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Abstract 
 

Nowadays various satellite images are available which are used for different applications like 

object detection and identification, land cover classification, soil moisture retrieval and 

vegetation mapping. Satellite images can be categorized according to the mode of acquiring the 

images as active sensor and passive sensor images. An active sensor which is having its own 

source of illumination, whereas the passive sensor depends on some other sources like sunlight 

or emerging radiation from target objects. Synthetic Aperture Radar (SAR) images are active 

sensor images as the SAR sensor possesses its own source. Optical images, which measure the 

sunlight radiation reflected from the earth in the visible and infrared band range of the 

electromagnetic spectrum, are called as passive sensors. Moderate-resolution Imaging 

Spectroradiometer (MODIS) sensed images are the passive sensor images as MODIS sensor 

does not emit their own radiation, but receive natural light from the earth’s surface.  

It is a need of current research to explore some techniques by which utilization of 

satellite images may be enhanced. But it is still a challenging task to use a different kind of 

freely or less expensive data for land surface applications such as land cover classification, 

agricultural areas monitoring, seasonal change monitoring, and hot spot monitoring, etc. 

Therefore, data applicability may be enhanced by using various techniques in which 

optimization based method is one of them. Researchers are using various techniques for land 

surface monitoring such as classification, change detection, and parameter retrieval, etc. Image 

classification is a procedure of grouping pixels into meaningful classes and it can be referred as 

extracting useful information from satellite images. Various classification methods are 

presented to classify satellite images such as supervised, unsupervised and optimization based 

method based classification, but all these techniques still need the attention once it is used for 

low-resolution satellite images like MODIS. Optimization based method is a combination of 

techniques, rather than a technology. There are various optimization based techniques like: 

genetic algorithm (GA), particle swarm optimization (PSO), neural network (NN), support 

vector machine (SVM), fuzzy logic, principal component analysis (PCA) etc., and their 
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combinations which were used by many researchers for satellite image classification, image 

segmentation and other applications.  

During the land surface monitoring, the major factors arise, such as subsurface fire (hot 

spot) monitoring, agricultural areas monitoring especially the identification of the unimodal and 

bimodal agriculture areas. Land cover classification such as urban, vegetation and water is 

supportive in the management and planning of urban areas, although monitoring of vegetation 

can be important for several reasons like: (1) Agricultural areas monitoring and assessment of 

the state is an essential part of the process of adaptive management and (2) agricultural areas 

monitoring can be useful to identify the influence of threatening processes, such as climate 

change, disease, and many others. Agricultural areas monitoring is conventionally done by 

fixed sites in the places where circumstantial variables are measured at consistent intervals to 

observe the changes (Briggs and Freudenberger, 2006). After monitoring the agricultural areas, 

changes have to be detected in it, but the main challenge is that there is no single technique to 

map the changes in a different kind of applications, whereas various change detection 

techniques have their own limitations and it is observed that still it is difficult to apply a single 

change detection approach for maximum types of change scenarios. The main aspect is to 

implement a suitable change detection technique that produces information about where 

changes are occurring in the agricultural areas.  

It is also important to know that the land surface is also used for area estimation and the 

extraction of unimodal (i.e. annual or yearly growth information) and bimodal (i.e. biannual or 

half yearly growth information) about the vegetation phenology in agricultural areas. Recent 

advances in satellite image processing have expanded opportunities to characterize the seasonal 

and inter-annual dynamics of natural and managed land use/ land cover communities. Studies 

have shown that the temporal domain of multispectral data often offers more information of 

land surface than the spectral, spatial, or radiometric domains. A regional-scale monitoring 

development procedure is challenging because it needs satellite images that have an adequate 

spatial resolution, high temporal resolution, wide geographic coverage and minimal cost. 

Satellite images with high temporal and moderate spatial resolution may provide the 

opportunity to extract the detailed, large area and land surface characteristics. Harmonic 

analysis with time series images is useful for analyzing the intra and inter-annual variations in 

land surface condition. This type of analysis may provide the possibility to quantify and 
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classify some fundamental characteristics, related to the phenology of vegetation, water, and 

other land covers.   

Subsurface fire (in this thesis, termed as a hot spot) is presently a major problem in coal 

producing countries like India, South Africa, Indonesia, Australia, USA, Germany,  and China. 

However, the nature and severity of the problem vary from country to country. These fires burn 

causes the destruction of the natural and man-made land structure constitutes a hazard to human 

beings. Mostly fires take place due to spontaneous combustion of coal, which increases the 

temperature of the surface. Various optical/TM satellite images are used by researchers for hot 

spot detection and monitoring since last two to three decades, but still detection of hot spots 

with less false alarm and better accuracy is a challenging task. Many researchers have used 

various techniques for hot spot monitoring with satellite images like principal component 

analysis (PCA) with information fusion, fuzzy logic, contextual thresholding model, image 

stacking, and wavelet transform based model. The application of low-resolution satellite 

images with the fusion of some other high-resolution images may be useful for hot spot 

monitoring. Therefore, present research work takes care of this issue and explores the 

applicability of such satellite data which are helpful to provide surface roughness information 

and can effectively be utilized for hot spot monitoring. 

Therefore, in this thesis, after observing the various challenges to use satellite data for 

land surface monitoring, the following tasks were formulated. 

1) Critical analysis of some land cover classification techniques for satellite images. 

2) A potential application of KLT tracker on satellite images for automatic change 

detection in agricultural areas. 

3) Development of Harmonic analysis based technique for agricultural areas monitoring. 

4) An efficient application of fusion approach for hot spot detection with MODIS and 

PALSAR-1 data. 

For this purpose, two types of satellite data have been used: (i) Advanced Land 

Observing Satellite Phased Array L-band Synthetic Aperture Radar (ALOS PALSAR), (ii) 

Moderate-resolution Imaging Spectroradiometer (MODIS) for land surface classification, 

agricultural areas monitoring, agriculture pattern monitoring (i.e., unimodal and bimodal 

pattern monitoring) and hot spot monitoring. ALOS PALSAR level 1.1 in the Committee on 

Earth Observation Satellites (CEOS) format, which is launched by Japan Aerospace 

Exploration Agency (JAXA) in 2006, is used for the land surface classification, agricultural 



Abstract 

iv 

 

area monitoring and hot spot monitoring. The fully polarimetric PALSAR data, which is the 

single look complex data has four different polarization modes such as  horizontally transmitted 

horizontally received (HH), horizontally transmitted vertically received (HV), vertically 

transmitted horizontally received (VH) and vertically transmitted vertically received (VV) 

polarization. The ALOS PALSAR satellite is more suitable to land monitoring for various 

causes like the long operating wavelength (23.6 cm), which is sensitive to land, structures and 

moisture appearances with 25 m resolution. MODIS data which is a payload scientific 

equipment launched into Earth orbit by NASA was taken as the optical data for land surface 

classification, time series analysis and for the fusion purpose with PALSAR to monitor the hot 

spot. MODIS images have good temporal coverage of morning & evening time daily images 

(i.e. known as Aqua and Terra), these images are freely available. MODIS offers excellent 

possibilities for land surface monitoring, as it has 36 different spectral bands in the spectral 

wavelength range from 0.4 μm to 14.4 μm, which allows for a full and automated atmospheric 

correction and detailed cloud masking. In this thesis, the surface reflectance product of MODIS 

(MOD09Q1) which comprises two spectral bands i.e., Red (620-670 nm) and Near-Infrared 

(841-876 nm) with 250 m resolution is used. 

This thesis includes seven chapters. Chapter 1 presents the introduction of the thesis 

which consists of motivation, scope, and objectives of the thesis. 

Chapter 2 discusses the brief literature review of the land surface monitoring, 

agriculture area monitoring and hot spot monitoring with satellite images.   

Chapter 3 presents the critical analysis of different land surface classification 

techniques. Image classification is one of the techniques which can be used for monitoring 

purposes and it can be classified mainly into two categories: supervised and unsupervised 

classification. Supervised classification techniques on satellite images require the need for 

human interaction to determine the classes and training samples. Unsupervised classification 

techniques classify the image automatically but have the limitation to accurately divide land 

cover into natural classes, whereas supervised classification techniques assign the sample pixels 

to the related classes accurately which are already labeled by virtue of ground truth, existing 

maps, or inference from experimental data. K-means and ISO-data based clustering are usually 

used for satellite image applications for unsupervised classification. Both techniques use an 

input metric like Euclidean distance for measuring likeness or similarity of pixels belonging to 

each cluster. There are many other unsupervised classification algorithms for satellite images 
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that are based on techniques like K-nearest neighbor clustering, fuzzy models, Markov random 

field (MRF) models, particle swarm optimization (PSO), genetic algorithm (GA) and some 

others. Although, several supervised methods are available such as maximum likelihood, 

minimum distance, parallelepiped, mahalanobis distance, neural networks and support vector 

machine (SVM). Land cover classification techniques were critically analyzed by applying the 

supervised and unsupervised classification techniques and optimization based techniques onto 

the MODIS and PALSAR images of the Roorkee region to classify it into the four major 

classes (i.e. urban, water, bare land and agriculture). For the ALOS PALSAR data, the overall 

accuracy is obtained as 59%, 58%, 56%, and 70% for K-means, ISO-data, parallelepiped and 

minimum distance techniques, respectively, whereas for MODIS data, the overall accuracy is 

obtained as 44%, 48%, 53%, and 59% for K-means, ISO-data, parallelepiped and minimum 

distance classification techniques, respectively. Optimization based techniques such as GA, 

SVM and NN are also critically analyzed for PALSAR and MODIS data and the overall 

accuracy for PALSAR data is obtained as 65%, 72%, and 71%, respectively, whereas for 

MODIS data, the overall accuracy is obtained as 49%, 62%, and 51%, respectively, for GA, 

SVM and NN. It is observed that although these techniques are good and some of them 

producing quite good results but these techniques are affected by various factors such as 

supervised classification techniques require precise a priori information for each class before 

classification. Further, they are based on the distance measure, which may lead a 

misclassification of pixels lying on the boundary of two classes. On the other hand, 

unsupervised classification methods do not require training samples, i.e., a priori information; 

however, they too can misclassify the pixels. So, it is observed that it may be difficult to use 

these techniques for change detection or monitoring purpose.   

Chapter 4 discusses the development of automatic change detection algorithm. In recent 

years, understanding and prediction of the mass of vegetation and productivity have become 

gradually significant, specifically with advances in the economic value of the environment due 

to land use and climate change. Fully polarimetric synthetic aperture radar (SAR) data provide 

a good option for monitoring the vegetation because it has the capability to provide appropriate 

and unaffected data without being strongly affected by atmospheric conditions and cloud cover. 

Therefore, in this chapter, the possibility of application of Kanade-Lucas-Tomasi (KLT) tracker 

to track agricultural areas with PALSAR satellite images has been explored, which is generally 

quite useful for monitoring or tracking the objects in the video images. KLT tracker has been 
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used by many researchers for real-time applications like optical flow measurement, multi-target 

tracking in real-time surveillance video, real-time people tracking system, aircraft tracking and 

an automated real-time image georeferencing/registration but its use of satellite images is very 

limited or not used. The study area is taken as the Roorkee city and its nearby places and it is 

located in the Haridwar district, Uttarakhand, India. The considered study area covers the 

mainland covers like water, urban and agricultural areas. Two PALSAR data sets were used, 

which were acquired on April 9
th

, 2010 and April 12
th

, 2011. After pre-processing both dated 

PALSAR images, the decision tree classification (DTC) technique has been applied to both the 

data sets to classify them into the three classes as water, urban and agricultural areas (which 

include tall and short vegetation) and overall accuracy (OA) for the Roorkee region was 

achieved 83.75% and 80.77%, respectively, where the total number of pixels belongs to the 

agricultural areas are 83254 and 89366. The classified pixels belongs to the agriculture class 

were further used as reference pixels to see the effect of KLT tracker for agricultural areas 

feature selection process. KLT tracker has been implemented on HH, HV and VV polarization 

images of the Roorkee region, but these images fail to select and track the agricultural areas 

features. Therefore, polarimetric indices ratio vegetation index (RVI) and cross polarization 

ratio (CPR) and the ratios of backscattering coefficients (HV/HH and HV/VV) were extracted 

by using the HH, HV, and VV polarization images because these indices have the capability to 

distinguish different types of land cover. In KLT tracker, selection of appropriate parameters 

like window size, a number of features and minimum eigenvalue and their optimization is a 

very critical task. For this purpose, a detailed critical analysis has been carried out to find 

suitable parametric values and after an exhaustive analysis, it is observed that KLT tracker 

selected the maximum agricultural area when window size, the number of features and 

minimum eigenvalue are set as (4×4), 40,000 and 7000, respectively. Further, maximum 

agricultural areas have been selected and this process has been applied separately for all the 

considered polarimetric indices images. KLT tracker selects the number of agricultural areas 

pixels on RVI, CPR, HV/HH and HV/VV as 68036, 67610, 67410 and 66209, respectively, and 

tracks these agricultural areas pixels on second dated images as 78884, 79436, 81408 and 

78991, respectively. After tracking the selected agricultural area successfully for all the four 

input images, it is observed that KLT tracker produces the most effective results for accurate 

tracking with HV/HH image. A comparison has been made between the selected and tracked 

agriculture pixels with the decision tree classified images for 2010 and 2011 data sets of the 
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Roorkee region. After KLT tracker implementation on Roorkee region images, it is observed 

that 67410 number of agricultural area pixels are identified from 2010 image and in the same 

way on the 2011 image 81408 numbers of agricultural areas pixels are tracked efficiently, 

which are almost close to the observed pixels from the decision classification technique for 

Roorkee region. Changes occurred in agricultural areas are observed by applying the image 

differencing technique onto the agricultural areas pixels identified image and agricultural areas 

pixels tracked image. It is observed that change pixels are observed as positive change pixels 

(number of pixels are 27308) and negative change pixels (number of pixels are 13310) while no 

change pixels are observed as 54100 pixels in agricultural areas. Thus, the KLT tracker may be 

useful for this type of applications.  

