part 

of Zone 5 (south of Lamma Island) is distinctive in nature,  and the FCM clustering 

included this area in Zone 5  because  the water quality stations showed a 

membership value (u) of  0.55 to 0.80 (Figure 5.8), which was higher than their 

membership value for any other cluster/water zone. 
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Figure 5. 11: 13-year (2000-2012) monthly average trend of in situ measured 

Temperature (right hand side Y-axis), SS and Chl-a concentrations (left hand side Y-

axis) for the five water zones defined using FCM clustering. 
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A 13-year (2000-2012) monthly average trend of water surface temperature, 

Chl-a and SS concentrations which were measured in situ, is presented in Figure 

5.11 for the five water zones. It is evident that among the other water zones, the 

Zones 4 and 5 showed continuously high SS concentrations. Zone 5 waters are 

affected by the SS contribution from PRD while Zone 4 waters, the South of Hong 

Kong are affected by the southeasterly movement of SS due to the winter monsoon 

which is observed from October to January. The sediment loading due to the winter 

monsoon is smaller than the loadings from PRD. Two HJ-1 images have been 

presented which show the southeasterly movement of SS due to monsoon during 

January (Figure 5.12 a) and the same area imaged during April when monsoon has 

passed (Figure 5.12 b). The movement of the sediments transport can be observed 

on Figure 5.12 (a) (highlighted with red lines). 

 

Figure 5. 12: HJ-1 A/B image of (a) 10 January 2014 (b) 11 April 2011. 
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Chl-a showed higher concentration in Summer from May to September, and 

appears to respond to the physical characteristics of the coastal waters of Hong 

Kong represented by SS, as well as the water temperature. Phytoplankton require 

sunlight and nutrients for growth. Under favorable environmental conditions, 

phytoplankton can reproduce very quickly and very high numbers may be found in 

a water body. This phenomenon is called "algal bloom", also known as "red tide". 

Apart from nutrient enrichment and sunlight, red tide formation can be affected by 

temperature. It is observed (Figure 5.11) that when temperature is high the Chl-a 

concentration is also higher in all the defined zones, except Zone 3. 

SS concentrations were found to be insensitive to the variation in 

temperature. Zones 1, 2 and 3 show a constant value of SS concentrations ranging 

from 2 to 3 mg/l throughout the year although higher concentrations can be 

observed from September to December. But Zones 4 and 5 exhibit higher 

concentrations in the winter season from September to March. The possible reason 

for the higher concentrations of SS in these zones is due to the position of these 

zones  on the western side of Hong Kong, which receive heavy SS loads from the 

Pearl River estuary, or there is some other underlying reason which is yet unknown. 

Red tides can deplete oxygen in the water when the dead algae decompose 

and cause massive fish kills. In Hong Kong, red tides occur more commonly in semi-

enclosed water bodies (e.g. Tolo Harbour) with low tidal flushing rate. A total of 858 

red tides were recorded around Hong Kong between 1980 and 2012  and occurred 

more frequently in eastern (72%) and southern (18%) waters. The most common 

red tide species in Hong Kong waters was the dinoflagellate Noctiluca scintillans, 

which accounted for approximately 29% of the reported red tide cases. 
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5.4 Global Modeling of Chlorophyll-a (Chl-a) and Suspended Solid 

(SS) Concentrations 

To develop a single (Global) model for the whole coastal area of Hong Kong, 

Regression Modeling (RM) and artificial Neural Network (NN) techniques were used 

for the estimation of Chl-a and SS concentrations. 

5.4.1 Modeling of Chl-a Concentrations 

5.4.1.1 Regression Modeling of Chl-a Concentrations 

a) Defining Spectral Bands 

The empirical band ratio algorithms used for estimation of water quality 

parameters from remote sensing data in Case 2 waters have different relationships 

for different geographical locations because of relationship between a specific water 

quality parameter and  image wavebands varies from one water type to another.  

Initial analysis suggested a low correlation between Chl-a and SR  in the first four 

bands. Therefore, different band combinations were tested to see if the correlation 

could be improved. Using these four bands, 48 different band combinations were 

defined and a correlation matrix was developed (Table 5.6) to select the most 

suitable variables for regression model. The band combinations were derived 

through band ratioing, multiplication, averaging, square, logarithmic and square 

root transformations. 
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Table 5. 6: Correlation coefficient (R) and statistical significance (p-value) for 

Landsat TM/ETM+ and HJ-1 CCD bands and their combinations with in situ Chl-a 

concentrations. (AV = average) 

Variable R p-value Variable R p-value Variable R p-value 

B1 -0.23 0.00 AV(B1,B2) -0.14 0.05 B1/(B4) 2 -0.04 0.55 

B2 -0.06 0.44 AV(B1,B3) -0.08 0.25 B2/(B1) 2 0.23 0.00 

B3 0.07 0.32 AV(B1,B4) -0.02 0.74 B2/(B3) 2 -0.09 0.21 

B4 0.25 0.00 AV(B2,B3) 0.00 0.98 B2/(B4) 2 -0.04 0.55 

B1*B2 -0.17 0.02 AV(B2,B4) 0.08 0.30 B3/(B1) 2 0.83 0.00 

B1*B3 -0.06 0.44 AV(B3,B4) 0.17 0.02 B3/(B2) 2 0.02 0.77 

B1*B4 0.09 0.24 AV(B1,B2,B3) -0.07 0.31 B3/(B4) 2 -0.04 0.56 

B2*B3 0.01 0.90 AV(B1,B2,B4) -0.04 0.57 B4/(B1) 2 0.71 0.00 

B2*B4 0.13 0.06 AV(B2,B3,B4) 0.08 0.30 B4/(B2) 2 0.04 0.54 

B3*B4 0.16 0.03 AV(B1,B3,B4) 0.02 0.82 B4/(B3) 2 -0.08 0.25 

B2/B1 0.28 0.00 (B1) 2 -0.25 0.00 Ln(B1) -0.19 0.01 

B3/B1 0.26 0.00 (B2) 2 -0.08 0.30 Ln(B4) 0.19 0.01 

B3/B2 0.14 0.06 (B3) 2 0.07 0.36 SQRT(B1) -0.21 0.00 

B4/B1 0.32 0.00 (B4) 2 0.19 0.01 SQRT(B3*B4) 0.20 0.01 

B4/B2 0.21 0.00 B1/(B2) 2 -0.12 0.10 SQRT(B3/B1) 0.26 0.00 

B4/B3 0.00 0.97 B1/(B3) 2 -0.10 0.17 SQRT(B4/B1) 0.33 0.00 

 

b) Selection of a Suitable Model 

Among the variables defined in Table 5.6 (using the 200 coincident satellite and 

in situ observations from 2000-2010), some were found to be statistically significant 

but had low correlation with Chl-a concentrations, whereas B3/(B1)2 and B4/(B1)2 

were found to be statistically significant (p-value = 0.0) and had the highest 

correlations with Chl-a concentrations, therefore these two variables were 

considered for regression models Chla-RM1 (Equation 5.1) and Chla-RM2 (Equation 

5.2), respectively. The regression models were evaluated on the basis of higher 

correlation coefficient (R), lower Root Mean Square Error (RMSE) and statistical 

significance (p-value) for the regression parameters. The results show that model 

Chla-RM1 with higher R of 0.83 can explain more variance in Chl-a concentrations 
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with lower RMSE of 1.69 µg/l than Chla-RM2 model which had R of 0.71 and RMSE 

of 3.20 µg/l. 

                                                        (5.1) 

                                                                          (5.2) 

c) Validation of the Models 

To test the robustness of the regression models developed using coincident data 

from 2000–2010, the predicted Chl-a concentrations were validated with additional 

in situ data of Chl-a concentrations at 40 stations for the years 2011 and 2012 

(Figure 5.13). Both models were found to overestimate low Chl-a concentrations 

and underestimate high Chl-a concentrations, but model Chla-RM2 shows greater 

deviation from the 1:1 line (Figure 5.13). Chla-RM1 appears more accurate, with a 

higher correlation of 0.89 and lower RMSE of 0.93 µg/l than Chla-RM2, with 

correlation of 0.69 and RMSE of 8.74 µg/l. 