Chapter 5 explores the utilization of MODIS normalized difference vegetation index 

(NDVI) time series data for land use classification to identify the agricultural areas growth 

cycle (i.e. annual and biannual change information). Monitoring of agricultural land in 

particular regions is still a challenging task. Many researchers have performed land use 

classification onto the time series data by applying different classification techniques like 

supervised and unsupervised classification, decision trees, support vector machine neural 

networks, contextual algorithms, sub-pixel analysis based algorithms and object-based 

algorithm, but these techniques have some limitations predominantly in moist tropical regions 

due to limitations of satellite data and complex biophysical environmental conditions. 

Therefore, in this chapter, an attempt has been made to develop such a monitoring technique by 

which nature of agricultural variations may be obtained by utilizing the MODIS time series 

images. MODIS data has a moderate resolution (250 m) and its temporal frequency is very 

high. The considered test area for this task was of western Utter Pradesh (Saharanpur, 

Muzaffarnagar, and Deoband) and part of Uttarakhand (Roorkee), India, and their nearby 

regions and these regions comprise the urban, water, bare grounds and agriculture bodies and at 

least two cultivation periods are there and major crops such as wheat and rice have a short 

cycle. For time series analysis, Fourier or harmonic analysis has been used which transforms 

the complex temporal profile into smaller repetitive signals, which is helpful to enhance the 

signal analysis with intra and inter-annual frequencies. Each term refers to the number of full 

cycles completed by the wave at a certain interval (i.e. the first harmonic amplitude term has 

one cycle, and the second harmonic amplitude term has two cycles). First harmonic amplitude 

term (A1) provides annual or yearly growth (Unimodal) information about vegetation 
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phenology in agricultural areas and the second harmonic amplitude term (A2) provide biannual 

or half yearly (bimodal) growth information (Canisius et al. 2007). The additive term (A0) 

generally implies the arithmetic mean of NDVI over the time series. It is observed, in most of 

the studies first and second harmonic amplitude terms are used to interpret the periodic pattern 

changes in the time series data and three, four, five, and six are the higher order harmonic 

amplitude terms which have been discarded because these terms indicate the trivial amplitude. 

The main challenge with this type of study is an efficiently classified image is required, which 

should have the capability to segregate the agricultural areas. Many researchers are using 

different classification techniques which may be useful for single image classification, but with 

time series analysis, these algorithms are not effective. Some researchers have used the additive 

term (A0) image, first harmonic amplitude term (A1) and the second harmonic amplitude term 

(A2) images for land cover classification, but they are not able to produce better classification 

accuracy. Therefore, in this chapter, an attempt has been made to develop the pattern 

recognition based classification technique by using the additive term (A0) image which 

involved the probability density function (PDF) for classification in one hand and on the other 

hand the classified image is used as a reference image for the masking of water and urban 

regions in A1 and A2 images to identify the unimodal and bimodal change pixels. The accuracy 

assessment has been carried out on the classified images by using the confusion matrix and the 

estimated overall accuracy retrieved as 76.78% from proposed classification technique and 

70.49% from minimum distance classification. To identify the unimodal and bimodal change 

pixels, a pixel-wise comparison has been made between each and every pixel of agriculture and 

bare land classes, whoever be the dominant pixel among A1 and A2 pixels is assigned as the 

unimodal change pixel otherwise it is marked as the bimodal change pixel.  

Chapter 6 presents the hot spot monitoring, which is also known as subsurface fires. 

Subsurface fires pose a serious threat to natural resources and cause significant societal and 

environmental degradation. Therefore, we have considered a hot spot monitoring as one of the 

parts of land surface monitoring. Several researchers have used TM/optical data for 

identification of hot spot, but the main challenge with optical images is that they have some 

limitations due to cloud coverage, while SAR images are unaffected by clouds and haze and 

these images may provide valuable information over burned areas but the use of SAR data is 

very limited for this type of application. SAR images have not only been used for several 

ecological applications like vegetation monitoring and estimating biomass, but also used for 
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burned area monitoring. It is also observed that NIR is the most suitable spectral band in optical 

images for hot spot monitoring because hot spot regions are generally characterized by a low 

reflectance in the NIR band in correspondence with the subsurface fire due to the loss of 

vegetation and the presence of ash and charcoal. The other problem associated with optical 

images is its resolution; therefore, there is a need of research through which the optical image 

can be efficiently used for hot spot and non-hot spot region’s classification. Therefore, this 

work explores the possibility of fusion of SAR (i.e., PALSAR data) and Optical (i.e., MODIS) 

data which may provide the complementary information and for this purpose, vegetation 

greenness and roughness information which are obtained from MODIS and PALSAR satellite 

images respectively are used for fusion by using the genetic algorithm (GA) based pixel level 

image fusion method, which is efficiently optimized the weights of source images for fusion 

(Mumtaz et al. 2008). The Jharia coal field (JCF) of India contains most of the subsurface mine 

fires in the Indian coal-fields and JCF has been chosen as the study area. A contextual 

thresholding algorithm is also developed, which consists rule-based tests to detect the hot spots. 

It takes the fused or unfused image as the input image and by employing the rule-based tests; it 

provides the output image as the hot spot detected image. False alarm rate (FAR) and hot spot 

detection accuracy (HDA) are taken as performance parameters. By using MODIS band 1 and 

band 2 images, GEMI and MSAVI indices have been obtained. The extracted Vegetation 

indices (Vis) may provide some useful information over the hot spot because GEMI index 

reflects the photosynthesis capability of healthy vegetation and it is insensitive to soil, ground 

and is capable of mapping vegetation activity and detecting hotspots in sparsely vegetated lands 

and MSAVI index minimizes the soil effects and supposed to give the vegetation information. 

By using the different PALSAR polarization images (i.e. HH, HV and VV), cross polarization 

ratio (CPR), HV/HH and HV/VV indices images have been obtained because CPR is used to 

distinguish between sparsely vegetated fields, forested areas and bare grounds, while HV/HH is 

used to maximize the variation of surface and volume scattering and have the ability to 

distinguish vegetation and bare grounds and HV/VV gives the low values for bare ground and 

gives a better idea of the bare field. The developed contextual thresholding algorithm has been 

applied on unfused MODIS and PALSAR images for the detection of hot spots. By calculating 

HDA and FAR, their performance has been evaluated. For GEMI, MSAVI, CPR, HV/HH and 

HV/VV, the detection accuracy (i.e. HDA) is retrieved as 60.67%, 37.89, 1.56%, 1.33% and 

0.22%, respectively, while FAR is retrieved as 3.45%, 4.14%, 3.62%, 2.51% and 1.27%, 
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respectively, and it is observed that no single image is capable to produce high detection 

accuracy with low FAR. Therefore, to obtain the fusion coefficient, fusion is planned in a 

systematic manner to critically analyse the importance of fusion of indices obtained from 

PALSAR and MODIS data. One PALSAR data for the month of April, 2011 and four MODIS 

data for the same month of April, 2011 have been considered and assuming that conditions are 

approximately same during the whole month and this PALSAR data is also fused with each 

MODIS image separately. For the development purpose, only one MODIS data is taken with 

the fusion of PALSAR data and the developed model produces the HDA as 81.59% and FAR 

as 1.08%. The obtained coefficient is validated with the fused image of the MODIS and 

PALSAR data of another year and produces the HDA as 74.39% and FAR as 2.27%.    

Finally, Chapter 7 provides the summary of attained results and enlists the major 

contributions made in the thesis. The perspective of future study using current results is also 

discussed in this chapter. 
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Chapter 1     

 Introduction 
 

Satellite images play a key role in land cover and land use mapping applications such as natural 

resource management, agriculture monitoring, farming, soil study, urban planning, and the 

study of damages caused by natural disasters like earthquakes, landslides, erosion, or 

hurricanes,  and study of human impacts on the environment, etc. Researchers are exploring the 

potential of the satellite images for the land surface monitoring as the ground-based analysis is very 

cumbersome, expensive and time-consuming. Satellite image processing has become a 

progressively important tool for the monitoring and management of Earth’s surface and many other 

applications. Increased availability of information products derived from satellite images greatly 

added to our ability to understand the patterns and dynamics of grounding resources at all levels of 

inquiry. 

1.1.  Motivation 

In the era of information communication technology (ICT), where users want maximum 

information by sitting their places, in which one of the important information is land cover and 

land use. This information can be efficiently acquired from the satellite data. Various satellite 

data are available in a different portion of the spectrum i.e. Visible, Ultraviolet (UV), Thematic 

Mapper (TM), Infrared (IR), Microwave, etc. All these portions of the spectrum are quite useful 

for some or other applications. Researchers are using these data since last several decades and 

various algorithms are available for the application of land cover and land use, but effective use 

of low-resolution satellite data which are easily available like Moderate-resolution Imaging 

Spectroradiometer (MODIS) still needs more attention, whereas researchers are taking quite a 

good interest to use microwave data i.e., Synthetic Aperture Radar (SAR) because of its several 
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advantages over optical data. So, there is a need to develop such techniques/algorithms by 

which usage of these data can be enhanced.    

Monitoring of the agricultural area remains a very difficult task. Monitoring it with 

satellite data is getting quite a huge attention from worldwide researchers. Generally, 

researchers are using the optical data, but the advantage of SAR data over optical data is well 

known. Various models and methodologies have been developed for monitoring the 

agricultural areas with satellite images, but maximum models either they are complex or very 

much dependent on the a priori information. Access to fully polarimetric data from ALOS 

PALSAR promises to further advance the use of SAR data for agricultural applications. 

Therefore, the feature tracking techniques may be useful for tracking the agricultural areas, 

because, in literature, it is reported that an automatic feature tracking technique for agricultural 

areas monitoring is still missing. A robust and effective feature tracking technique like Kanade-

Lucas-Tomasi (KLT) tracker may provide accurate and time-saving monitoring of the 

agricultural areas. 

Time series analysis is another important aspect by which changes may be identified in 

a particular class of the land cover. In this process, a time series data of both sensors (i.e., low-

resolution and high-resolution images) are required, for this purpose freely available satellite 

data may be more useful but the limitation is that these data suffers from coarse spatial 

resolution. Therefore, there is a need to develop such a methodology where freely available 

low-resolution data may be utilized for time series analysis. By analyzing the phase and 

amplitude angle images of normalized difference vegetation index (NDVI) time series data 

with freely available MODIS satellite data, it could be possible to develop a method for 

mapping changes in agriculture areas. Therefore, such kind of study will be very helpful in the 

near future to optimize the use of MODIS image in one hand and in another hand to develop a 

monitoring system by which changes during the particular month may be observed. Many 

researchers have performed land use classification onto the time series data by applying 

different classification techniques like supervised and unsupervised classification decision 

trees, neural networks, etc. Beyond simple classification and monitoring, time series analysis 

can be useful to extend the application of harmonic analysis for multiple years of data and 

collectively to the whole year time series data, which may allow the monitoring of unimodal 

and bimodal agricultural areas. 
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Coal fire or sub-surface (hot spot) monitoring remains a very difficult task worldwide. 

In India, the only region of Jharia Coal Field, Jharkhand, comprises nearly half of the fires in 

underground coal mines. These fires burn causes the destruction of the natural and man-made 

land structure constitutes a hazard being to human and land cracking and subsidence. Apart 

from consuming a valuable resource subsurface fires have considerable operation difficulties in 

mining by increasing the cost of production or by creating current processes uneconomical 

(Singh and Singh 2004; Singh et al. 2004; Verma et al. 2011; 2013; Roy et al. 2010; 2011). Due 

to spontaneous combustion of coal, mostly fires take place, which increases the temperature of 

the land surface. Because of the serious effects caused by these hot spots of economic and 

environmental aspects, this issue is taken seriously by scientists around the world, but manages 

to achieve in order to develop a solution for it, that is the cost, time and location independent 

and provides a significant performance. Therefore, great efforts must be paid in this regard in 

order to detect and monitor these affected regions. The applicability of SAR data for the 

problem of the hot spot is yet to be explored and substantial research is required in this 

direction for developing such a technique which can detect hot spot efficiently. Present research 

work takes care of this issue and explores the applicability of such satellite data which are 

helpful to provide surface roughness information and can efficiently be used for hot spot 

detection. Hence, in order to achieve the objective, SAR (i.e. PALSAR) data as high resolution 

and optical (MODIS) as low-resolution satellite data are used and technique is developed which 

work effectively with these data while providing significant performance and detection 

accuracy. 

1.2.  Problem Statement 

Satellite data are available with different spatial resolution i.e. low, moderate and high 

resolutions. Some of the satellite data having a good temporal resolution but suffers from poor 

spatial resolution, which data are easily available. Therefore, there is a necessity to explore the 

possibility to maximize the use of these kinds of satellites data in which MODIS is one of this 

type of satellites. On the other, satellites like SAR have their own advantages over optical 

images and are taking nowadays too much attention. So, it is required to use effectively these 

two types of satellite data for land cover applications. Therefore, in this thesis, we have 

considered phased array L-band synthetic aperture radar (PALSAR) and MODIS data for 
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various land surface applications like land cover classification, agricultural areas monitoring, 

agriculture pattern monitoring (i.e., unimodal and bimodal pattern) monitoring and hot spot 

detection by developing different algorithms, and the following goals have been defined for the 

present research work.            

1) Critical analysis of some land cover classification techniques for satellite images. 

2) A potential application of KLT tracker on satellite images for automatic change 

detection in agricultural areas. 

3) Development of Harmonic analysis based technique for agricultural areas monitoring. 

4) An efficient application of fusion approach for hot spot detection with MODIS and 

PALSAR-1 data. 

1.3.  Satellite Data Used 

Two types of satellite data such as optical (i.e. MODIS) and SAR (i.e. PALSAR) have been 

utilized in this thesis for land cover classification, agricultural areas monitoring and changes in 

agricultural areas, unimodal and bimodal agricultural areas and hot spot detection.  

1.3.1.  PALSAR 

Advanced Land Observing Satellite Phased Array type L-band Synthetic Aperture Radar 

(ALOS PALSAR) level 1.1 in the Committee on Earth Observation Satellites (CEOS) format, 

which is launched by Japan Aerospace Exploration Agency (JAXA) in 2006 is used for land 

cover classification, agricultural areas monitoring and changes in agricultural areas, and hot 

spot detection. The fully polarimetric ALOS PALSAR data, which is the single look complex 

data has four different polarization modes such as horizontally transmitted horizontally 

received (HH), horizontally transmitted vertically received (HV), vertically transmitted 

horizontally received (VH) and vertically transmitted vertically received (VV) polarization. 

The ALOS PALSAR satellite is very useful in defining the scattering behaviour and extracting 

the physical information about the targets such as shape and irregularity of such targets, 

symmetry, non-symmetry or orientation of the targets and it is more appropriate to land surface 

monitoring for different reasons such as the long operating wavelength (23.6 cm), which is 

sensitive to moisture appearances, land and structures, penetrating smokes and other 

atmospheric phenomena such as fog and clouds on a slant range and the capability of the radar 
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to work in day and night time, with 25 m resolution. Retrieved from http://www.eorc.jaxa.jp/A 

LOS/en/ about/palsar.htm. 

1.3.2.  MODIS 

Moderate-resolution Imaging Spectroradiometer (MODIS) data which is payload scientific 

equipment launched into Earth’s orbit by NASA was taken as the optical data for land surface 

classification, time series analysis and for the fusion purpose with PALSAR to monitor the hot 

spot. MODIS images have the following advantages: (a) these images offer a good balance in 

temporal and spatial resolutions, (b) MODIS images have good temporal coverage of morning 

& evening time daily images (i.e. known as Aqua and Terra), (c) MODIS data provides an 

opportunity for detailed characterization of large-area land use/ land cover and provide global 

coverage of scientific quality data with high temporal resolution (1–2 days), and (d) these 

images are freely available. The temporal frequency of MODIS is very high; therefore, MODIS 

data may be utilized for seasonal change with variations over the agricultural areas by using the 

time series data. MODIS offers excellent possibilities for land surface monitoring, as it has 36 

different spectral bands in the spectral wavelength range from 0.4 μm to 14.4 μm, which allows 

for a full and automated atmospheric correction and detailed cloud masking (Barnes et al. 1998; 

Barnes et al. 2003). In this thesis, the surface reflectance product of MODIS (MOD09Q1) 

which comprises two spectral bands which are Red (620-670 nm) and Near-Infrared (841-876 

nm) in an 8-day grid level-3 product in the Sinusoidal projection with 250 m spatial resolution 

is used, which give an evaluation of the surface spectral reflectance as it would be measured at 

ground level without atmospheric absorption or scattering.  

1.4.  Framework of the Research 

In the present research work, the main objective is to enhance the use of low-resolution images 

for land surface monitoring. A general strategy was followed for solving the selected tasks is 

mentioned in section 1.2. The steps are as follows: 

 Understand the issues related to the problem and identify the limitations of existing 

classification techniques. 

http://www.eorc.jaxa.jp/A%20LOS/en/%20about/palsar.htm
http://www.eorc.jaxa.jp/A%20LOS/en/%20about/palsar.htm
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 Preprocessing of the ALOS PALSAR and MODIS images is carried out to obtain the 

backscattering coefficient and surface reflectance values. 

 Critically analyze various image classification techniques for land surface monitoring 

and their role in discrimination of various land cover classes. 

 Calculation of various polarimetric indices from pre-processed data for land surface 

monitoring. 

 Critical analysis of KLT tracker parameters of the feature tracking for agricultural areas 

identification.  

 Selection of best polarimetric indices for agricultural areas monitoring. 

 Identification of ‘change’ and ‘no change’ areas with identified and tracked agricultural 

areas. 

 Validation of proposed monitoring algorithm by applying over other region images. 

 Harmonic analysis implementation to develop the land cover classification of time 

series data 

 By using the classified image, masking of the water and urban areas in first and second 

amplitude images to monitor the unimodal and bimodal agricultural areas. 

 Present a fusion scheme of MODIS and PALSAR images for hot spot detection. 

 Development of adaptive hot spot detection algorithm.   
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Figure 1.1. Framework of the proposed research work. 

 

Figure 1.1 represents the complete framework of the proposed research work. The flow 

chart clearly points the four main applications of this thesis, which are land cover classification, 

agricultural areas monitoring, harmonic analysis on time series data and the hot spot detection. 

Satellite data pre-processing is the first stage which contains the calibration and georeferencing 

operations to obtain the backscattering coefficient and surface reflectance values. Different 
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study areas are selected for the different task, for example, Roorkee region is considered for 

major land cover classification by using various classification techniques on PALSAR and 

MODIS data. Classification techniques are critically analyzed and based on the classified 

image user and producer accuracy was estimated. Agricultural areas monitoring is the third step 

where two approaches have been introduced for agricultural areas monitoring. The first 

approach is the development of KLT tracker based automatic change detection model in which 

agricultural areas are identified from one PALSAR image and tracked successfully onto the 

another time image and changes have been detected by using the change detection techniques. 

The second approach is the implementation of harmonic analysis onto the MODIS time series 

images for land cover classification and to monitor the unimodal and bimodal agricultural 

areas. The next stage is the hot spot detection stage in which fusion of MODIS and PALSAR 

images has been performed to identify the hot spot affected areas and further thresholding 

algorithm has been developed to detect the hot spot.     

1.5.  Organization of the Thesis 

This thesis includes seven chapters, which are organized as:  

Chapter two discusses the brief literature review of the most commonly used 

classification techniques, role of the optimization methods based classification techniques in 

land cover classification, tracking and change detection methods, multi-temporal harmonic 

analysis followed by a brief review of literature for hot spot detection techniques and the 

limitations of the low and high resolution satellite images.  

Chapter three deals with the task of critical analysis of seven different supervised, 

unsupervised and optimization methods based classification techniques on low and high 

resolution optical and SAR images to find out the suitable technique for change detection and 

monitoring purpose. The critical analysis has been carried out by accuracy assessment for 

different land cover classes. 

Chapter four discusses the development of an automatic change detection algorithm 

with the application of Kanade-Lucas-Tomasi (KLT) tracker for agricultural areas monitoring 

The algorithm has been developed for multi-date PALSAR images for agricultural areas 

tracking. Further, KLT tracker processed images have been used to detect the changes in 



Introduction 

9 

 

agricultural areas. For this purpose, an image differencing change detection technique has been 

applied to observe the ‘change’ and ‘no change’ pixels. 

Chapter five explores the utilization of MODIS NDVI time series data for land 

classification to identify the unimodal and bimodal agricultural areas. In this chapter, an 

attempt has been made to develop the pattern recognition based classification technique by 

using the additive term (A0) image which involved the probability density functions (PDFs) for 

classification in one hand and on the other hand the classified image is used as a reference 

image for the masking of water and urban regions in first harmonic amplitude (A1) and the 

second harmonic amplitude (A2) images to identify the unimodal and bimodal agricultural 

areas. To identify the unimodal and bimodal agricultural areas, a pixel-wise comparison has 

been made between each and every pixel of agriculture and bare land classes, whichever be the 

dominant pixel among A1 and A2 pixels is assigned as the unimodal agricultural pixel 

otherwise, it is marked as the bimodal agricultural pixel.  

Chapter six presents the hot spot (subsurface coal fires) monitoring. For this purpose, 

MODIS and PALSAR satellite images are used to obtain the vegetation greenness and 

roughness information, respectively, and are used for image fusion through a genetic algorithm 

(GA) based pixel level image fusion method. A contextual thresholding algorithm is also 

developed, which consists of rule-based tests to detect the hot spots. It takes the fused or 

unfused image as the input image and by using the rule-based tests; hot spot detected image is 

retrieved as the output image. Hot spot detection accuracy (HDA) and false alarm rate (FAR) 

are taken as parameters for performance comparison of the algorithm with 

commonly used thresholding techniques. To obtain the fusion coefficient from MODIS and 

PALSAR data, one PALSAR data for the month of April 2011 and four MODIS data for the 

same month of April 2011 have been considered and assuming that conditions are 

approximately the same during the whole month. The obtained fusion coefficient is validated 

with the fused image of the MODIS and PALSAR data of another year. 

Finally, Chapter seven provides the summary of obtained results and enlists the major 

contributions made in the thesis. The perspective of future study using current results is also 

discussed in this chapter. 
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Chapter 2      

 Literature Review 
 

Satellite images play an important role in monitoring the Earth's surface and atmosphere at 

global, regional and even local scale. Satellite images provide a repeatable and consistent look 

to the ground, which is valuable for monitoring the Earth's surface and the impact of human 

activities on the ground. Various satellites are acquiring images all the time irrespective of the 

day and night to assist in managing and solving problems related to the environment around us. 

Many types of satellite image analysis techniques have been proposed for land surface 

monitoring like land cover classification, agricultural areas monitoring, time series analysis and 

hot spot detection. Various classification techniques are explained in chapter 1 for land surface 

monitoring, and it is found that any single technique alone cannot solve this problem, therefore, 

there is an additional requirement of hybrid techniques. This chapter emphasizes on the 

literature review of the overall work of the thesis. 

Firstly, a literature review related to unsupervised and supervised classification 

techniques has been discussed. Further, some optimization based classification techniques have 

been discussed and their limitations have been defined with an importance towards 

misclassification of the different land cover classes. Secondly, a literature review of the 

agricultural areas monitoring techniques has been presented and the importance of feature 

tracking algorithm like Kanade-Lucas-Tomasi (KLT) tracker has been discussed. A detailed 

review has been carried out on change detection techniques to detect the changes in agricultural 

areas. Time series analysis techniques have been used for land cover classification to monitor 

the agricultural areas. Further, hot spot detection techniques have been discussed with the 

application of image fusion of two or more different types of satellite images. Therefore, based 

on the review of above-mentioned land surface monitoring applications, this chapter has been 

concluded for the further scope of research. 
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Nowadays various satellite images are available which can be used for various 

applications like object detection and identification, land cover classification, soil moisture 

retrieval, and vegetation mapping, etc. Satellite images can be categorized according to the 

mode of acquiring the images as active sensor and passive sensor images. An active sensor 

which is having its own source of illumination, whereas the passive sensor depends on some 

other source like sunlight or emerging radiation from target objects. Radar images are active 

sensor images as the microwave sensor possesses its own source. Many researchers have used 

microwave images for various applications such as vegetation monitoring (Sato et al. 2009; 

Hong et al. 2015), land cover classification (Yang et al. 2006a; 2007a; Khan and Yang, 2007; 

Mishra et al. 2011a; Parihar et al. 2014), soil moisture estimation (Baghdadi et al. 2008; 

Mladenova et al. 2010; 2011; Jain et al. 2015), burned area mapping (Bourgeau-Chavez et al. 

1997; 2002; Goodenough et al. 2011; Polychronaki et al. 2013), weather prediction and 

forecasting (Galletti et al. 2005; 2007; 2008a; 2008b), ocean depth estimation (Kumar et al. 

1999), ocean surface atmospheric convergence and divergence patterns (Luis and Pandey, 

2005), sea ice signatures (Livingstone et al. 1987a), seasonal and regional variation of sea ice 

and sea surface temperature (Livingstone et al. 1987b; Gohil et al. 1994), rain measurement and 

rain type classification (Varma and Liu 2004; 2006; 2010; Ghosh et al. 2014), tree height 

estimation (Kumar et al. 2006) and many others (Prasad et al. 1997; 2011; Judge et al. 1997a; 

1997b; 1998; 1999; 2001).  

In order to utilize maximum information using microwave images, various SAR sensors 

working at different frequencies are used. The TerraSAR-X was described by Lenz and 

Wiesbeck, (2007), while an overview of RADARSAT system was defined by Ahmed et al. 

(1990). ERS and RADARSAT data have been used by Baghdadi et al. (2002), for roughness 

study of agricultural fields. TerraSAR-X, which works at X-band, has been used for numerous 

applications such as soil surface parameter study over bare agriculture fields (Baghdadi et al. 

2008), ground calibration (Lenz et al. 2005; 2006), etc. Gohil et al. (1994) have used ERS-1 

ATSR data for sea surface temperature estimation. ENVISAT ASAR data have been used by 

Mattia et al. (2006) for soil moisture estimation. Yajima et al. (2008) have analyzed  POLSAR 

images for wetland study. Multi-temporal L-band ALOS-PALSAR and C-band Radarsat-2 data 

for ecosystems and flood dynamics mapping have been utilized by Evans et al. (2010). ALOS-

PALSAR data have been studied for its various applications by Yamaguchi et al. (2009). 
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Optical images, which measure the sunlight radiation reflected from the Earth’s surface 

in the visible and infrared band range of the electromagnetic spectrum are called as passive 

sensor images, and these sensor images do not emit their own radiation but receive natural light 

from the Earth’s surface. Many researchers have used various optical images like: 

NOAA/AVHRR, MODIS, LISS-III, LANDSAT and ASTER, etc., for numerous applications 

such as: plumes detection in hazards (Chrysoulakis et al. 2007; Yahia et al. 2007), snow cover 

mapping (Jain et al. 2008; Peters et al. 2015), land cover classification and mapping (Grazzini 

et al. 2003; Mackin et al. 2007; Ye et al. 2010; Ackermann et al. 2011; Wang et al. 2015), 

change detection (Haas and Gloaguen 2009; Pan et al. 2011; Kusetogullari et al. 2015), forest 

cover classification (Fu et al. 2010), crop classification (Doraiswamy et al. 2006), urban 

mapping (Kasimu et al. 2010; Lin et al. 2014), water fraction and flood maps (Sun et al. 2011), 

meteorology (Grazzini et al. 2002; 2007), vegetation monitoring (Hong et al. 2009; Lakshmi et 

al. 2011; Fang et al. 2013). Moderate-resolution Imaging Spectroradiometer (MODIS) sensor 

images are the passive sensor images, which offers excellent possibilities because MODIS 

images freely available and has a moderate and low resolution (as 250m, 500 and 1 km) and 

global coverage is achieved within two days, which may be useful to identify the land cover 

classes. The spectral, spatial, and temporal resolutions of MODIS images are appropriate for 

the land surface monitoring procedure.  