 

Figure 5. 13: Validation results of predictive regression models (a) Chla-RM1 and (b) 

Chla-RM2. 

Model Chla-RM1 which uses the ratio of two Chl-a absorption bands, B3 (0.63–

0.69 µm) and B1 (0.45–0.52 µm) shows good prediction ability of Chl-a. However 

Chla-RM2, which uses the ratio of B4 and B1 (representing Chl-a scattering and 
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absorption bands, respectively) shows overestimation for the low Chl-a 

concentrations and underestimates higher concentrations. 

To further investigate performance of the models, the in situ measured and 

predicted Chl-a concentrations were compared with corresponding concentrations 

of Suspended Solids (SS) and Turbidity (TU) (measured in Nephelometric Turbidity 

Units, NTU) from the same sites (Figure 5.14). Figure 5.14 indicates that the 

prediction power of Chla-RM2 decreases as the concentration of SS and TU increases, 

whereas Chla-RM1 gives acceptable results throughout the SS range. The greater 

ability of Chla-RM1 may be due to the differential response of its incorporated blue 

and red spectral bands to Chl-a and SS. While both bands are equally absorptive for 

Chl-a, the red spectral region scatters SS more than blue, thus the ratio of these two 

bands would tend to increase the difference between the two water constituents 

and help to isolate the Chl-a from SS. Thus it appears that Chla-RM1 can accurately 

estimate Chl-a even in highly turbid waters. 

 

Figure 5. 14: Comparison of in situ measured and predicted Chl-a concentrations 

using Chla-RM1 and Chla-RM2 for 40 in situ samples (in increasing amounts of in situ 

Chl-a concentrations from 1-40), with Turbidity and Suspended Solids. 
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Figure 5.14 demonstrates that model Chla-RM1 is able to significantly 

differentiate the Chl-a signal from that of SS, as if it was influenced by the signal 

from SS concentrations, the Chl-a estimated using Chla-RM1 (green line on Fig. 5.14) 

would have followed the line of in situ measured SS concentrations (orange line on 

Fig. 5.14). The in situ measured Chl-a concentrations show a continuous increase 

when the SS and TU concentrations decrease, except for observations 37 and 38 

which are located in Deep Bay area where both high sediment loads and pollutants 

are discharged into the bay. In terms of the main phytoplankton species found in 

Hong Kong waters which are diatoms and dinoflagellates (HKEPD, 2013), both of 

these show a low specific absorption3 for blue (0.45–0.52 µm) but are high in the 

red region (0.63–0.69 µm) (Figure 5.15) (Sadeghi et al., 2012). An algal bloom 

examined in Section 5.4.1.3 is red in color at the water surface as shown in Figure 

5.18 (d). The differential sensitivity of algal species in the blue and red wavelength 

regions may explain the greater ability of the ratio of red and blue bands to estimate 

Chl-a over study area. 

 

Figure 5. 15: Specific absorption spectra of diatoms (blue), dinoflagellates (red) and 

coccolithophores (E. huxleyi) (green). (After Sadeghi et al. 2012). 

                                                           
 

3 Absorption coefficient at a given wavelength, normalized to the chlorophyll concentration in the 
sample 
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5.4.1.2 Neural Network Modeling of Chl-a Concentrations 

A Multi Layer Perceptron (MLP) NN was implemented for the retrieval of 

Chl-a concentrations from Landsat TM/ETM+ and HJ-1 CCD images. The basic 

architecture of the MLP network used for Chl-a estimation is as shown in Figure 

5.16. It consists of an input layer with four nodes (SR values from four bands); one 

hidden layer with eight neurons; and an output layer with a unique node associated 

with the desired output, i.e. the Chl-a concentration. 

 

Figure 5. 16: Basic architecture of the MLP neural network used for estimation of 

Chl-a concentrations. 

To achieve a best possible output, the network was trained using the 

coincident satellite and in situ data corresponding to 200 observations from 2000 to 

2010 (Figure 5.17 a). In the training phase a relationship between the SR of first 

four bands and the desired output (Chl-a concentrations) was established based on 

the weight values for each connection. The weights were adjusted iteratively to 

minimize the error, computed between the modeled and the actual output. Finally 

the modeled output (called "Output" in NN modeling) was compared with actual 

output (called " Target " in NN modeling) and the difference between these two was 

calculated. By adjusting the internal weights through an iterative process the 
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network error was reduced through back-propagation i.e. the network adjusted its 

weights, starting with the output layer and working back through the network. 

 

Figure 5. 17: (a) Training of the neural network for estimation of Chl-a 

concentrations using collocated satellite and in situ data from 2000 to 2010 (N = 200) 

and (b) validation of the developed neural network model (Chla-NN) for 40 

observation (for 2011 and 2012). 

The developed NN based model (Chla-NN) was then validated using 

additional in situ data of Chl-a concentrations corresponding to 40 observations for 

years 2011 and 2012 (Figure 5.17 b). The validation shows a correlation of 0.88 

between the in situ measured and the NN estimated Chl-a concentrations, and a fit 

with slope of 0.85. The model Chla-NN can also estimate the Chl-a concentrations 

over a wide range, suggesting its suitability  for routine monitoring of the Chl-a 

concentrations over the study area. 
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5.4.1.3 Application of the Developed Models for Red Tide Monitoring 

Extensive algal blooms or red tide events occur around Hong Kong in late 

summer or early autumn (HKEPD, 2013). These algal blooms are mostly dominated 

by diatoms and dinoflagellates, which cause massive mortalities of aquaculture fish 

and numerous ecological and health impacts. Recently a massive red tide (over 500 

hectares) with the scientific name Karenia brevis, was reported in the eastern 

coastal waters of Shenzhen, near Dameisha beach, Shenzhen China on 25 November 

2014 (CCTV America, 2014). Several red tide events were observed along other 

coasts of Hong Kong during this period. When anomalously high Chl-a concentration 

levels are detected in coastal waters, these are indicators for a potential algal bloom 

(Shutler et al., 2012; Tomlinson et al., 2009). Therefore, to test the robustness of the 

developed models Chla-RM1 and Chla-NN, these were applied to the Landsat 8 OLI 

image of 25 November 2014. Both models were found to be capable of mapping the 

extremely high Chl-a concentrations of greater than 60 µg/l (Figure 5.18 c & d) for 

the affected area. Most areas within the red tide had a Chl-a concentration range 

from 30–40 µg/l, and highest values (greater than 60 µg/l) were only found within 

the central part of the red tide. The true color aerial photograph of the area on the 

same date (Figure 5.18 e) indicates extremely high concentrations of phytoplankton 

across the region. Continuous monitoring of algal blooms, based on these models 

can assist in early identification of algal blooms including their intensity and extent. 
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Figure 5. 18: Chlorophyll-a concentration map for the eastern coastal waters of 

Shenzhen affected by red tide (a) index map, (b) true color image of Landsat 8 OLI 

sensor acquired on 25 November 2014, (c) Chl-a concentration map of the red tide 

affected area using model Chla-RM1, (d) Chl-a concentration map of the red tide 

affected area using Chla-NN model and (e) aerial photograph of the main red tide 

affected area (photo credits: Xinhua). 
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5.4.1.4 Application of the Developed Models for Synoptic Mapping of Chl-a 

Concentrations 

Chl-a concentration maps for the L5 TM image of 2 January 2009 (Figures 

5.19 and 5.20) were generated using the Chla-RM1 and Chla-NN models. The maps 

give a synoptic view of Chl-a concentrations over whole Hong Kong. High Chl-a 

concentrations can be observed at several points adjacent to the shoreline where 

concentrations of SS and TU are known to be high, namely the north western part of 

Hong Kong and near some shorelines due to nutrient-rich runoff from agricultural 

land. In the eastern part of Hong Kong concentrations are low except in Mirs Bay 

and Tolo Harbour areas, which are often attacked by red tides (HKEPD, 2013). Here, 

Chl-a concentrations range from 8.0–16.0 µg/l. The higher concentrations of Chl-a in 

the northern part of Deep Bay is due to agricultural runoff in a situation of shallow 

water and pronounced stratification. Deep Bay is shallow, with depths varying from 

2 m to 8 m and its sediment laden water is impacted by pollution from both Hong 

Kong and the Chinese mainland including discharges from Shenzhen River as well as 

some local unsewered villages (HKEPD, 2013). 

To further explore the implication of the developed models, the areas of 

Victoria Harbor (VH), and a subset of Zone 2 are  zoomed and Chla-RM1 model 

results are presented (Figure 5.19). The VH lying between the eastern and western 

waters, shows moderate concentrations of Chl-a, ranging from 6.1–8.0 µg/l. This 

area is constantly crossed by ships and also receives direct sewage from adjacent 

urban areas, possibly explaining the patchy distribution of Chl-a in VH. The subset of 

Zone 2 represents a low Chl-a situation, ranging from 1–4 µg/l. The values in 

parentheses adjacent to each water quality station represent actual coincident Chl-a 

concentration value measured by EPD within 2 hours of the image, which are all  in 

the range 1.0–1.5 µg/l, corresponding to the concentrations mapped using Chla-RM1. 
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Figure 5. 19: Chlorophyll-a distribution map (Chla-RM1 model) of Hong Kong for 2 

January 2009 and actual in situ measured Chl-a concentrations for the subset of 

Zone 2. 
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Figure 5. 20: Chlorophyll-a distribution map (Chla-NN model) of Hong Kong for 2 

January 2009. 

5.4.1.5 Sensitivity Analysis 

To test  the dependence of the Chl-a concentration on SR, a sensitivity 

analysis was conducted for Chla-RM1 by increasing/decreasing the SR of B1 and B3 

by 1%, 2% and 5%. The descriptive statistics used are the Maximum (Max), 

Minimum (Min), Mean, Absolute Difference in percent (| Diff % |) (between initial 

mean and the new estimated mean values) and Standard Deviation (StDev) (Table 

5.7). 
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The sensitivity analysis showed that Chl-a is two times more sensitive to 

the SR of B1 than to B3. The retrieved Chl-a concentration changed by 

approximately  4% (9%), 9% (18%), and 22% (47%) when SR of B3 (B1) was varied 

by 1%, 2% and 5% from its initial value. As discussed in Section 5.2.4, an absolute 

difference of about 1% was observed between the actual and estimated SR of B1 and 

B3 using 6S. Therefore it is expected that Chl-a concentration may vary by 4% from 

its estimated value due to uncertainty in the atmospheric correction i.e. when SR of 

both bands (B1 and B3) is simultaneously increased/decreased by 1% (Table 5.7, 

Sr# 14 and 15). From this it can be concluded that since estimation of Chl-a greatly 

depends on accuracy of SR, selection of an appropriate atmospheric correction 

method is essential. 

Table 5. 7:  Descriptive statistics for the Chla-RM1 model sensitivity with surface 

reflectance of Band1 (B1) and Band3 (B3). Where c = -1.87 and m = 0.46. 

Sr# 
SR varied from 

its initial value 
Variable Max Min Mean | Diff % | StDev 

1 Initial c + m (B3)/(B1)² 6.73 0.36 2.52 0 1.44 

2 +1% of B3 c + m (B3+0.01B3)/(B1)² 6.82 0.38 2.57 4 1.46 

3 -1% of B3 c + m (B3-0.01B3)/(B1)² 6.64 0.34 2.48 4 1.43 

4 +2% of B3 c + m (B3+0.02B3)/(B1)² 6.90 0.40 2.61 9 1.47 

5 -2% of B3 c + m (B3-0.02B3)/(B1)² 6.56 0.31 2.43 9 1.41 

6 +5% of B3 c + m (B3+0.05B3)/(B1)² 7.16 0.47 2.74 22 1.51 

7 -5% of B3 c + m (B3-0.05B3)/(B1)² 6.30 0.25 2.30 22 1.37 

8 +1% of B1 c + m B3/(B1+0.01B1)² 6.56 0.31 2.44 9 1.41 

9 -1% of B1 c + m B3/(B1-0.01B1)² 6.90 0.40 2.61 9 1.47 

10 +2% of B1 c + m B3/(B1+0.02B1)² 6.40 0.27 2.35 17 1.39 

11 -2% of B1 c + m B3/(B1-0.02B1)² 7.08 0.45 2.70 18 1.50 

12 +5% of B1 c + m B3/(B1+0.05B1)² 5.93 0.15 2.11 41 1.31 

13 -5% of B1 c + m B3/(B1-0.05B1)² 7.66 0.60 3.00 47 1.60 

14 +1% of B3 & B1 c + m (B3+0.01B3)/(B1+0.01B1)² 6.64 0.34 2.48 4 1.43 

15 -1% of B3 & B1 c + m (B3-0.01B3)/(B1-0.01B1)² 6.82 0.38 2.57 4 1.46 
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5.4.1.6 Discussion 

The study has modeled the Chl-a concentrations for the coastal waters of 

Hong Kong using regression modeling and neural network techniques, using a 13-

year satellite and in situ collocated datasets. Both models (Chla-RM1 and Chla-NN) 

have demonstrated the potential for routine monitoring of Chl-a concentrations 

including their application for routine monitoring of red tides and synoptic mapping. 

The regression modeling, suggests that a  ratio of red and blue bands is able 

to represent 83% of the spatial variability in Chl-a concentrations in the complex 

coastal and estuarine waters surrounding Hong Kong, and is superior to the use of 

single bands and other band ratios. The effectiveness of this band ratio can also be 

attributed to the existence of specific phytoplankton species (diatoms and 

dinoflagellates) associated with Hong Kong waters. Furthermore, Chl-a 

concentrations in the coastal region of Hong Kong can reliably be predicted over a 

wide range of Chl-a and other water quality parameter concentrations, including 

low to high turbidity, as well as severe pollution events such as red tides. 

The correlation coefficient (R) of 0.83 obtained in this study is slightly 

lower than the R value of 0.85 reported by Kabbara et al. (2008) and Mahasandana 

et al. (2009). These studies used 34 and 12 in situ samples respectively for model 

development, did not validate the results, and used the same image for model 

development as for mapping the Chl-a distribution, thus their robustness is 

unknown. The current study validated the model with 40 additional in situ samples, 

obtaining an R value of 0.89, suggesting that the model is reliable over the wide 

range of water quality conditions analyzed. One weakness of this study may be the 

relative depth of the in situ samples at 1 m below the surface, which is below the 

 ecchi depth at seven out of the 240 locations, compared with Kabbara et al’s 

sample depth of 30–50 cm. However this would only be relevant if Chl-a 

concentrations were subject to large vertical gradients. 
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For the neural network approach the results are also insightful and show 

that the NNs are able to solve the non-linearity of the Chl-a concentrations and can 

explain up to 93% of the variability. The NN results were also validated using the 

same validation data as used for the regression model, giving a higher correlation of 

0.88. 

The models developed in this study were devised and tested using data 

from all times of year whereas most previous studies have used single or few dates 

for model development. The observed sensitivity of Chl-a to the SR, where an error 

of 1% in SR, would be expected to produce an error in Chl-a of 4% suggests that care 

should be taken in selection of an atmospheric correction method appropriate to the 

study area. Also, the models developed here should be considered more robust than 

previous remote sensing retrieval algorithms in complex regions, due to the much  

larger number of images and acquisition dates used in model development and 

validation than any previous studies with medium resolution images. 

The differentiation between the absorption by Chl-a and the response of 

other suspended materials depends on the spectral resolution and radiometric 

sensitivity of a given satellite sensor. Although the Landsat and HJ-1 sensors with 

their wide spectral bands were not specifically designed for ocean color monitoring, 

the results of the current study are good and the information derived is unique as it 

could not be gained from any other source at this high resolution for the study area. 