2.1.  Brief Review of Satellite Image Classification 

The classification of satellite images is very useful in various applications such as agricultural 

areas monitoring, land cover monitoring, urban mapping, change detection, hot spot monitoring 

and many others. Therefore, various unsupervised and supervised classification techniques are 

available for the classification of satellite images of different land cover classes. The main 

drawback with supervised techniques is that they depend on the a priori information provided 

for each class to the classifier because these techniques measure the shortest distance between 

the pixels, which can cause incorrect classification of pixels lying on the boundary of two 

classes. Further, unsupervised classification techniques which are not dependent on the a priori 

information, also lead to misclassification of pixels (Mather and Koch 2011). Various land 

cover unsupervised and supervised classification schemes have been developed for satellite 

image classification, but the commonly used unsupervised classifiers are K-means and ISO-
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data and commonly used supervised classifiers are parallelepiped and minimum distance 

classifier (Akgun et al. 2004; Sathya and Malathi, 2011; Al-doski et al. 2013; Pandya et al. 

2013). A mixed-label analysis (MLA) based classification methodology has been presented by 

Liu et al. (2010), in which the performance of the proposed approach has been compared with 

some supervised classifiers like  maximum likelihood, minimum distance, and neural network 

classifiers. The retrieved overall accuracy as 91.6% of MLA indicates that the proposed 

approach has outperformed the maximum likelihood, minimum distance, and neural network 

classifiers. A comparative study on supervised classifiers is reported in (Huqqani and Khurshid, 

2014) while the effectiveness of some supervised classifiers was presented by Ndehedehe et al. 

(2013), in which researchers have described that binary encoding was providing the best 

classification results followed by a minimum distance and support vector machine (SVM). It is 

also observed by researchers that SVM is the fastest and can provide good classification with 

few training samples while parallelepiped classifier demonstrated a good classification speed 

with poor accuracy (Ndehedehe et al. 2013).    

Numerous classification methods are reported for the classification of satellite images such 

as supervised, unsupervised techniques, but it is still challenging task to use a different kind of 

freely or less expensive data for land surface applications such as land cover classification, 

vegetation monitoring, seasonal change monitoring, and hot spot monitoring, etc. The data 

applicability may be enhanced by using various techniques in which optimization method based 

technique is one of them, but all these techniques still need the attention once it is used for low-

resolution satellite images like MODIS. The optimization method is a combination of 

techniques, rather than a technology. There are various optimization methods like genetic 

algorithm (GA), particle swarm optimization (PSO), neural network (NN), support vector 

machine (SVM), etc., and their combinations which were used for satellite image classification, 

image segmentation, and other applications. Many researchers have used optimization methods 

individually as well as in combination for satellite image segmentation and image classification 

(Stathakis and Vasilakos, 2006; Patra and Bruzzone, 2014), and other applications (Baghdadi et 

al. 2002; Meyer et al. 2003; Singh et al. 2010; Chandrasekaran et al. 2010). Some of the well-

known techniques for satellite image classification in optimization methods include GA 

(Bandyopadhyay and Maulik, 2002; Bandyopadhyay et al. 2007; Yang 2007b; Yang et al. 

2014), NN (Hara et al. 1994; Gopal et al. 1999) and SVM (Tuia et al. 2014), which are the most 
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frequently used methods for land cover classification and provides the better classification 

accuracy. 

SVM is proposed by Vapnik, (1999), which is a supervised classification method and was 

initially developed for statistical classification, and therefore its roots are found in a large 

number of applications, including image classification and image analysis (Gautam et al. 

2008a). An overview of SVM as part of statistical learning theory has been presented by 

Vapnik, (1999), where SVM generalization is also discussed. SVM is preferred due to its 

unique characteristics which include its unique solution providing property, fast learning 

process and its generalization property (Vapnik, 1999). SVM based optimization image 

classification has been presented by Zemin and Zong, (2013) and stated that selection of proper 

kernel function and determination of kernel function parameters are the most important aspect 

to achieve the high classification accuracy. Applications of SVM for satellite image analysis 

have been reported by various researchers including Gautam et al. (2008a), Lizarazo, (2008), 

and Zhang et al. (2010). Gautam et al. (2008a) presented that performance of the SVM has 

been compared with neural network classifier and it is observed that SVM appears to detect hot 

spots more accurately and quite a good detection accuracy as 91% with lesser false alarm has 

been retrieved. Lizarazo, (2008) has used SVM for image classification and stated that SVM 

may be parameterized to retrieve satisfactory accuracies at low computational and sampling 

costs. Zhang et al. (2010) have stated that SVM is a most frequently used classification 

approach, which is based on statistical learning theorem’s dimension concept and structural risk 

minimization principle, and due to its high generalization performance it is considered as a 

good candidate. An SVM-based a multi-feature model for high-resolution satellite images has 

been introduced by Huang and Zhang, (2013) in which SVM combined the spectral and spatial 

features at both pixel and object levels.   

The neural network is a pattern matching based technique, which is used to learn 

patterns and relationships in data. It is a weighted graph network in which nodes are 

represented as neurons and the input neurons connect to the output neurons through directed 

edges. Neural networks learn complex nonlinear structure between input and output, use 

sequential training procedures, and then apply them to the data (Tso and Mathur, 2009). A 

detailed comparative study of a neural network with most commonly used maximum likelihood 

classifier for land use classification was provided by Paola and Schowengerdt, (1995), and 

specified that maximum likelihood classifier requires more analyst care and attention to the 
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training data while such efforts appear to be less necessary for neural network training. NN 

used for land cover classification by Kavzoglu and Mather, (2003), and stated that the user 

specifies the network structure and sets the learning parameters for network training and it is 

noted that NN can perform for small training samples. A back-propagation network reported on 

LISS-III data by Madhubala et al. (2010) and results suggest that the accuracy of the classified 

images increased as the training data increased. Halmy and Gessler, (2015), have explored a 

boosted neural network for classification of land use/land cover of desert landscapes with 85% 

of overall accuracy and indicates that machine learning data-driven algorithms are considerably 

affected by the  data being classified. 

Genetic Algorithm follows the adaptive heuristic search algorithm which involves 

competition among individuals for short resources, which is resulting in fittest individuals 

dominate over the weaker ones (Holland, 1975). GA is a population-based optimization 

technique which simulates the behavior of various genes like chromosome and crossover (Lin 

et al. 2005). GA belongs to the evolutionary computing algorithms in which chromosome 

represents a solution state of the optimization problem. In the case of image classification, 

chromosomes signify the cluster centers, which get efficient with the presence of each new 

pixel in the class (Yang and Yang, 2004). GA based unsupervised classification has been 

reported by Maulik and Bandyopadhyay, (2000), and it is observed that GA-based 

unsupervised classification provides a considerably superior performance to that of the K-

means classification algorithm. Chabrier et al. (2008) have introduced the GA based image 

segmentation technique and developed algorithm indicates that it can also integrate some a 

priori (such as ground truth) information if it is presented. The application of GA to 

unsupervised multi-spectral image classification has been reported by Yang et al. (2006b), in 

which fitness functions are presented and assist as the criteria for controlling the iterations. Xie-

Beni index (XBI), Davies-Bouldin index (DBI), and K-means index (KMI) were used as a 

fitness function to classify the multi-spectral satellite image into different classes. By using the 

merits of DBI and fuzzy C-means index (FCMI), a new clustering index as DBFCMI has been 

proposed by Yang et al. (2014) and the performance of proposed index was compared with 

DBI, FCMI, and the partition separation index (PASI). The results suggest that DBFCMI shows 

the high overall accuracy (as 75.5%) and robustness in comparison to the rest clustering 

indices. It is concluded that these indices have shown that GA outperforms traditional 

clustering methods like K-means and ISO-data and gives higher classification accuracy. 
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2.2.  Brief Review for Agricultural Areas Monitoring with SAR 

Images 

Satellite images offer an exceptional possibility for large-scale and frequent observations of the 

Earth’s surface. In comparison to the optical images, SAR images may be useful in mapping 

the land cover classes because SAR provides day, night and all time weather independent 

images and penetration capabilities, which respond to the agricultural areas structure such as 

shape, size and orientation of stalk and leaves. Due to these exceptional characteristics, SAR 

images have become an effective tool for agricultural areas mapping and monitoring. The 

classification and analysis of polarimetric SAR data have increased a lot of significance with an 

encouragement to better recognize the scattering mechanisms that give increase to polarimetric 

features for a better understanding of the SAR images (Rao et al. 2008). The potentiality of 

polarimetric data has been utilized not only for classification of land covers, but also for crop 

classification (Chen et al. 2007; Mcnairn et al. 2009; Zhao et al. 2014), wheat monitoring and 

mapping (Xu et al. 2014), tree classification and also for roughness and slope (Murase et al. 

2001; Schuler et al. 2002), sensitivity analysis of backscatter to map the crop and soil 

conditions (Moran et al. 2012), agricultural crops and rice growth monitoring (Hoekman et al. 

2003; Yonezawa e al. 2012). Additionally, with the launch of several multiple-polarization and 

polarimetric SAR satellites, such as TerraSAR-X, ENVISAT ASAR, ALOS PALSAR, and 

Radarsat-2 offer additional information about the scattering mechanism and present the 

potential for agricultural area mapping and monitoring (Mishra and Singh, 2014). The 

polarimetric information contained in polarimetric SAR images signifies immense potential for 

the classification of urban and natural surfaces. 

Various polarimetric indices such as: normalized difference polarization index (NDPI), 

ratio vegetation index (RVI) and cross-polarization ratio (CPR) can be extracted with fully 

polarimetric data which are quite useful in various applications like hazard monitoring, canopy 

characterization and for classifying the forest areas and vegetated fields, etc., (Yun-gang et al. 

2008; Trudel et al. 2008; Kim and Van Zyl, 2009). Backscattering coefficient from different 

polarization and their ratios have been used for vegetation and bare ground classification, 

vegetation identification and crop classification, water and wet bare ground classification from 

different classes (Ferrazzoli et al. 1997; Quegan et al. 2003; Skriver et al. 2011, Voormansik et 

al. 2015). In some recent studies, it is observed that several polarimetric indices and ratios of 
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different backscattering coefficient are effectively used for land cover classification by using 

their statistical parameters. Obtained results suggest that developed methods are theoretically 

applicable for land cover classification using fully polarimetric data; but, it is observed that 

allocated polarimetric indices values used to generate the decision boundary among different 

land cover classes are difficult as these values are very much region dependent (Mishra and 

Singh 2011; Mishra et al. 2011a; Mishra and Singh, 2014). The ratios of different 

backscattering coefficient of ENVISAT, TerraSAR-X and Radarsat-2 have also been used for 

rice mapping (Bouvet et al. 2009; Lopez-Sanchez et al. 2011; Xie et al. 2015), which give 

better information about the cultivated agricultural areas. Many researchers have used ratio 

vegetation index (RVI) for wheat growth parameter retrieval (Kim et al. 2014), vegetation 

water content (Huang et al. 2015; Kim et al. 2012) and soil moisture estimation, etc. Avtar et al. 

(2012) have used RVI for forested types and deforested areas and it is investigated that higher 

values of RVI give a better idea about the evergreen forest regions, whereas deforested areas 

are characterized by low values. The results reported in above mentioned studies highlight the 

significance of polarimetric, as well as multi-polarization SAR data for agricultural areas 

monitoring and mapping. With various such abilities, an SAR approach to the agricultural areas 

monitoring becomes progressively sustainable. The polarimetric indices may provide some 

additional features about agricultural areas monitoring, and various techniques such as 

vegetation discrimination (Laurin et al. 2013), rice identification and change detection (Pei et 

al. 2011), discrete element radiative transfer model (Paloscia et al. 2014), a decision tree 

classification (Wang et al. 2010) and feature clustering (Yuzugullu et al. 2015), etc., Access to 

fully polarimetric data from ALOS PALSAR promises to further advance the use of SAR data 

for agricultural applications. Therefore, the feature tracking technique may be useful for 

tracking the agricultural areas, because, in literature, it is reported that an automatic feature 

tracking technique for agricultural areas monitoring is still missing. A robust and effective 

feature tracking technique may provide accurately and time-saving monitoring of the 

agricultural areas because the image resolution plays an important role in feature tracking 

algorithm implementation. 
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2.2.1.  Features Tracking Algorithm 

Selections of the right features always play a crucial role in feature tracking and uniqueness is 

the most desirable property of a visual feature, by which objects can be easily distinguished in 

the feature space. Feature selection is closely related to the representation of the object (Yilmaz 

et al. 2006). Feature tracking has become an important application in the computer vision field 

with a wide variety of real-world applications (Zhang et al. 2013), but the feature or object 

tracking is a critical task in satellite image applications. In a robust feature tracking algorithm 

presence of background noise, different points of view, occlusion, and illumination changes are 

the main challenge. During tracking the image sequences, an unknown object or feature should 

be selected as something which is remarkable for exploration. A brief literature review on 

various object detection and tracking algorithms for Infrared image sequences has been 

reported by Chamoli and Bhatia, (2015). Researchers have used various feature tracking 

techniques such as mean shift algorithm (Zhang et al. 2013; Jindal and Raman, 2015; Shivhare 

and Choudhary, 2015), stereo-vision based system (Muffert et al. 2013), histogram matching 

(Bhuvaneswari and Subashini, 2014) and Kanade-Lucas-Tomasi (KLT) tracker Shi and 

Tomasi, (1994). KLT tracker is the well-known and most commonly used feature tracking 

technique, which is introduced by Shi and Tomasi, (1994) based on the Lucas and Kanade, 

(1981) original work. KLT tracker has been used by many researchers for real-time 

applications like: optical flow measurement, multi-target tracking in real-time surveillance 

video, real-time people tracking system, aircraft tracking and an automated real-time image 

georeferencing/registration, etc. (Hwangbo et al. 2009; Benfold and Reid, 2011; Tanathong and 

Lee, 2011; Najdawi et al. 2012; Ali et al. 2013). An improved KLT tracker has been reported 

for video content variations tracking (Chau et al. 2014). But the use of KLT tracker in satellite 

images for land cover monitoring or tracking is very less reported in the literature (Ataseven 

and Alatan, 2010; Ahmed et al. 2014; 2015). Therefore, the KLT tracker can be used for 

agricultural areas tracking and after tracking changes may be detected between the reference 

and tracked image of agricultural areas. To detect the changes between the reference and 

tracked image of agricultural areas, change detection techniques can be used to detect the 

changes in agricultural areas.     
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2.2.2.  Change Detection Techniques 

Change detection is the identification of quantitative changes in same scene images acquired at 

different times. It is the procedure of considering the multi-temporal images of the similar 

geographical area to observe the land cover changes on the Earth's surface (Singh, 1989). In the 

literature, two primary supervised and unsupervised approaches for detecting changes have 

been reported (Bruzzone and Prieto, 2000). Supervised change detection methods are based on 

supervised classification techniques (Helmy and El-Taweel, 2010; Roy et al. 2012; Demir et al. 

2012). It requires ground truth information to provide the training data used to train the 

classifier and further it can be  used to determine the changes occurred in multi-temporal 

images. The supervised approach provides the information that what kind of changes is there 

along with the changed region. Unsupervised change detection techniques provide automatic 

detection of changes occurred without the help of any ground truth information. Various 

unsupervised change detection techniques such as: principal component analysis (PCA) and K-

means clustering (Celik, 2009), level set methods (Bazi et al. 2010), dual-tree complex wavelet 

transform (Celik and Kai-Kuang, 2010), generalized Kittler and Illingworth thresholding 

(GKIT) algorithm (Hu and Ban, 2014), expectation-maximization-based level set (Hao et al. 

2014), and hierarchical spectral change analysis approach (Liu et al. 2015) have been presented 

in the recent past and it is observed that the changes are compared directly between two multi-

temporal images without using any additional information. The main advantage of the 

unsupervised change detection technique is that it does not require manual processing of 

images and ground truth information for the extraction of change information. In the present 

work, two most commonly used change detection techniques: image differencing and image 

rationing have been used to observe the changes. These are used to calculate the difference 

image which is then automatically classified in changed and unchanged region.  

Image differencing is a simple and commonly used technique for classifying ‘change’ 

and ‘no change’ pixels in satellite images. There are many examples of its use for analyzing 

satellite images to landslide detection and identification, deforestation, etc., (Singh, 1989; 

Richards, 2005; Khairunniza-Bejo et al. 2010; Hussain et al. 2013). Image ratioing is suitable 

for image classification of changes as compared to image differencing since the ratio image 

obtained by dividing pixel-by-pixel at one date by another date, cancels the common errors (Lu 

et al. 2004; Wu et al., 2007). These two techniques generate a difference image and a ratio 

http://www.researchgate.net/researcher/11564719_L_Bruzzone/
http://www.researchgate.net/researcher/7741373_DF_Prieto/
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image respectively, and by applying suitable thresholds on the difference and ratio image yields 

a classified image of ‘change’ and ‘no change’. These techniques give a classified image of 

‘change’ and ‘no change’ pixels, in which two types of change pixels are obtained such as 

negative change pixel and positive change pixel. Positive change refers to the changes that lead 

to an increase in backscatter while negative change refers to the changes that cause a decrease 

in backscatter (Frojse, 2014). 

2.3.  Brief Review for Time Series Analysis with Optical Images 

One of the important areas where satellite images can play a key role is the monitoring of the 

temporal changes in the agricultural areas. In particular, the conversion of natural vegetation 

cover types in human-dominated areas is still changing on a global scale with a number of 

unknown consequences for the environment. Information about land cover change may be 

useful for global climate models and the technology ecosystem, as well as can characterize the 

distribution and status of major land cover transformations for ecological and environmental 

applications. Satellite images are the only practical means to monitor changes in land cover 

because of the temporal dynamics and changes in the Earth's surface. Different land cover 

classes exhibit different spectral behavior for the optical region, which can be utilized 

efficiently to correlate that particular region to a particular class. To observe the seasonal 

changes in agricultural areas and to improve the accuracy of vegetation change monitoring and 

land use/land cover classes, the vegetation spectral response is being used by analysis to the 

time series data (Jakubauskas and Legates, 2000). Temporal analysis is the ideal analysis of 

land cover change information, which may provide consistent and repeatable measurements 

through a set of spatial scales, and is well suited to capture the processes of change in the 

Earth's surface, a human activity, fire, flood, etc. (Liang, 2001). Fourier analysis or Harmonic 

analysis is used for the modeling of seasonal profiles by using time series data which are 

obtained through satellite images. The Fourier/harmonic analysis is valuable because the image 

in the Fourier domain is decomposed into its sinusoidal components, therefore, it is easy to 

process or observe certain frequencies of the image that affect the image into the spatial domain 

more efficiently. Harmonic analysis is traditionally based on the Fourier analysis, which is a 

method of expressing a signal as a sum of sine and cosine waves. Harmonic analysis 

decomposes temporal curves in phase, amplitude and variance harmonic terms, which are 
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significant to extract the temporal variation information and the knowledge of the seasonal 

profiles for the vegetative growth cycle (Jakubauskas et al. 2001; Arenas-Toledo et al. 2009).  

Time series data of satellite images such as NOAA/AVHRR and Terra/Aqua MODIS, 

provide useful information for temporal analysis about the land-surface properties and can be 

used to map the Earth’s photosynthetic vegetation activity in support of phenological and 

biophysical interpretations and land-cover change detection. Many researchers have utilized 

harmonic analysis on NOAA/AVHRR and MODIS time series data for several applications 

like:  different crop monitoring and crop type identification (Jakubauskas and Legates, 2000; 

Jakubauskas et al. 2001; 2002a; and 2002b; Kastens and Legates, 2002), forest classification 

(Yu et al. 2004), cropland area estimation (Victoria et al. 2012), and vegetation signature 

generation (Oliveira et al. 2009) etc. Westra and Wulf, (2007) have proposed the flood points 

monitoring algorithm to differentiate various land use/land cover classes by computing the 

phase, amplitude and variance images of harmonic 0 to 3 as input to the ANN to classify the 

different land use/land cover classes. Harmonic analysis of time series data plays an important 

role to study the cyclic behavior of vegetation phenology and to analyze the phenological 

changes; vegetation indices (VIs) such NDVI and EVI have been extensively used. VIs 

enhance the spectral response of plants and ease the influence from the soil (Antunes et al. 

2013). A detailed analysis of vegetation phenology by using the EVI time series images has 

been presented by Antunes et al. (2013), in which results illustrate that the vegetation 

phenology presents spatial patterns coherent with the vegetation growth with the variability of 

the seasonal floods and determines the hydrologic conditions of the region, which is directly 

affecting the moment of maximum EVI. Many researchers have proposed various phenology-

based techniques for various applications such as assessment of perennial energy crops (Wang 

et al. 2011), classification of various grasses and their climate dependency with time series data 

(Wang et al. 2013), land cover classification and regional land cover trend analysis (Xue et al. 

2014) and classification of vegetation cover types (Yan et al. 2015), etc. Their results suggest 

that harmonic analysis is a powerful tool for phenological analysis. The obtained phase and 

amplitude images from harmonic analysis can provide the spatiotemporal changeability of 

various vegetation cover types. Some other studies have also been conducted by utilizing the 

NDVI time series data for seasonal trend monitoring (Panday and Ghimire, 2012) and annual 
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land cover change (Jung and Chang, 2015), etc., which shows that harmonic analysis can be 

utilized effectively and efficiently for land cover change detection.    

The advancement of a regional-scale monitoring has become challenging because it 

requires satellite images that have an adequate spatial resolution, high temporal resolution, 

wide geographic coverage and minimum cost. Beyond simple classification and mapping, an 

extension of the harmonic analysis to multiple years of data, applied collectively to the entire 

data series, which may allow the monitoring of unimodal and bimodal agricultural areas. 

Unimodal provides the annual or yearly growth information about the agricultural areas (one 

crop per year) and bimodal provide the biannual or half yearly growth (two-time crops per 

year) information. Canisius et al. (2007) presented the decision tree approach for the 

classification of the time series data in different land cover classes and monitoring of the 

bimodal agricultural areas effectively at large scale.  

The AVHRR time series images are also used for Fourier/harmonic analysis, but the 

spatial resolution is very poor for land cover classification (Arenas-Toledo et al., 2009). The 

limitations such as insufficient geometric correction and unsatisfactory atmospheric correction 

are well known that make its efficient utilization more difficult for agricultural areas 

monitoring (Cihlar, 2000). Therefore, MODIS data which is freely available and has a 

moderate and low resolution (as 250m, 500 and 1 km) may be useful to identify the land cover 

classes and the vegetation growth monitoring of the agricultural areas (Liang, 2001). The 

spectral, temporal and spatial components of MODIS are suitable for land surface monitoring. 

Many researchers have used MODIS time series data for various applications such as  

preservation of the integrity of the vegetation phenology (Zhu et al. 2012), land cover change 

detection (Salmon et al. 2011; Kempeneers et al. 2012; Kleynhans et al. 2012), land-cover 

separability analysis (Grobler et al. 2012), temporal trend analysis (Sobrino et al. 2013), etc. 

The agricultural areas mapping algorithm has been presented to identify the crop classes in 

single and double cropping systems by Arvor et al. (2011), and it is observed that MODIS time 

series images are effective in identifying spatial and temporal dynamics of agricultural areas. 

Yin et al. (2014) have presented an automated land cover change monitoring algorithm based 

on annual time series of per-pixel land cover probabilities and it is found that general land 

cover patterns can be effectively monitored with MODIS images. These outcomes recommend 
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that the MODIS image would be suitable for the multi-temporal time series analysis and can 

provide a better understanding about the agricultural areas variations.   

2.4.  Brief Review for Hot Spot/Subsurface Fire Detection with 

Satellite Images 

Subsurface coal fires, which are also known as hot spots are a serious threat to natural 

resources and cause significant societal and environmental degradation. Therefore, we have 

considered hot spot monitoring as one of the parts of land surface monitoring. Many 

researchers have used optical/TM data for surface or subsurface coal fire monitoring. Various 

optical satellite images such as Landsat (Prakash et al. 1997; 2011; Prakash and Gupta, 1999; 

Mishra et al. 2011b; 2014; Pandey et al. 2013; Raju et al. 2013; Huo et al. 2015), Moderate 

Resolution Imaging Spectroradiometer (MODIS) (Li et al. 2004; Coppola et al. 2014), National 

Oceanic and Atmospheric Administration’s Advanced Very High Resolution Radiometer 

(NOAA/AVHRR) (Nakayama et al. 1999; Boles and Verbyla, 2000), and Geostationary 

Operational Environmental Satellite (GOES) (Laneve, 2006), Advanced Spaceborne Thermal 

Emission and Reflection Radiometer (ASTER) (Gao et al. 2009) etc., have been used for coal 

fire monitoring. Recently, Chen et al. (2016) have presented a burned forest areas mapping on 

Landsat TM images and it is observed that Landsat TM allows a more objective and accurate 

understanding of the losses caused by that fire. However, most of the algorithms have been 

presented for surface fires, but there is still uncertainty about the problem of subsurface fires. In 

addition, Landsat TM, NOAA/AVHRR, and other high-resolution satellite images have been 

used for subsurface fire detection, while MODIS is very less reported for this purpose. A 

principal component analysis (PCA) with information fusion, rough set classification, fuzzy 

logic harmonic analysis, SVM (Support Vector Machine), contextual thresholding, image 

stacking wavelet transform based model and maximum solar reflection threshold (Gautam et al. 

2006a; Gautam et al. 2006b; Gautam et al. 2007a; Gautam et al. 2007b; Gautam et al. 2008a; 

Gautam et al. 2008b; Demirel et al. 2011; Prakash et al. 2011; Gautam et al. 2012; Raju et al. 

2013) based hot spot detection techniques have been proposed, but the main challenge with 

optical images is its limitations due to cloud coverage. 

SAR images are unaffected by clouds and haze and these images may provide valuable 

information over burned areas, but the use of SAR data is very limited for this kind of 
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applications. SAR images have not only been used for some ecological applications like 

biomass estimation and vegetation monitoring but also used for burned area monitoring 

(Bourgeau-Chavez et al. 1997; 2002; Goodenough et al. 2011). The potential of multi-temporal 

ALOS PALSAR imagery in typical Mediterranean areas for burned area mapping has been 

investigated by Polychronaki et al. (2013), by utilizing an object-based classification technique 

on PALSAR images, which were acquired before and after fire events. The proposed algorithm 

indicates that it could be valuable when rapidly burned area mapping is needed. MODIS is very 

less used for this purpose, but MODIS images have shown more sensitivity in coal burning 

areas than AVHRR images on the basis of their spatial and spectral resolution (Martin and 

Delgado, 2002). The fire detection algorithm by using MODIS satellite data for active fires 

have been presented by Giglio et al. (2003), where the brightness temperature information is 

used in 21, 22, 31 and 32 channels to detect the active fires. A separate product, i.e., 

MOD14A2 is also available, which is one of the most basic fire products for thermal anomalies 

such as volcanoes mapping (Justice and Townshend, 2002; Giglio et al. 2010). A burn scars 

detection technique using MODIS data is presented by Li et al. (2004), which indicates that 

MODIS images are quite useful and suitable for rapid assessment of the spread of fires and the 

damages produced by fires. For small hot spot detection associated with thermal anomalies, a 

new algorithm is proposed by Coppola et al. (2014) by using MODIS data, which is basically 

based on the contextual, temporal, and spectral hot spot detection methods principle. Hence, it 

is observed that fusion of optical images, i.e., MODIS and SAR images, i.e., PALSAR may 

provide the complementary information over the coal mine fire-affected region to detect the hot 

spot and non-hot spot on the basis of their reflectance and various types of scattering. 

The procedure of combining the maximum appropriate information of two or more 

images in order to attain a precisely fused image is called as image fusion (Chavez and 

Kwarteng, 1989). Fused image is more informative than the individual images. Though image 

fusion techniques on MODIS and PALSAR have been applied for various applications such as 

land cover classification (Kumar and Singh, 2010), soil moisture content retrieval (Prakash et 

al. 2012), and environmental monitoring, etc. but their application to hot spot detection needs to 

be explored. Frequently used image fusion techniques are principal component analysis (PCA), 

intensity-hue-saturation (IHS), Brovey transform, and wavelet transform based methods 

(Amarsaikhan et al. 2012; Ren et al. 2012; Bedi and Khandelwal, 2013; Chien and Tsai, 2014; 

Palsson et al. 2015). Wang et al. (2005) have described some general image fusion (GIF) 
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methods, whereas, a comparative study of several pixel-based image fusion methods is 

presented by Dahiya et al. (2013). The above-mentioned methods offer superior visual high-

resolution multispectral fused images, but these techniques have some limitations with low 

spatial resolution images and require high-resolution satellite images to enhance the 

information of the land surface. With the genetic algorithm (GA) based pixel level fusion 

method, it is easy to enhance more spatial information. Genetic algorithm based scheme is used 

for the image fusion as it has efficiently optimized the weights of source images for the fusion 

(Lacewell et al. 2010; Mumtaz et al. 2008). It reveals the significance of extracting relevant 

information from both the images and thus leads to better classification and interpretation of the 

fused image.     