The complexity and wide range of Chl-a concentrations in the coastal 

region of Hong Kong pose severe challenges for routine monitoring, since the few in 

situ water quality observations cover a small fraction of the area for a limited time 

and severe water quality events such as algal blooms, may be overlooked. The 

models developed in this study are proven to be robust by detecting and quantifying 

the much higher Chl-a concentrations than previous studies including red tides. It is 

considered that the overall objective of the study: to offer a method for routine 

monitoring of Chl-a content in Hong Kong’s coastal regions has been achieved, 
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especially since sensors with similar wavebands and spatial resolution to Landsat 

and HJ-1 CCDs, such as Indian Resourcesat-1, Resourcesat-2 and Sentinels are 

increasingly available to the global community. The models developed are robust 

over a wide range of water quality zones and timeframes, which suggest that these 

models may be used for other coastal regions with similar complexity to Hong Kong 

waters. 
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5.4.2 Modeling of Suspended Solids (SS) Concentrations 

5.4.2.1 Regression Modeling of SS Concentrations 

a) Defining Spectral Bands 

The four bands were used to define different band combinations to select the 

most suitable representation of SS concentrations for the coastal waters of Hong 

Kong. Hence, using band multiplication, ratioing and transformations, 48 different 

band combinations were defined. It was observed that SS concentration showed low 

correlations of 0.28, 0.45, 0.60 and 0.16 with the individual bands B1 to B4, 

respectively. However, other studies observed a better relationship between 

Landsat data and a log-transformed water quality parameter (Bonansea et al., 2015; 

Sriwongsitanon et al., 2011), because the relationship between SS concentration and 

water SR tends to be non-linear. Therefore, the SS concentration data was log-

transformed in the attempt to improve the relationship between SR and SS 

concentrations. A Pearson correlation matrix (Table 5.8) was developed to select the 

most suitable variables for regression model development. 
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Table 5. 8: Correlation coefficient (R) and statistical significance (p-value) for 

Landsat TM/ETM+ and HJ-1 CCD bands and their combinations, with in situ SS 

concentrations. 

Variable R p-value Variable R p-value Variable R p-value 

B1 0.54 0.00 Ln(B1) 0.56 0.00 SQRT(B1) 0.56 0.00 

B2 0.71 0.00 Ln(B2) 0.71 0.00 SQRT(B2) 0.72 0.00 

B3 0.73 0.00 Ln(B3) 0.74 0.00 SQRT(B3) 0.75 0.00 

B4 0.11 0.11 Ln(B4) 0.02 0.75 SQRT(B4) 0.08 0.24 

B1*B2 0.59 0.00 Ln(B1*B2) 0.65 0.00 SQRT(B1*B2) 0.64 0.00 

B1*B3 0.61 0.00 Ln(B1*B3) 0.74 0.00 SQRT(B1*B3) 0.70 0.00 

B1*B4 0.34 0.00 Ln(B1*B4) 0.28 0.00 SQRT(B1*B4) 0.36 0.00 

B2*B3 0.66 0.00 Ln(B2*B3) 0.78 0.00 SQRT(B2*B3) 0.74 0.00 

B2*B4 0.40 0.00 Ln(B2*B4) 0.36 0.00 SQRT(B2*B4) 0.43 0.00 

B3*B4 0.39 0.00 Ln(B3*B4) 0.40 0.00 SQRT(B3*B4) 0.45 0.00 

B2/B1 0.36 0.00 Ln(B2/B1) 0.41 0.00 SQRT(B2/B1) 0.39 0.00 

B3/B1 0.15 0.04 Ln(B3/B1) 0.39 0.00 SQRT(B3/B1) 0.28 0.00 

B3/B2 0.05 0.47 Ln(B3/B2) 0.26 0.00 SQRT(B3/B2) 0.16 0.02 

B4/B1 -0.36 0.00 Ln(B4/B1) -0.25 0.00 SQRT(B4/B1) -0.34 0.00 

B4/B2 -0.43 0.00 Ln(B4/B2) -0.34 0.00 SQRT(B4/B2) -0.44 0.00 

B4/B3 -0.56 0.00 Ln(B4/B3) -0.50 0.00 SQRT(B4/B3) -0.59 0.00 

 

b) Selection of a Suitable Model 

The estimation of SS concentrations depends on the correlation between in situ 

measured SS concentrations and water surface reflectance. Among the defined 

variables, the log-transformed combination of B2 (Green, 0.52–0.60 µm) and B3 

(Red, 0.63–0.69 µm), and square-root transformation of B3, were found to be 

statistically significant (p-value = 0.0) and had the highest correlations of 0.78 and 

0.75, respectively. Therefore, these two variables were used to build regression 

models defined as SS-RM1 (Equation 5.3) and SS-RM2 (Equation 5.4) respectively, 

using the satellite and in situ development dataset of 200 observations (from year 

2000–2010).  



   Results and Discussion  Chapter 5 

 
 

121 
 

                                                                (5.3) 

                                                                       (5.4) 

For selection of a good model, the correlation coefficient, RMSE and statistical 

significance (p-value) for the regression parameters were considered. The 

regression parameters for both models were statistically significant (p-value = 0.0) 

but model SS-RM1 had a much better slope and intercept with a slightly better R of 

0.78 and RMSE of 1.67 mg/l than SS-RM2 which had R of 0.75 and RMSE of 1.72 

mg/l. 

 

Figure 5. 21: Dispersion between ln(SS) and ln(B2×B3) for the collocated satellite 

and in situ data from 2000-2010 (a) without removing the higher SS concentrations 

and (b) after removing the higher SS concentrations. 

As the coastal data and specifically our data is nonlinear, we tested log 

transformations, and the log-transformed (B2×B3) showed the highest correlation 

with log-transformed SS concentrations, and was adopted as our best model (Figure 

5.21). From Figure 5.21 (a) it can be observed that there are some extreme values in 

the dataset. If we remove these values (highlighted with red circles), the correlation 

improves a little from 0.78 to 0.81 (Figure 5.21 b) but it reduces the range of SS 

concentration from 0.5 - 56.0 mg/l to 0.5 - 14.0 mg/l, which does not fully represent 
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the SS concentration levels found in the study area. Therefore, the higher SS 

concentration values were also included in the development of model SS-RM1. 

Similarly, if we plot the untransformed combination of (B2×B3) against SS 

concentrations, the more suitable representation between these two variables is 

represented by a power function (as compared to the linear, exponential and 

polynomial), which also confirms that the data is nonlinear (Figure 5.22). 

 

Figure 5. 22: Dispersion between SS concentrations and combination of (B2×B3) 

for the collocated satellite and in situ data from 2000-2010 (a) without removing the 

higher SS concentrations and (b) after removing the higher SS concentrations. 

It can be observed that the correlation remains the same whether we log-

transform the data or we use a power function. The advantage of using the log-

transformation over power function was that it yields less difference between the 

actual sea truth data and the SS concentrations estimated using model SS-RM1 

(Figure 5.23). 
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Figure 5. 23: Comparison between SS-RM1 (red line) and Power Function model's 

(green line) estimated SS concentrations for each in situ validation data point (blue 

line). 

c) Validation of the Models 

To test the robustness of the two regression models (SS-RM1 and SS-RM2), the 

predicted SS concentrations were validated using independent in situ SS 

concentrations for the years 2011 and 2012 corresponding to 40 observations 

(Figure 5.24 a). 

 

Figure 5. 24: (a) Validation of the SS concentrations estimated using SS-RM1 (red), 

SS-RM2 (blue) and Tian's model (black) with in situ match-up data from 2011-2012. 