Several methods have been implemented primarily for assessment of biomass burning 

and forest fire detection. These methods can be categorized into two categories: (I) algorithms 

which are based on fixed thresholding techniques and (II) contextual thresholding techniques. 

Most of the hot spot detection algorithms are based on AVHRR classical fixed threshold 

values. In fixed thresholding technique, a pixel is marked as a hot spot if the value of its 

brightness temperature or reflectance in one or more spectral bands exceeds or falls below a 

predetermined threshold value (Rauste et al. 1997; Li et al. 2000). Fixed thresholding based 

algorithms can be further categorized in single channel threshold algorithms and multi-channel 

threshold algorithms. The single channel threshold algorithm is used for single channel or band 

while multi-channel thresholding algorithm is used on multi-channel. But fixed thresholding 

based algorithms have some limitations such as their parameters need to be adjusted for each 

region. Therefore, these methods are not capable of detecting the small hot spots; hence, these 

methods produce lower detection accuracy (Pozo, et al. 1997; Boles and Verbyla, 2000; Dash 

et al. 2001). The techniques based on fixed threshold values are not capable of detecting all the 

hot spots; therefore, these methods provide very low hot spot detection accuracy (Gautam et al. 

2008b). Contextual thresholding is mainly based on spatial statistics calculated from pixels 

within resizable windows around fire candidate pixels. These methods include the neighboring 

pixel under examination to manage with the variation in the surrounding environmental 

temperature that may occur across the large area acquired by the satellite system. For a specific 

sensor, contextual algorithms require manual tuning of a sequence of thresholds according to 

the available spectral bands. These algorithms do not take advantage of the important inter-

band information of the multi-spectral data (Gautam et al. 2008b). The contextual methods are 
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more adaptable for different kind of applications than the fixed threshold approaches to a wide 

range of conditions. Though it turns out to be clear that these are not completely adaptive in 

nature and their thresholding scheme cannot be inherited for the development of hot spot 

monitoring/mapping. Therefore, an adaptation in nature with some modifications and additional 

research is needed to develop efficient algorithms to detect hot spots. 

2.5.  Conclusion 

In this chapter, review of various land surface monitoring algorithms has been discussed. After 

doing comprehensive study and critical analysis of the existing methodologies, following 

conclusions are drawn: 

 Researchers are using various techniques for land surface monitoring, in which 

classification techniques are still not very well reported for the land surface monitoring 

purpose. 

 

 Application of advanced techniques like Kanade-Lucas-Tomasi (KLT) tracker for 

automatic tracking of agricultural areas and the detection of changes in agricultural 

areas require more attention. 

 

 Time series analysis plays a crucial role in change detection techniques and very few 

reports are available in this area; for agricultural areas monitoring especially with 

MODIS-type of data. 

 

 Problems like detection of surface hot spots or subsurface hot spots are still challenging 

because researchers have used maximally optical images, but the use of SAR images is 

still missing. To explore the utilization of SAR data, a fusion of SAR and optical 

images may enhance the useful information to explore the hot spot detection. 

 

 

 

 



Chapter 2  

28 

 

 

 

 



Chapter 3 

 

29 

 

 

 

 

 

Chapter 3           

Critical Analysis of Some Land Cover 

Classification Techniques for Satellite 

Images 
 

Advances in satellite imaging technology provide various methods for land surface monitoring, 

which are useful in land surface ecology research studies. Satellite images comprising the grids 

of pixels, which can be assessed from the surface, according to the level of the reflected 

radiation, whose value depends on upon reflection, scattering, transmission and reflectance 

values of electromagnetic radiation in the range of assigned bit numbers. However, satellite 

images are subject to low geometric resolution and different types of errors and these errors can 

be carried over or spread in consequent landscape images. The pixel is subjected to absorption 

of solar radiation, scattering of the terrain as well as reflectance back to the sensor. Pixel values 

for these areas tend to vary due to the fact that they do not necessarily occur as homogeneous 

representation. To deal with this problem, many researchers have performed ‘image 

classification’ on satellite images. In this study, a critical analysis has been carried out for land 

cover classification with traditional and some advanced optimization method based 

classification techniques.  

3.1.  Introduction 

A quantitative assessment of land cover of each country is essential for the proper 

planning against altering the changes in the surface of the Earth since the change of land cover 

is related to global change due to its interaction with the climate, human activity, 

biogeochemical cycles, biodiversity and the process of ecosystems. Satellite images play an 
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important role in land use/land cover classification due to the accessibility of several SAR 

satellite images such as PolSAR, RADARSAT and ALOS PALSAR, etc. (Mishra et al. 2011a; 

Mittal et al. 2013; Antropov et al. 2014; Shiraishi et al. 2014; Zhang et al. 2015). Classification 

of SAR data acquired in one polarization is difficult due to poor separability of different 

characteristics disseminated on the ground. In single polarized SAR image classification, 

information is limited to intensity and texture only and hence, it is difficult to interpret the 

single polarized SAR image. Therefore, fully polarimetric SAR data are required to enhance 

the more characteristics scattered on the Erath’s surface. Fully polarimetric Advanced Land 

Observing Satellite Phased Array L-band Synthetic Aperture Radar (ALOS PALSAR) sensor’s 

images are playing progressively important role in land surface classification due to their 

capability to work day and night time and have the capability to penetrate through cloud cover  

(Zhu et al. 2012).  

The classification of satellite data acquired in visible and Near-infrared (NIR) band 

ranges is a very difficult task, since it depends on various environmental influences such as the 

complexity of the landscape in the study area, cloud cover, haze, smoke, etc., and due to these 

influences adapted classification methods may affect a land cover classification (Friedl et al. 

2002). Therefore, it is need of current research to develop some techniques by which freely 

available satellite images may be utilized to enhance the land use/land cover classification. The 

expanding accessibility of satellite images with the significant improvement in spatial and 

spectral resolution has presented the more prominent potential for additional information of the 

land cover classification. Optical satellite images such as moderate resolution imaging 

Spectroradiometer (MODIS) image with importantly enhanced spatial, spectral, temporal and 

radiometric attributes offer challenges and new opportunities for satellite images based land 

cover classification (Friedl et al. 2002). MODIS image has limited potential for land cover 

classification due to coarse spatial resolution. To enhance the more information from MODIS 

image for land cover classification, there is a need to explore the possibility of using some 

other methods. Image classification is one of the important aspects to analyze all types of 

satellite images. 

Selection of an appropriate classification technique is another significant research topic 

in land cover classification (Lu and Weng, 2007). Various classification techniques are 

available to classify the satellite images from traditional supervised (Parallelepiped, Minimum 

Distance and Maximum Likelihood) and unsupervised (K-means and ISO-data) classifier to 



Critical Analysis of Some Land Cover Classification Techniques for Satellite Images 

 

31 

 

some advanced classification techniques such as object based algorithms, contextual 

algorithms, decision tree, neural network (NN), support vector machines (SVM), genetic 

algorithm (GA) and particle swarm optimization (PSO) (Stathakis and Vasilakos, 2006; Frery 

et al. 2007; Lu and Weng, 2007, Pasolli et al. 2014; Tuia et al. 2014; Yang, 2007b; Yang et al. 

2014) are available, but still there is need to understand the commonly used classification 

techniques for optical and SAR data. Therefore, the main objective of this study is to critically 

analyze the different land cover classification techniques such as parallelepiped, minimum 

distance, K-means, ISO-data, SVM, NN and GA for land cover classification.      

3.2.  Study Area and Data Description 

3.2.1.  Study Area 

The study area considered in this study comprises the center latitude: 29
0 

51’N and longitude: 

77
0 

53’ E, and covers the Roorkee town, which is situated in Haridwar District, Uttarakhand, 

India. Roorkee town is situated on the south bank of Solani River on the National Highway. 

The considered study area covers the mainland covers types such as water (due to Solani River, 

a seasonal river, whose maximum part remains dry in summers), urban (built up areas in 

Roorkee town) and agricultural areas (grass and cropland nearby Roorkee town). Figure 3.1 

shows the location of the Roorkee town in the map of India. 

 

Figure 3.1. Study area (Roorkee region) for land cover classification situated in the Haridwar 

district of Uttarakhand state, India. 
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3.2.2.  Description of Satellite Data 

Two datasets were used in this chapter, the first data set is considered as the fully polarimetric 

Advanced Land Observing Satellite Phased Array type L-band Synthetic Aperture Radar 

(PALSAR) and the second data set is considered as Moderate-resolution Imaging 

Spectroradiometer (MODIS). Fully polarimetric ALOS PALSAR contains four different 

polarization channels: HH, HV, VH and VV and the product is level 1.1 in Committee on 

Earth’s Observation Satellites (CEOS) format which has the 21.5
0
 incidence angle and 

approximately 25 m resolution and was acquired on April 9
th

, 2010. The PALSAR satellite is 

side-looking Radar and will have distortion due to terrain, but PALSAR is not affected, as the 

considered study region has a flat surface. A MODIS product of surface reflectance 

(MOD09Q1), which is comprised of two spectral bands: red (620-670 nm) and NIR (841-876 

nm). An 8-Day composite of MODIS with 250 m resolution was used, which was acquired on 

7
th

April, 2010. 

3.3.  Theoretical Background 

3.3.1.  Classification 

Classification or pattern recognition is a procedure to classify images into different clusters 

("classes") according to their correspondences. Similar images can be analyzed in a variety of 

ways, but the image processing in the EM-related classification have a very strict similarity 

measure, therefore, to classify this kind of images a pixel by pixel comparison is used (Zebker 

and VanZyl, 1991; Tso and Mathur, 2009). The classification approach may be implemented to 

classify the total content of the scene at a limited number of basic classes. They can also be 

implemented to distinguish one or more classes of specific areas (e.g. ponds, paved surfaces, 

irrigated agriculture, deforestation, or other types of offenses) within the landscape. Classified 

images obtained after applying the classification technique are hardly perfect. Many factors 

such as spectral and spatial characteristics of the data, time frame(s) of the data, natural 

variability of local conditions in the geographic region, and move over the used digital image 

classification methods affect the classification results, which is one of the important aspects to 

be considered (Tso and Mathur, 2009).  
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 Measurable estimation of land cover is required for each country in order to ensure 

proper planning with respect to the Earth's surface changes as the change of vegetation occurs 

due to the global change because of its interaction with the climate system of the 

biogeochemical cycles, ecosystem, human activities and biodiversity (Navalgund et al. 2007). 

The classification has been a very important area of research in the field of satellite image 

analysis at the same time, and due to various constraints (e.g. resolution limit) and issues (e.g. 

scatterings), this field has been equally challenging. There are several methods available for 

satellite images, which uses various schemes and features of images to improve the 

classification and these methods are broadly categorized as: supervised and unsupervised 

classification, but nowadays many researchers are also using some optimization methods based 

classification techniques like SVM, NN, and GA. 

3.3.1.1.  Unsupervised Classification 

Unsupervised classification techniques do not need the analyst to provide training sets to describe 

the objectives or to prepare the classifier. Rather, the analyst indicates just the quantity of classes to 

be created, and the classifier consequently develops the classes by minimizing some predefined 

error function (Tso and Mathur, 2009). The minimum distance criterion used to label the class 

which calculates the minimum distance between the class and the centroid of the cluster in 

feature space and the unsupervised classifier estimates the class means and refines this 

estimated mean iteratively (most of the unsupervised classifiers are iterative in the process). 

After every iteration, the previous arrangement of assessments of the class means is refined 

until the procedure unites, as a rule when the mean stays in the same spot in highlighted space 

over progressive iterations. The yield of unsupervised systems is called groups or, in some 

cases, information classes (Mather and Koch, 2011). The pattern recognition procedure is 

finished when every class is recognized, that is connected to a particular data class by the 

analyst. Some of the time the number of classes can be identified using the classifier. Usually, 

the analyst does not require to interact with the classifier, which works autonomously and 

naturally. In spite of the fact that the unsupervised classification methodology has all the 

assigned clusters being more exquisite and programmed than the supervised classification 

techniques, the retrieved classification accuracy of the unsupervised technique is usually 

achieved lower than that supervised techniques (Mather and Koch, 2011). The main barrier to 

achieve the highest classification accuracy is the overlap of spectral and spatial classes. Mainly 
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two types of unsupervised classification techniques are considered by researchers, which are 

known as K-means and ISO-data and discussed briefly in the following section. 

 K-Means 

K-means algorithm is the most common unsupervised classification method, which is extensively 

used for automatic classification of the satellite images. This algorithm is implemented on 

recursively clustered set of migration tools (centers), using a minimum distance approach in mind, 

while the location of the cluster resources has not changed, or to change from one iteration to the 

next is not less than some predetermined threshold (Tso and Mathur, 2009). The change can also 

be described in terms of the number of pixels moving from one cluster to another between 

iterations, or a cluster compactness measure value such as the sum of squared deviations of 

each pixel from the center of its cluster, summed up for all the classes (Tso and Mathur, 2009). 

The aim of K-means algorithm is to minimize the within cluster variability. The sum of 

square distances (errors) between each pixel and its assigned cluster center is used as the 

objective function, which is to be minimized (Ghosh, 2013) and defined as  

2[ ( )] (3.1)distances

x

SS x C x


   

where, distancesSS  is the sums of square distances, ( )C x  is the mean of the cluster that 

pixel x is assigned to.   

 The Minimization of distancesSS  is equivalent to the minimization of Mean Squared Error 

(MSE). The MSE is a measure of the inside cluster variability (Ghosh, 2013),which is given as  

2

distances

[ ( )]

(3.2)
( ) ( )

x

b b

x C x
SS

MSE
N c N c





 
 


 

where, N denotes the number of pixels, number of clusters are indicated by c, and the 

number of spectral bands are denoted by b. 