The grey dash-dot line is the 1:1 line, and solid red, blue and black lines are the 

regression lines. (b) Comparison between SS concentrations estimated using SS-

RM1 and Tian's model for the 40 in situ validation points. 
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Model SS-RM2 showed bias towards the y-axis and a greater deviation from the 

1:1 line compared to model SS-RM1. Model SS-RM1 appeared to be more accurate 

and showed a slightly higher correlation of 0.85 but much lower RMSE of 2.60 mg/l 

than SS-RM2 which had R of 0.84 and RMSE of 5.23 mg/l, and was accurate even in 

predicting the lower SS concentrations. It can be observed that in a location with 

zero SS concentration, model SS-RM1 can predict it as -0.07 mg/l which is close to 

zero. On the other hand model SS-RM2 predicts 0.0 mg/l as -3.51 which suggests 

that SS-RM2 greatly underestimates SS, especially at low concentrations. 

d) Comparison With Other Models 

The results of the developed model were also compared with a recent study by 

Tian et al. (2014) at 30 m spatial resolution, over the Hong Kong region. For 

simplicity, the model devised by Tian et al. (2014) will be referred as Tian's model. 

Tian's model was tested using the same image and ground data as for SS-RM1.  Using 

40 validation samples over the whole study area, model SS-RM1 (Figure 5.24 a, red 

dots) performed much better, giving much higher R of 0.85 and RMSE of 2.60 mg/l 

than Tian's model (R = 0.61, RMSE = 19.72 mg/l) (Figure 5.24 a, black dots). Tian's 

model overestimated the whole range of SS concentrations and showed much 

greater differences from the validation data, ranging from 6.34–48.10 mg/l (Figure 

5.24 b) compared to SS-RM1 with differences ranging from 2.99–6.89 mg/l. These 

results suggest that model SS-RM1 is much more capable of estimating the SS 

concentrations in the region as it does not suffer from the limitations of Tian's 

model. Model SS-RM1 is able to incorporate the temporal variability in water 

conditions as well as the spatial variability in SS concentrations experienced over 

whole coastal region of Hong Kong. 

The key advantages of the current study over the previously developed SS 

concentration estimation model by Tian et al. (2014) are as following; 
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1. The images used in Tian's model were corrected using image based methods 

which do not consider the atmospheric conditions at all, and rely only on the 

image. 

2. Tian's model was developed using only one date of in situ data while the SS-

RM1 model has used a coincident dataset from 57 dates covering different 

months of the year and seasonal variability of SS concentrations. 

3. Tian's model was developed for a small range of 9.89 to 36.0 mg/l, while 

model SS-RM1 has considered a wide suspended solid concentration range of 

0.5 to 56.0 mg/l. 

4. Tian's model was validated using satellite images which were two days 

distant from the in situ data, while SS-RM1 model was validated using in situ 

data collected within ±2 hours of the satellite overpass. 

5. Tian's model was developed only for a specific region of Hong Kong (the 

Deep Bay) where the water is not representative as it is highly turbid, while 

SS-RM1 model considered all types of waters for the whole coastal area of 

Hong Kong. 
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5.4.2.2 Neural Network Modeling of SS Concentrations 

Similar to the estimation of Chl-a concentrations, an MLP NN was 

implemented for the retrieval of SS concentrations from Landsat TM/ETM+ and HJ-

1 CCD images. The architecture of the MLP network (Figure 5.25) consists of an 

input layer with four nodes representing the SR from four bands; one hidden layer 

with seven neurons; and an output layer with a unique node associated with the 

desired output of SS concentrations. 

 

Figure 5. 25: Basic architecture of the MLP neural network used for estimation of 

SS concentrations. 

The network was trained using the coincident satellite and in situ data 

corresponding to 200 observations from 2000 to 2010 (Figure 5.26 a). In the 

training phase a relationship between the SR of the first four bands and the in situ SS 

concentrations was established based on the weight values for each connection. The 

weights were adjusted iteratively to minimize the error. Finally, the modeled SS 

concentrations were compared with actual SS concentrations and the difference was 

calculated. By adjusting the internal weights, the network error was reduced 

through back-propagation i.e. the network adjusted its weights, starting with the 

output layer and working back through the network. 
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Figure 5. 26: Training of the neural network for estimation of SS concentrations 

using collocated satellite and in situ data from 2000 to 2010 (N = 200) and (b) 

validation of the developed neural network model (SS-NN) for 40 observation (for 

2011 and 2012). 

The developed NN based model (SS-NN) was then validated using an 

additional in situ data of SS concentrations corresponding to 40 observations from 

2011 and 2012 (Figure 5.26 b). The validation results show a correlation of 0.77 

between the in situ measured and NN estimated SS concentrations. 
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5.4.2.3 Application to Synoptic Mapping of SS Concentrations 

In order to test the applicability of the developed models SS-RM1 and SS-NN 

for routine monitoring of SS concentrations, maps (Figures 5.27 and 5.28) were 

generated for the HJ-1 A image of 14 January 2010 representing SS concentrations 

at detailed level, over the whole coastal area of Hong Kong. 

High SS concentrations were observed over the whole western region of 

Hong Kong adjacent to the Pearl River Delta as well as near some shorelines due to 

runoff from land. In the eastern part of Hong Kong bordering the South China Sea, 

concentrations are much lower ranging from 0.0–11.0 mg/l. The higher 

concentrations of SS in the northern part of Deep Bay are due to SS runoff from land 

in a situation of shallow water. In this zone, water depth ranges from 2 to 8 m and  

the higher SS concentrations are due to re-suspension. 

A subset area of Zone 5 is also presented in Figure 5.27 (b). This area 

adjacent to the Pearl River estuary, routinely observes higher concentrations of SS 

ranging from 7.2–20.0 mg/l. The values in parentheses adjacent to each water 

quality station represent the actual coincident SS concentrations measured in the 

field within 2 hours of the image. It is notable that the field data are almost equal to 

the concentrations mapped using SS-RM1 with a much higher correlation of 0.99 

between SS-RM1 estimated and the in situ measured SS concentrations (Fig. 5.27 c). 

These results confirm the robustness of the SS-RM1 model when it is applied on a 

particular occasion for representing the actual SS concentrations over Hong Kong's 

coastal waters, which is the first potentially operational study for routine 

monitoring at detailed local scale using remote sensing. 
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Figure 5. 27: (a) Map of suspended solid concentrations over Hong Kong (using SS-

RM1 model) for 14 January 2010, (b) actual in situ measured SS concentrations for a 

subset of Zone 5 (inset area on upper map) and (c) comparison between SS-RM1 

estimated and in situ measured SS concentrations. 
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Figure 5. 28: Map of suspended solid concentrations over Hong Kong (using SS-NN 

model) for 14 January 2010. 

5.4.2.4 Discussion 

In this study two types of model have been developed for remote sensing 

based estimation and mapping of SS concentrations for the coastal waters of Hong 

Kong. The study has used a 13-year dataset of Landsat TM/ETM+ and HJ-1 CCD 

sensors coincident with in situ SS concentrations collected within 2 hours of the 

satellite overpass. The Landsat TM/ETM+ and HJ-1 CCD sensors were found to be 

mutually consistent thus providing a base for combined use of data from two 

satellite sensors. This enabled the development of a more robust model capable of 

representing a wider range of SS concentrations, as more coincident images and in 

situ samples were available than for previous studies. 
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For regression modeling, among the other defined band combinations, the 

log-transformed combination of B2 and B3, with correlation of 0.78 was found to be 

able to capture, both the spatial and temporal variability of SS concentrations over 

the complex coastal environment of Hong Kong. 

The developed models i.e. SS-RM1 and SS-NN were also validated using an 

independent dataset of 40 observations. For model SS-RM1 the validation results 

suggested a correlation of 0.85 and a RMSE of 2.60 mg/l. The robustness of the 

developed model was also compared with a previously developed SS retrieval model 

over Hong Kong by Tian et al. (2014) which was severely limited in available images 

for model development and validation, and which overestimated across the whole 

range of SS concentrations. 

Tian's model was found to be overestimating the whole range of SS 

concentrations of the validation dataset used in this study. The main reason for the 

overestimation by Tian's model was the use of a limited range of SS concentrations 

i.e. 9.89–36.0 mg/l in building the model, while the model SS-RM1 has considered a 

wider range of 0.5–56.0 mg/l. Further, the Tian's model was calibrated using only 

one date of in situ data, whereas an empirical model cannot represent the 

temporal/seasonal variations in SS concentrations specific to a study area when it is 

calibrated using a single date image, hence a multi seasonal dataset is always 

preferred. 

The NN model, SS-NN was also efficient in estimating SS concentrations 

and showed a correlation of 0.91 for the training dataset. For this model the 

validation results gave a correlation of 0.77 and a RMSE of 4.59 mg/l. The NN based 

results were less accurate than the regression model. 

The models devised in this study should be considered robust as they 

were developed and tested using an extensive (13-year) satellite record and in situ 

collocated dataset for model development. In addition, images from different years 



   Results and Discussion  Chapter 5 

 
 

132 
 

and months enabled the investigation of temporally variable SS concentrations over 

the study area. 

The mapping results demonstrated the applicability of the SS-RM1 and SS-

NN models for synoptic retrieval of spatially variable concentrations of SS around 

the complex coastal waters of Hong Kong, as the mapped and the in situ measured 

SS concentrations were in strong agreement. The models developed in this study 

can be used for routine water quality monitoring by local environmental agencies 

and should be applicable to other complex coastal regions, as the models are shown 

to be robust over a wide range of SS concentrations. 
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5.5 Zone Specific (Local) Modeling of Chlorophyll-a (Chl-a) and 

Suspended Solid (SS) Concentrations 

To model the Chl-a and SS concentrations more precisely, a separate model 

was developed for each water quality zone defined in this study using FCM 

clustering Section 5.3). For this, the collocated satellite and in situ datasets were 

divided into two parts for each zone i.e. 70% of the data was used for model 

development and remaining 30% was used for model validation. 

5.5.1 Regression Modeling 

Similar to the regression models developed for the estimation of Chl-a and SS 

concentrations globally (Section 5.4), different band combinations and 

transformations were defined to select the best representation of Chl-a and SS 

concentrations over the coastal region of Hong Kong. For each zone, among the 

defined variables (band combinations or transformations) a variable was selected 

which showed the highest correlation between the SR and in situ measured Chl-a 

and SS concentration, and was statistically significant (p-value = 0.05). The 

regression equations which were developed and used for the estimation of Chl-a 

and SS concentrations for each zone, are given in Table 5.9. Where, N represents the 

number of observations used for model development and R represents the 

correlation coefficient (in absolute terms) between the specific variable and the in 

situ measured Chl-a or SS concentration. 
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Table 5. 9: Zone specific predictive regression equations and correlation 

coefficients for Chl-a and SS concentrations. 

Zone N 
For Chl-a Concentrations For SS Concentrations 

Chl-a = R SS = R 

1 17 - 0.15 × √(B4/B3) + 1.26 0.68 0.11 × (B2/B1) + 0.73 0.56 

2 28 0.04 × (B3/B2) + 0.39 0.69 0.58 × (B2) + 3.64 0.81 

3 23 3.48 × (B2×B4) + 0.13 0.89 0.56 × Av(B1,B3) + 1.45 0.73 

4 52 0.06 × (B2/B1) + 0.87 0.37 3.43 × B3/(B4)2 - 15.93 0.59 

5 48 0.12 × (B2/B1) + 0.90 0.61 0.02 × (B3/B1) + 0.49 0.72 

 

5.5.2 Neural Network Modeling 

An MLP NN was implemented for the retrieval of zone specific Chl-a and SS 

concentrations from Landsat TM/ETM+ and HJ-1 CCD images. The architecture of 

the MLP network was same as shown in Figures 5.16 and 5.25 for Chl-a and SS 

estimation, respectively. For each zone, the network was trained using the 

coincident satellite and in situ data corresponding to 70% of the observations (Table 

5.10). In the training phase a relationship between the SR of the first four bands and 

the in situ Chl-a and SS concentrations was established based on the weight values 

of each connection. The weights were adjusted iteratively to minimize the error. 

Finally, the modeled Chl-a and SS concentrations were compared with actual 

concentrations and the difference was calculated. By adjusting the internal weights, 

the network error was reduced through back-propagation. 
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Table 5. 10: Zone specific correlation coefficient values for neural network based 

Chl-a and SS concentrations. 

Zone N R (for Chl-a) R (for SS) 

1 17 0.99 0.88 

2 28 0.99 0.99 

3 23 0.99 0.94 

4 52 0.84 0.72 

5 48 0.99 0.99 

 

5.5.3 Validation of the Models 

To test the robustness of the developed zone specific regression and neural 

network models, the remaining 30% of the data was used for validation. Overall, for 

each zone the neural networks performed better than the regression models. Figure 

5.29 shows the relationship between the Chl-a and SS concentrations predicted 

using the zone specific neural networks and regression models, and in situ 

validation dataset. A linear relationship was observed for all the zone specific 

models derived using neural networks with correlation coefficients ranging from 

0.60 to 0.94, while for the regression models the correlation coefficient was much 

lower (ranging from -0.10 to 0.87) and mostly underestimated the Chl-a and SS 

concentrations.
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Figure 5. 29: Comparison of in situ measured Chl-a and SS concentrations with 

neural network and regression model estimated (a) Chl-a concentrations and (b) SS 

concentrations. 
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5.5.4 Application to Synoptic Mapping 

To test the applicability of the zone-based retrievals to the whole of Hong 

Kong waters, all the individual zone models were applied together to the 10 

December 2011 image of HJ-1B for synoptic mapping (Figure 5.30). The neural 

network model shows moderate concentrations of Chl-a to the east of Hong Kong 

(Zones 1, 2 and 3) ranging from 5 µg/l to 15 µg/l while the neural network method 

estimated higher Chl-a concentrations in the southern parts of Zones 4 and 5, and 

lower concentrations in the Northern part of Zone 5. The scatter plots (Figure 5.29) 

showing zone specific models, confirm these observations and indicate 

underestimation of both Chl-a and SS concentrations when regression modeling was 

used. When the zone-specific models were integrated into a synoptic map of the Chl-

a (Figure 5.31) and SS concentrations (Figure 5.32) over whole Hong Kong, it was 

observed that there was a smooth/soft shift in the Chl-a and SS concentrations while 

transiting from one water type/zone to the other for neural networks, but this 

transition boundary was very sharp in case of regression models. 
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Figure 5. 30: Synoptic mapping of (a) Chl-a concentrations and (b) SS concentrations, using the zone specific neural network 

and regression models.
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Figure 5. 31: Synoptic mapping of Chl-a concentrations when all zones were 

integrated (a) Neural Network models (b) Regression models.
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Figure 5. 32: Synoptic mapping of SS concentrations when all zones were 

integrated (a) Neural Network models (b) Regression models. 
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5.5.5 Discussion 

Due to the optical complexity of coastal waters, the spectral reflectance 

acquired from satellite sensors is affected by the concentrations of optically 

active water constituents in different water types. Therefore, development of a 

single model over the whole region might not be able to capture the spatial 

variability of a certain WQP (e.g. Chl-a and SS concentration). In such case the 

best strategy is to develop an individual model for each water type to precisely 

estimate water quality within a water quality zone. Therefore, this study has 

attempted to develop zone specific neural network and regression models for the 

water quality zones defined using Fuzzy c-Means clustering. The models were 

developed using the 13-years of satellite and in situ  collocated datasets. The 

zone specific models were validated with an additional dataset constituting 30% 

of the data, from the same zone. The training and validation observations were 

the same, to avoid biasing towards a specific method. 