K-means is very sensitive to initial starting values. With different initial values for two 

classifications and resultant diverse classification, one might select the classification with the 

least MSE. Though, the dissimilarities in respect to the MSE for two different initial values are 

repeatedly very small while the classifications are very dissimilar (Ghosh, 2013). Visually, it is 

frequently not clear that the classification with the least MSE is actually the better 

classification.  
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 ISO-Data 

The Iterative Self-Organizing Data Analysis Technique (ISO-data) computes class means 

uniformly dispersed in the information space, and then iteratively classifies the remaining 

pixels by utilizing the minimum distance measure. It is similar in principle to the K-means 

algorithm in that the cluster centroids are iteratively described sample means. Means are 

recalculated at every iteration and reclassified the pixels with respect to the new means. Input 

threshold parameters are used to split, merge, and to delete the iterative class (Mather and 

Koch, 2011). All pixels are classified to the closest class except a standard deviation or the 

separation limit is determined, in which case, a few pixels may be unclassified on the off 

chance that they don't meet the chosen criteria. This procedure will be repeated until the 

number of pixels in every class changes by not exactly the designated pixel change threshold or 

the maximum number of iterations is exceeded (Mather and Koch, 2011). As an input to the 

ISO-data technique, the analyst has to define the set of initial cluster centers ( CN ) such as 

1 2, ,......... ,
CNZ Z Z which is not required to be same as the desired cluster centroids and it can be 

formed by selecting from the defined set of data. For a set of N samples, 1 2, ,......... ,NX X X ISO-

data contains the following steps to classify the input satellite image (Ghosh, 2013), which are 

defined as: 

1. Step 1: Specify processing parameters 

To perform the ISO-data algorithm, it involves the some process parameters such as: 

number of cluster centres (K), select N as a parameter in contradiction of the samples in a 

cluster domain is matched (in most of the cases, it is used as 3), standard deviation ( )S , and 

lumping ( )c  which is used to combine two cluster centre are closer than the lumping 

parameter distance and then the two clusters will be combined into a single cluster (Ghosh, 

2013).     

2. Step 2: Distribute samples among the cluster centers 

Allocate the set of N samples between the current cluster centers, by using the relation 

for all x in the sample set 

j jS  if ||  x –    x – ||, (3.3)ix z z   
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where 
jS  is the set of samples assigned to a cluster 

j,z  i,j  1,2, ..Nc;i j   and Nc

is the number of cluster centers. 

3. Step 3: Discard sample subsets with fewer than N members 

If 
jS  contain 

jN members and
jN N  , then discard 

jZ and reduce CN by 1 (Ghosh, 

2013).  

4. Step 4: Compute the new cluster center for each set 
jS  

Cluster centroids 
j, 1,2,..........NcZ j   are updated, by setting it equal to the mean of the 

sample for the corresponding set 
jS  

j

0

j

S

1
|| , 1,2,...................Nc (3.4)

xj

Z x j
N 

    

5. Step 5: Compute the cluster size parameter, 
jD  

Overall average distance of the sample from their corresponding cluster centroid is 

computed by using the following relation  

j

0

j j

S

1
|| – ||, 1,2,...................Nc (3.5)

x

D x z j
N 

   

Where, 
jD is the average distance of samples in each cluster

jS , from the corresponding 

cluster center, 
j.z  

6. Step 6: Compute the overall size jD  

Overall average distance ( )jD of the cluster from their corresponding cluster centroid is 

computed by using the following relation  

1

1
(3.6)

CN

j j j

j

D N D
N 

   

7. Step 7: Branch Point 

i If this the last iteration, set S as zero and move to the step 11 

ii If Nc / 2,K move to step 8  
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iii If the current iteration is an even numbered iteration and Nc 2 ,K then move to the 

step 11; else continue  

8. Step 8: Find the standard deviation vector for each class 

Standard deviation vector for each sample subset by using the following relation 

2

,

1
( ) (3.7)

j

ij i i j

x S

x z
N




 
  

  
  

where 
ij represents the standard deviation of all the samples in 

jS  along the principal 

coordinate axes,
jx  feature space.  

9. Step 9: Splitting of the clusters 

For any
j , max 1,2,...........Ncj  , it has  max jand and N 2( 1)j S j ND D      , or

/ 2CN K then the cluster has been split into two centers and increased the Nc  by 1. If 

centroid splitting is taking place, then return to the step 2, else continue. 

10. Step 10 Pair-wise distance 
,( )i jD is computed among all the cluster centroid 

, || ||, 1,2,..............., Nc (3.8)i j i jD z z i    

1,.........., Nc 1j i    

11. Step 11: Find and sort the c smallest distances, such that  

Distance ( )ijD has been compared against the lumping parameter ( )c . Arrange the  ( )L

smallest which are less than c in ascending order 

1 1 2 2, ,............. (3.9)i i iL LD J D J D J  

At this step lumping of clusters takes place. 

12.  Step 12: Lump clusters 

For each l 1,2,  L,   merges the two cluster centroid and reduce Nc by 1 as 

shown below: 

* 1
[ * * ] (3.10)j il il jl jl

il jl

Z N Z N Z
N N
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13. Step 13: Continue or terminate the algorithm 

If this will be the last iteration, the algorithm will get terminated. Else, if the analyst 

needs to change some parameters, then he needs to move to the step 1; otherwise move to the 

step 2 and continue.   

3.3.1.2.  Supervised Classification 

In supervised classification, the user supervises the pixel by using the descriptive training data 

for each of the predetermined numbers of classes. For training the classifier sufficient reference 

data is required, which is used as training data. Signatures made of training data are then used 

to supervise the classifier to classify the spectral data in the thematic map. To train the 

classifier precisely to avoid the misclassification; the user should have the adequate knowledge 

of the study area to identify the number and type of the information classes that are presented in 

the image (Tso and Mathur, 2009). Although, several supervised methods are available such as 

maximum likelihood, minimum distance, parallelepiped, mahalanobis distance, but in this 

chapter only two commonly used supervised classification techniques, i.e. minimum distance, 

and parallelepiped are used, which are defined as follows: 

 Parallelepiped Classifier 

This classifier has a parallelepiped-like subspace, which is also known as hyper-rectangle for 

each class. The minimum and maximum pixel values are used to define the boundaries of the 

parallelepiped in the assigned class, or instead, by a certain number of standard deviations on 

either side of the mean of the training data for the denoted class. Typically the solution is 

simple to test whether a point presenting the pixel is in the feature space in any of the 

parallelepipeds. If the pixel falls into several classes, the pixel is allocated to the last class (Tso 

and Mathur, 2009). Areas that do not fall under any of the classes of the box designated as 

unclassified. Figure 3.2, is explaining the design of parallelepiped classification for two-

dimensional feature space. 
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Figure 3.2. Two-dimensional parallelepiped classification (Tso and Mathur, 2009). 

The parallelepiped strategy is fast and simple to use, however, errors may emerge, 

especially when a pixel falls inside more than one parallelepiped or outside all parallelepipeds. 

These two conditions are in fact expected to happen because the feature space vector 

distribution pattern is often complex. Therefore, it is difficult to offer a robust performance of 

the classification using this simple method (Tso and Mathur, 2009). 

 Minimum Distance 

To determine a pixel’s label, the decision rule adopted by the minimum distance classifier is the 

minimum distance between the pixel and the class centroid and the distance is measured either 

by the Mahalanobis distance or Euclidean distance as given in equation (3.11 and 3.12) (Tso 

and Mathur, 2009). The Euclidean measure ED  is defined as: 

2

ED ( ) (3.11)i jx    

where ix is the retrieved vector of the thi pixel and 
j  are the present mean of the 

thj

class and the number of bands being used are the dimension of the vector .ix     

The Mahalanobis distance MD is defined as 
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1

MD ( ) ( ) (3.12)T

i i j i ix xC x x     

where, an observed vector of the 
thi pixel is represented by ix , the current mean is 

represented by i , the matrix transpose is denoted by T, and the inverse of the variance–

covariance matrix for cluster j is denoted by 1

jC .   

The Mahalanobis distance takes into account the shape of the frequency distribution for 

a given cluster in feature space, resulting in clusters ellipsoidal while using Euclidean distance 

assumes equal variances and a correlation of 1.0 between the features, giving circular 

groupings. Hence, by using the Mahalanobis distance measure minimum distance classification 

provide the better-classified image than the same classifier using the Euclidean distance 

measure (Tso and Mathur, 2009). 

Dissimilarity coefficients can be defined from the distance measured from both of these 

methods, and if the similarity between objects i and j increases the distance becomes smaller. 

The training data is used to obtain the mean of the spectral vector or class centroid for each 

class. By computing the distance between the unknown pixel value and each class centroid, in 

turn, a pixel of unknown identity is labeled (Tso and Mathur, 2009). An example of a minimum 

distance classifier is shown in Figure 3.3, in which on the basis of the minimum distance 

calculated between the pixels and the class centroid pixel a is assigned to the class 3. The state 

of every class relies upon which distance function (Mahalanobis or Euclidean) is utilized. 

 

Figure 3.3. An example of minimum distance classification (Tso and Mathur, 2009). 
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The minimum distance classification technique is mathematically simple and 

computationally efficient, in which all sections of n-dimensional space are classified and it 

allows for diagonal boundaries and avoids the overlapping of the similar classes (Tso and 

Mathur, 2009). 

3.3.1.3.  Optimization Methods Based Classification Techniques 

Various optimization methods based classification techniques have been widely used to classify 

the satellite images. Several optimization methods based techniques such as support vector 

machine (SVM), fuzzy logic, neural network (NN), Genetic Algorithms (GA), particle swarm 

optimization (PSO) and others have been used for both supervised and unsupervised 

classification schemes. Three optimization methods based classification techniques such as 

support vector machines (SVM), neural network (NN) and genetic algorithm (GA) have been 

used in this present chapter. 

 Support Vector Machine 

Support vector machine is one of the most popular classification techniques used for satellite 

image classification (Karlsson, 2003). The support vector machines (SVM) were first presented 

by Vapnik in 1995 and are very popular due to many attractive features and encouraging 

empirical performance (Hsu et al. 2003; Lin and Wang, 2002). The principle behind the SVM 

is the structural risk minimization, which bounds the generalization error to the sum of the 

training set error and a term depending on the Vapnik-Chervonenkis dimension (Vapnik, 1995; 

1999) of the learning machine. The SVM induction principal minimizes an upper bound on the 

error rate of a learning machine on test data (i.e. generalization error), in comparison to the 

minimization of the training error in empirical risk minimization. 

The aim of SVM is to use the minimum number of labeled points which are essential 

for the classifier designing. The labeled information is attained from ground truth data and 

manual labeling which is costly and limits the ability of supervised pixel classification. 

Recently, active learning has come up as one of the most popular paradigms to reduce the data 

requirements of large-scale learning objectives. In this case, the learner selects their own 

learning data instead of learning from random samples and the output of this step is used for the 

next step to select the examples (Persello, 2010).  



Chapter 3 

42 

 

The training data used to train the machine is denoted by pairs , , 1,..., ,i ix y i n

 1, 1 , Rd

i iy x   , where training vectors ix  are mapped in the high dimensional feature 

space. For maximizing the margin between two classes in the feature space, SVM searches the 

separating hyperplane. Let the corresponding feature space vector is denoted by ( )z x , with 

the mapping of  from Rn to a feature space z (Karlsson, 2003). The objective is to search the 

hyperplane represented as the following decision function: 

. 0 (3.13)w z b   

Which is defined by the pair (w, b), such that ix  point can be separated according to the 

equation (3.14) 

1, 1
( ) sign( . )

1, 1

where 1,............., (3.14)

i

i i

i

if y
f x w z b

if y

i l


   

  



 

The generalized optimal separating hyperplane (OSH) is then viewed as the solution to 

the problem 

1
min .

2

subject to ( . ) 1 ,

0, 1,............., (3.15)

i

i i i

i

w w C

y w z b

i l









  

 



 

where C is constant and it is considered as the penalty parameter (C>0) of the error term 

and it is used as the only free parameter in SVM formulation. The balance between margin 

maximization and classification violation can be made by tuning this parameter (Karlsson, 

2003).  

Optimal hyperplane searching in equation (3.15) is a Quadratic programming problem, 

and it can be solved by building a Lagrangian and transformed into the dual function. 

1 1 1

1

1
maximize ( ) ( )

2

subject to 0 0 , , 1,............., (3.16)

l l l

i i j i j i j

i i i

l

i i i

i

W y y K x x

y a a C i l
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where i  the point is called as the support vector (SV) and also the points that lie 

nearby to the separating hyperplane as shown in Figure 3.4. The SV associated with ix

expresses the strength with which the point is embedded in the final decision function and often 

only a small subset of points will be associated with non-zero .i  Function ( )i jK x x is called 

kernel function, which can compute the dot product of the data points in feature space Z, that is  

( ) ( ) ( ) (3.17)i j i j i jK x x x x z z      

The decision function is  

1

( ) ( ) ( ) (3.18)
l

i i i

i

f x sign w z b sign a y K x x b


 
      

 
  

By using the nonlinear kernels, SVM can be adopted as a nonlinear classifier. Typically 

SVM is used as a binary classifier in its least complex structure; it can work as a multi-class 

classifier by joining a few binary SVM classifiers. The output of the SVM classifier is the 

decision values of the individual pixel for each separated class, which is utilized for probability 

estimation (Hsu et al. 2003). As each probability value lies between 0 and 1, these probability 

values are referred as the “true” probability, and their sum for each pixel equals 1.  

 

Figure 3.4. Support vector machine (SVM) classifier (Hsu et al. 2003). 
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Kernel function selection is the main step in an SVM classification procedure because 

according to its accuracy classification of land cover data depends on upon it. There is four 

kernel functions present: 

1. Linear 

2. Polynomial 

3. Radial Basis function (RBF) 

4. Sigmoid 

In this chapter, kernel function RBF (radial basis function) is chosen. Unlike other 

linear kernels, RBF kernel handles are the nonlinear kernel for the nonlinear problem and it can 

also map relation between class labels and attributes (Persello, 2010).  

The RBF kernel function is defined as: 

2

22( , ) (3.19)
x y

k x y e 

 

  

Where   is the kernel parameter. 