For all zone specific models (Chl-a or SS) the regression modeling 

performed poorly compared to the neural networks. This was a possible result of 

fewer observations (N = 17, 28, 23, 52 and 48 for zones 1 to 5 respectively) used 

for training the models than for the development of Global Chl-a and SS 

concentration estimation models (N = 200) (Section 5.4). The fewer observations 

in training the regression models may have been unable to capture the 

variability of Chl-a and SS concentrations over different times of year for each 

zone. The neural networks did not suffer from same lack of capturing the spatial 

and temporal variability, therefore performed well in estimating the Chl-a and SS 

concentrations for each zone. The adjustments of the weight values between the 

input, hidden and output layers reduced the network error which resulted in 

good performance of neural networks. 
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Figure 5. 33: Comparison of correlation coefficients (in absolute terms) for 

training and validation datasets for zone specific regression models and neural 

networks (a) for Chl-a models and (b) for SS models. 

A comparison of the correlation coefficients of zone specific neural 

network and regression models is presented in Figure 5.33. Overall, a higher 

correlation for both the training and validation datasets was observed for neural 

network models. It is evident that a lower correlation exists for the regression 

models, but there is a notable dip at Zone 4 even for neural network model when 

estimating Chl-a concentrations(Figure 5.33 a). This dip may result from higher 

variance (11.63) in Zone 4 compared to other water quality zones (for zones 1, 2, 

3 and 5 variance is 3.54, 7.69, 6.45 and 4.92, respectively), which indicates that 

the data is spatially variable over this zone. 
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5.6 Statistical Performance Measures 

Tables 5.11 and 5.12 show the statistical performance of both the Global 

and zone-specific models. The validation dataset was an additional dataset not 

used in the development of the models and was kept constant for Global/Local as 

well as regression and neural network models. 

For estimation of Chl-a concentrations with the Global models both, the 

neural network (Chla-NN) and regression (Chla-RM1) performed equally well, 

although the performance of Chla-RM1 was slightly better than Chla-NN (Table 

5.11). For SS concentrations, the neural network model SS-NN performed poorly, 

with lower correlation and higher RMSE and MAE errors compared to the 

regression model SS-RM1. 

Table 5. 11: Statistical performance measure of the Chl-a and SS concentration 

estimation models. 

Model N R RMSE MAE 

Chla-RM1 40 0.89 0.93 (µg/l) 0.94 (µg/l) 

Chla-NN 40 0.88 1.31 (µg/l) 0.99 (µg/l) 

SS-RM1 40 0.85 2.60 (mg/l) 2.04 (mg/l) 

SS-NN 40 0.77 4.59 (mg/l) 2.72 (mg/l) 

 

For the local zone specific models, it was observed regression showed 

poor statistical performance (Table 5.12). On the other hand the zone specific 

neural networks performed much better than the corresponding regression 

models and showed good results against the validation data for all the zones. 

Therefore, for the Global estimation of Chl-a and Local estimation of Chl-a 

and SS concentrations, the neural networks are recommended over the complex 

coastal region of Hong Kong. 
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Table 5. 12: Summary of the validation parameters for Chl-a and SS 

concentrations computed using the validation data set for each zone. 

Zone N 
For Chl-a Concentrations For SS Concentrations 

R 
RMSE 
(µg/l) 

MAE 
(µg/l) 

R 
RMSE 

(mg/l) 
MAE 

(mg/l) 

Zone 1 
7 -0.10 3.52 2.87 0.52 2.42 2.06 

7 0.91 1.53 1.39 0.82 1.19 1.00 

Zone 2 
12 0.10 3.33 2.10 0.77 4.26 4.06 

12 0.94 1.18 0.92 0.86 0.99 0.75 

Zone 3 
10 0.63 49.43 35.68 0.61 2.53 1.57 

10 0.92 1.17 0.97 0.80 1.75 1.10 

Zone 4 
22 0.03 5.08 3.46 0.65 10.51 9.81 

22 0.82 2.41 1.71 0.81 2.17 1.66 

Zone 5 
21 0.39 2.89 1.59 0.87 8.97 7.46 

21 0.60 2.11 1.26 0.94 1.97 1.48 

Note: Regression modeling results are represented in Italic text while Neural Network 

modeling results are represented in Bold text. 
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Chapter 6 

Summary and Conclusions 

 

The primary objectives of this study were to (i) classify the coastal waters 

of Hong Kong to define optimum water zones for accurate estimation of Water 

Quality Parameters (WQPs), and (ii) develop robust remote sensing retrieval 

models for Chlorophyll-a (Chl-a) and Suspended Solid (SS) concentrations at 30 

m spatial resolution. The study has used a 13-year dataset of Landsat TM/ETM+ 

and HJ-1 CCD sensors, coincident with the in situ Chl-a and SS concentrations 

data collected within 2 hours of the satellite overpass. The Landsat TM/ETM+ 

and HJ-1 CCD sensors were found to be mutually consistent, thus provided a 

sound base for combined use of data from two satellite sensors. This enabled the 

development of more robust models capable of representing a wider range of 

Chl-a and SS concentrations than for previous studies, as more coincident images 

and in situ samples were available. 

Water zones based on water quality were defined for accurate estimation 

of Chl-a and SS concentrations as opposed to the existing ten water zones, 

defined by Hong Kong Environmental Protection Department (EPD) which are 

based on ease of access to the sampling locations. Five water zones based on 

water quality types were identified using fuzzy clustering of the coincident 

remote sensing water surface reflectance and in situ sampling data. The two 

WQPs, Chl-a and SS concentrations were used to define the potential water zones, 

as these parameters are key indicators for the health of the marine ecosystem. 

Further, two types of models, based on regression and neural network, 

were developed for accurate estimation and mapping of Chl-a and SS 

concentrations at both global (representing whole coastal area of Hong Kong) 
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and local (specific for each zone) scales. For global estimation using neural 

network and regression models, the retrieval accuracies of 93% (97%) and 83% 

(78%) were observed for Chl-a (SS), respectively. The neural networks also 

outperformed for estimation of Chl-a (60-94%) and SS (81-94%) concentrations 

than the regression models (3-63% for Chl-a and 52-87% for SS concentrations) 

for local zone specific retrievals. Although the neural networks have better global 

estimation, it was observed that the estimated Chl-a and SS concentrations for 

each zone were well correlated with in situ measurements. The results suggest 

that the Global models are on the whole preferable to the Local models for 

remote sensing based routine monitoring of Chl-a and SS concentrations over the 

complex coastal environment of Hong Kong. 

As no previous study was conducted for estimation of Chl-a at 30 m 

spatial resolution for this region, only SS estimation results were compared with 

a previously developed SS retrieval model over Hong Kong by Tian et al. (2014) 

to evaluate the robustness of the models. Tian's model overestimated across the 

region for low to high SS concentrations because the development of  this model 

was limited to only one image. Since an empirical model cannot represent the 

temporal/seasonal variations in SS concentrations specific to a study area when 

it is calibrated using a single date image, a multi seasonal dataset is always 

preferred. However, the model proposed in this study was developed and 

validated using fifty seven coincident images, and the validation results showed 

higher accuracy with smaller RMSE of 2.60 mg/l than Tian's model (RMSE = 

19.72 mg/l). Therefore these results recommend to use a greater number of 

images for model development for accurate estimation of a certain WQP using 

remote sensing. Although this study has used a long term (13-years) coincident 

satellite and in situ data record for model development, i.e. the models were built 

using all data for all times of year, one weakness of this study could be the usage 

of all the data irrespective of season rather than developing models for each 

season, as it is possible that different seasons might show different results. 
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The water quality measurements by Hong Kong’s EPD are limited to the 

specific point sampling locations which are unable to provide spatial information 

and have poor temporal resolution (once a month) for Chl-a and SS 

concentrations. For more complete spatial and temporal understanding of these 

WQPs, this study recommends the use of remote sensing models to 

estimate/map the spatial distribution of these WQPs at high spatial (30m) and 

temporal (≈1 day) resolutions. Further these remote sensing models, based on 

the satellite surface reflectance which is freely available, are cost-effective and 

time-efficient because thousands of samples collected during multiple field 

survey efforts throughout the year do not have to be collected and processed. 

Also, the existing EPD water zones are mainly convenient for data sampling, 

compared with the remote sensing based estimation of Chl-a and SS 

concentrations proposed here, where zones are identified according to water 

quality. The models developed in this study have been devised and tested using 

data from all times of year and should be considered more robust than previous 

remote sensing retrieval models in complex coastal regions, due to the much  

larger number of images and acquisition dates used in model development and 

validation than any previous studies with medium resolution (e.g. 30 m 

resolution) images. 

The study also tested the sensitivity of a WQP i.e. Chl-a to the surface 

reflectance which suggested that an error of 1% in surface reflectance would be 

expected to produce an error of 4% in Chl-a estimation, which implies that care 

should be taken in selection of an atmospheric correction method appropriate to 

the study area.  

The differentiation between the absorption by Chl-a and the response of 

suspended materials depends on the spectral resolution and radiometric 

sensitivity of a given satellite sensor. Although the Landsat TM/ETM+ and HJ-1 

CCD sensors with their wide spectral bands were not specifically designed for 

ocean color monitoring, the results of the current study are good and the 



Summary and Conclusions  Chapter 6 

 

 

148 
 

information derived is unique as it could not be gained from any other source at 

such high resolutions (spatial and temporal) for the study area. 

The complexity and wide range of Chl-a and SS concentrations in the 

coastal region of Hong Kong pose severe challenges for routine monitoring, since 

the few in situ water quality observations cover a small fraction of the area for a 

limited time and severe water quality events such as algal blooms, may be 

overlooked. The models developed in this study are proven to be robust by 

detecting and quantifying the much higher Chl-a and SS concentrations than 

previous studies including red tides. It is considered that the overall objective of 

the study: to offer a remote sensing based method for routine monitoring of Chl-

a and SS content in Hong Kong’s coastal regions has been achieved, especially 

since sensors with similar wavebands and spatial resolution to Landsat and HJ-1 

CCDs, such as the Indian IRS-1 and IRS-2, Thailand's THEOS, Vietnam's 

VNREDSat-1A, Deimos Imaging's DEMINOS satellite and Sentinel-2 are becoming 

increasingly available to the global community. The models developed are robust 

over a wide range of water quality zones and timeframes, which suggest that 

these models may be used for other coastal regions with similar complexity to 

Hong Kong waters. 
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Appendix - 1 

Table A1: Satellite images used in this study for the development and validation of 

Chl-a and SS concentrations models. 

Sr. 

# 
Satellite Sensor Scene Identifier Path/Row 

Acquisition 

Date 
Source 

1 Landsat-5 TM LT51210452000003BJC00 121/45 3-Jan-2000 USGS 

2 Landsat-7 ETM+ LE71220442000258SGS00 122/44 14-Sep-2000 USGS 

3 Landsat-7 ETM+ LE71220452001260SGS00 122/45 17-Sep-2001 USGS 

4 Landsat-5 TM LT51210452002312BJC00 121/45 8-Nov-2002 USGS 

5 Landsat-7 ETM+ LE71210452004166PFS01 121/45 14-Jun-2004 USGS 

6 Landsat-7 ETM+ LE71210452004278EDC02 121/45 4-Oct-2004 USGS 

7 Landsat-7 ETM+ LE71210442005248EDC00 121/44 5-Sep-2005 USGS 

8 Landsat-5 TM LT51220442005327BJC01 122/44 23-Nov-2005 USGS 
9 Landsat-7 ETM+ LE71220442005335EDC00 122/44 1-Dec-2005 USGS 

10 Landsat-7 ETM+ LE71210452006139EDC00 121/45 19-May-2006 USGS 

11 Landsat-7 ETM+ LE71220442006338EDC01 122/44 4-Dec-2006 USGS 

12 Landsat-7 ETM+ LE71220442007005EDC00 122/44 5-Jan-2007 USGS 

13 Landsat-7 ETM+ LE71220442007037EDC00 122/44 6-Feb-2007 USGS 

14 Landsat-7 ETM+ LE71210442007318EDC00 121/44 14-Nov-2007 USGS 

15 Landsat-7 ETM+ LE71220442007341EDC01 122/44 7-Dec-2007 USGS 

16 Landsat-7 ETM+ LE71210452008065EDC00 121/45 5-Mar-2008 USGS 

17 Landsat-7 ETM+ LE71220442008136SGS00 122/44 15-May-2008 USGS 

18 HJ1B CCD2 926950 456/91 10-Oct-2008 CRESDA 

19 HJ1A CCD2 34092 456/90 12-Nov-2008 CRESDA 

20 Landsat-7 ETM+ LE71210452008337EDC00 121/45 2-Dec-2008 USGS 

21 HJ1A CCD2 926855 454/90 5-Dec-2008 CRESDA 

22 Landsat-5 TM LT51220442009002BJC00 122/44 2-Jan-2009 USGS 

23 HJ1A CCD1 94070 457/89 2-Jan-2009 CRESDA 

24 Landsat-7 ETM+ LE71220442009010EDC00 122/44 10-Jan-2009 USGS 

25 HJ1A CCD2 63520 453/91 5-Feb-2009 CRESDA 

26 Landsat-7 ETM+ LE71220442009042EDC00 122/44 11-Feb-2009 USGS 

27 HJ1B CCD2 211282 453/91 3-Dec-2009 CRESDA 
28 HJ1A CCD2 213901 453/92 5-Dec-2009 CRESDA 

29 HJ1A CCD1 214026 1/88 10-Dec-2009 CRESDA 

30 HJ1A CCD1 235918 457/91 14-Jan-2010 CRESDA 

31 HJ1B CCD2 236577 454/91 15-Jan-2010 CRESDA 

32 HJ1B CCD1 267178 454/88 11-Mar-2010 CRESDA 

33 HJ1B CCD2 276458 453/92 26-Mar-2010 CRESDA 

34 HJ1A CCD2 351717 453/92 19-Jul-2010 CRESDA 

35 Landsat-7 ETM+ LE71220452010301EDC00 122/45 28-Oct-2010 USGS 

36 HJ1B CCD1 423184 454/92 8-Nov-2010 CRESDA 

37 HJ1B CCD1 426163 454/88 12-Nov-2010 CRESDA 

38 HJ1B CCD2 429941 452/92 19-Nov-2010 CRESDA 

39 Landsat-7 ETM+ LE71210452010342EDC00 121/45 8-Dec-2010 USGS 
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40 HJ1B CCD2 434333 456/92 9-Dec-2010 CRESDA 

41 HJ1B CCD1 460112 457/91 10-Jan-2011 CRESDA 

42 HJ1B CCD2 466709 455/92 21-Jan-2011 CRESDA 
43 Landsat-7 ETM+ LE71210452011041EDC00 121/45 10-Feb-2011 USGS 

44 HJ1B CCD1 481313 456 / 91 10-Feb-2011 CRESDA 

45 HJ1B CCD2 663289 454/92 2-Dec-2011 CRESDA 

46 HJ1B CCD2 668451 454/89 10-Dec-2011 CRESDA 

47 HJ1A CCD2 669628 454/91 12-Dec-2011 CRESDA 

48 HJ1B CCD1 671136 1/88 15-Dec-2011 CRESDA 

49 HJ1A CCD2 672907 453/92 16-Dec-2011 CRESDA 

50 HJ1B CCD2 738217 456/89 26-Mar-2012 CRESDA 

51 Landsat-7 ETM+ LE71220442012131EDC00 122/44 10-May-2012 USGS 

52 HJ1A CCD2 819251 453 / 92 2-Aug-2012 CRESDA 

53 HJ1B CCD2 854912 454/89 15-Aug-2012 CRESDA 

54 Landsat-7 ETM+ LE71210452012284EDC00 121/45 10-Oct-2012 USGS 

55 HJ1B CCD1 863206 454/88 11-Oct-2012 CRESDA 

56 Landsat-7 ETM+ LE71220442012307EDC00 122/44 2-Nov-2012 USGS 

57 HJ1A CCD2 892078 452 / 88 19-Nov-2012 CRESDA 
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