 Artificial Neural Networks (ANNs) 

An artificial neural network (ANN) is an information-processing network that is motivated by 

the biological nervous system like the human brain. It consists of a large number of 

interconnected processing elements (neurons) working in an agreement to solve specific 

problems. ANN learns the system to accomplish the task, rather than programming a computer 

system to do certain tasks. The multilayer perceptron (MLP) and the radial basis function 

(RBF), which are utilized more regularly among the countless number of neural network 

structures (Tso and Mathur, 2009).  

A typical node model as shown in Figure 3.5, is also known as a neuron, which features 

the variety of inputs and weights for each input, the information supplied, the processing unit 

and the output of which is connected to other nodes (or provides the output). The positive or 

negative weights denotes the excitatory or inhibitory nature of neuronal activation, respectively 

(Tso and Mathur, 2009).  
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Figure 3.5. Node model of a neuron (Tso and Mathur, 2009). 

Output node is calculated as a weighted sum of its inputs, it is also known net sum or simply 

net and transmitted through the activation function f: 

0

0

net= . (3.20)

(net) (3.21)

d
T

ji i

i

x x w

y f

 


 




 

Although one perceptron cannot be sufficient to practical use, the appropriate combination can 

be quite powerful and estimate the arbitrarily complex nonlinear decision boundary (Tso and 

Mathur, 2009). The multilayer perceptron (MLP) is the most popular classifier and it is a feed 

forward neural network, which indicates that data flow is completely associated with each other 

node in the accompanying layer through the arrangement of weights (Wji). The hidden layer 

node utilizes a nonlinear activation function and the output of it is completely associated either 

to the following hidden layer node or usually associated with the output layer nodes via another 

set of weights (Wkj) (Tso and Mathur, 2009) as shown in Figure 3.6.     

 

Figure 3.6. The MLP architecture (Tso and Mathur, 2009). 
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The classification problem can also be designed as a function estimation problem, 

where the aim of the classifier is to estimate the function that accurately maps the input patterns 

to their corresponding classes. For these types of function estimation applications, the RBF 

networks are most frequently used (Tso and Mathur, 2009). The unknown function to be 

approximated is used to generate training samples by providing known inputs to the neural 

network and obtaining the corresponding outputs. These input/output data set acts as training 

samples for neural networks. The RBF network places radial basis function on top of each 

training data samples, the unknown function is then estimated by computing the superposition 

of these functions. RBF function is also known as a feed-forward network. 

 Genetic Algorithm (GA) 

Genetic Algorithms follows the adaptive heuristic search algorithm which involves competition 

between individuals for short resources, which is resulting in fittest individuals dominate over 

the weaker ones. GA was presented by Holland in 1975, thus, it is an idea of natural selection. 

Though they seem like randomized but GAs is by no means random, rather they use the 

probabilistic nature of the problem to converge the search into the region of better performance 

within the search space. 

The algorithm starts with a set of solutions, which are denoted by chromosomes also 

called as population. One population’s solution is taken and this solution is further used to 

shape another population (Yang, 2007b). It is inspired by the anticipation that the new 

population is superior to the old one. New solutions (offspring) are generated by selecting the 

old solutions on the basis of their fitness. Starting with a few initial solutions, selected at 

random, GA maintains an appropriate decision based on the so-called fitness function 

(evaluation index). Thus, you can avoid GA problems associated with the non-uniform 

distribution of data and automatically select the best solution in terms of it uses three standard 

building blocks: selection, crossover, and mutation (Yang et al. 2014). 

1. Crossover representation 

The unknown parameters are encoded as strings, called chromosomes, which may be encoded 

binary, integer or real numbers. The chromosome is encoded with units (tuples) of positive 

integers because the image pixels are denoted by positive integers. The brightness values of 

each band are represented by a unit, and thus the potential of the cluster centroid. Chromosome 

length is considered as K, which is equivalent to the number of elements and thus, GA finds the 
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possible clusters for the classification problem inside the image. K is chosen from the range 

[Kmin, Kmax], where Kmin is normally allocated to 2 unless exceptional cases are considered and 

chromosome length is defined by Kmax, which implies the maximum number of centroids. Kmax 

should be chosen by the analyst’s experience (Yang et al. 2014). 

2. Selection and crossover 

The two new individual chromosomes are created through two current chromosomes 

nominated arbitrarily from the crossover pool by using the selection and crossover. The 

crossover percentage of the current population is comprised of the crossover pool, which 

establishes the best chromosomes according to the selected index for clustering. There are 

mainly three types of typical crossover operations, which are known as one-point crossover, 

two-point crossover, cycle crossover and uniform crossover (Yang et al. 2014). 

3. Mutation 

Crossover is followed by the mutation and during mutation, all the existing chromosomes in the 

population are tested unit by unit and all the values of a particular unit can be changed 

arbitrarily in accordance with the predetermined probability measure called as the fitness 

function. In this study, K-means Index (KMI) was used as fitness function, which is described 

below. 

 K-Means Index (KMI) 

KMI is performed to classify an image into its feature classes by performing GA operations 

using K-means index as its fitness function (Yang et al. 2006b). The total variation dismissing 

the distance between different clusters is represented by KMI and it is calculated according to 

the equation as follows: 

2

,

1 , 1

KMI 1/ || || (3.22)
K N

k i j k

k i j

x v
 

 
  

 
  

 where k denotes the total number of cluster, i and j are a number of rows and columns, 

 is the variables indicator, x is the input image to be clustered and v is centroid. 
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3.3.2.  Classification Accuracy Assessment 

Estimation of classification accuracy is an important step in the analysis of satellite images. 

Potential users need to know about the reliability of the data when faced with maps derived from 

satellite images. The dimensions of confusion matrix are n×n, n being the number of classes. The 

relationship between two samples of estimations is determined by a matrix, which is computed 

from the clustered image. The first set of the test samples is those which were collected using 

air photo interpretation, field observations, surveys of farm records, or other similar means. The 

second set of samples consists of classified pixels of the classified image. The test data in a 

confusion or error matrix are represented by rows while labels assigned by the classifier are 

represented by columns (Tso and Mathur, 2009). There are several measures of the agreement 

obtained from the error matrix. They are described as follows. 

3.3.2.1.  Overall Accuracy 

The overall accuracy of the classified image is estimated by dividing the sum of correctly classified 

pixels by the total number of pixels. The confusion matrix denotes the number of pixels that 

specify the similar identification by the test samples and the classifier and these diagonal 

entries of the confusion matrix are considered as the correctly classified pixels by the classifier 

(Tso and Mathur, 2009). Overall accuracy can be calculated as 

1

1
(3.23)

q

OA ii

i

P n
N 

   

 where, OAP  is the retrieved overall accuracy, q is the diagonal entry in confusion matrix, 

i is a class number of diagonal elements in confusion matrix, iin  is the value of the diagonal 

entry in  confusion matrix and N is the total number of pixels of the classified image (Stehman 

and Czaplewski, 1998). 

3.3.2.2.    Producer Accuracy 

The ratio between the number of correctly classified and the total number of pixels in a column 

is called as the producer's accuracy (Tso and Mathur, 2009). It can be calculated as 

/ (3.24)Aj jj jP p p  
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 where, 
AjP  is the retrieved producer accuracy, j is the class for which accuracy is 

measured, 
jjp  is the total number of pixels of that particular class and 

jp
is the column total 

(Stehman and Czaplewski, 1998).  

3.3.2.3.  User Accuracy 

The ratio of the number of correctly classified pixels to the total number of pixels in a row of a 

confusion matrix is called as user's accuracy because the user is interested in correctly 

classified classes (Tso and Mathur, 2009). It can be calculated as 

/ (3.25)Ui ii iP p p   

where UiP  is the retrieved user accuracy, i is the class for which accuracy is measured, 

iip  is the total number of pixels of that specific class and 
ip 

is the row total (Stehman and 

Czaplewski, 1998).  

3.3.2.4.  Kappa Coefficient 

Another measure of the accuracy assessment of image classification is the Kappa coefficient and is 

denoted by (K). It ranges from 0 to 1 and a value close to 0 represents no agreement between the 

test data and the classifier outputs while a value 1 represents the perfect agreement between them. 

The value of kappa of less than 0.4 is being considered as “poor” while a value of 0.75 or greater is 

considered as “very good to excellent” performance of the classification (Montserud and Leamans, 

1992). It is calculated as follows: 

1

1 1

2

1

1

(3.26)

r r
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 where the number of samples of test data are denoted by N, r is the total number of 

rows in confusion matrix, iix are the diagonal entries of the confusion matrix, ix  is the 

marginal totals of row i and 1x is the marginal totals of column i. 

The calculation of overall, user, and producer accuracies with kappa coefficient by 

solving a numerical example (Tso and Mathur, 2009), is shown in Table 3.1. 
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Table 3.1. A Numerical example of user and producer accuracy. 
C

la
ss

if
ie

d
 D

at
a 

Reference Data 

Land Cover 

Class 

Agriculture Urban Water Bare 

Land 

Raw Total 

Agriculture 48 3 2 2 55 

Urban 18 70 24 6 118 

Water 7 5 65 12 89 

Bare Land 3 2 11 59 75 

Column Total 76 80 102 79 337 

 

The sum of major diagonal of a confusion matrix is 63, so, overall accuracy is 

(48+70+65+59)/337= 71.8%. 

 

 

Producer Accuracy  User Accuracy 

Agriculture =48/76 =63.10% Agriculture =48/55 =87.3% 

Urban =70/80 =87.50% Urban =70/118 =59.3% 

Water =65/102 =63.7% Water =65/89 =73% 

Bare Land =59/79 =74.7% Bare Land =59/75 =78.6% 

 

Exp. Correct= ix  = (76×55+ 80×118+ 102×89+79×75)/337
2
 = 0.252 

Obs. Correct= (48+70+65+59)/100=0.718 (overall accuracy) 

0.718 0.252 0.466
0.623.

1 0.252 0.748
K


  


 

3.4.  Implementation 

3.4.1.  Pre-processing of PALSAR Images 

Fully polarimetric ALOS PALSAR L-band Level 1.1 raw data by using the ENVI SARscape 

module were preprocessed for speckle filtering (Gamma Map) and then geocoded to eliminate 

geometric distortions in the data and after that, it is radiometrically calibrated to retrieve the 

backscattering coefficient values. A false color composite (FCC) image has been generated by 

assigning the red color to the HH polarized image; green color to HV polarized image and blue 

color to VV polarized image to further use it for classification purpose. 
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3.4.2.  Pre-processing of MODIS Images 

MODIS images have been already pre-processed, including the geo-referencing, which presents 

directly the reflectance values. MOD09Q1 (Surface reflectance 8-day best) product of 

MODIS/Terra satellite, which is distributed in Sinusoidal projection grid (SIN) is used. It 

comprised of two spectral bands such as Red and Near-Infrared (NIR) with 250 m spatial 

resolution and MODIS band 1 and band 2 projection has been converted into Geographic 

Latitude/Longitude projection (Houborg et al. 2007). By using these two bands images, NDVI 

image is calculated. 

3.4.2.1.  Normalized difference vegetation index (NDVI)  

The NDVI is the most commonly used vegetation index to measure the vegetative state and it is 

directly associated with the energy absorption and photosynthetic capacity of vegetation covers 

(Sellers, 1985). Red and NIR bands are used to calculate the NDVI by using the equation 

(3.27). 

( )
NDVI (3.27)

( )

NIR Red

NIR Red

 

 





 

Where, NIRρ and Redρ are TOA (top of atmosphere reflectance) in Red and NIR bands as given 

in equation (3.27). NDVI values lie in between -1 and +1. For the green absorption, the Red 

spectrum reflection is always lower than the spectrum reflectance of the NIR band due to the 

light absorption by chlorophyll. Therefore, in vegetation regions, NDVI values cannot be less 

than 0 and the value below or equal 0.1 represents the water bodies or bare ground due to low 

reflectance recorded with NIR band. Sparse vegetation contains the value in the range of 0.2-

0.5; dense vegetation is represented by the values near to 1. 

3.4.3.  Implementation of Classification Techniques 

Unsupervised (K-means and ISO-data), supervised (parallelepiped and minimum distance), and 

optimization methods based classification techniques (SVM, NN, and GA) have been applied 

to false color composite (FCC) image retrieved from PALSAR data and NDVI image extracted 

from MODIS data to classify them into four land cover classes (urban, water, bare soil and 

agriculture). After performing the classification, the accuracy assessment has been carried out 
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on the classified images. FCC and NDVI image over the study region are shown in Figure 3.7, 

where Solani River, Roorkee town, Ganga canal and agriculture fields (which are marked by A) 

are marked in the FCC and NDVI images, respectively. 

 

(a) FCC image (HH-Red, HV-Green, and VV-Blue) 

 

(b) NDVI image 

Figure 3.7. FCC of PALSAR and NDVI of MODIS images of the study area, (a) FCC image 

(HH-Red, HV-Green, and VV-Blue) and (b) NDVI image. 
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3.5.   Results and Discussions 

3.5.1.  Unsupervised Classification of PALSAR data 

Unsupervised classification techniques such as K-means and ISO-data have been applied onto 

the FCC image, which is retrieved from PALSAR data to obtain the major land cover classes, 

i.e., urban, water, agriculture and bare land. Classified images retrieved through K-means and 

ISO-data are shown in Figure 3.8 (a) and 3.8 (b), respectively, in which water, agriculture, bare 

land, and urban land cover classes are represented by blue, green, yellow and red color, 

respectively. 

  

(a) K-means classified image (b) ISO-data classified image 

Figure 3.8. Unsupervised classification of PALSAR data, (a) K-means classified image and (b) 

ISO-data classified image. 

The accuracy assessment has been carried out with the help of ground truth information 

on to the classified images to analyze the land cover classes. The accuracy was estimated by 

using the error matrix (or confusion matrix), which compares the ground truth information with 

the classified result and produces the overall accuracy, producer accuracy, user accuracy, and 

Kappa coefficient. The overall accuracy (OA) for K-means and ISO-data are observed 58.89% 

and 58.29%, respectively, and Kappa coefficient is 0.4489 and 0.4419, respectively. The Kappa 

coefficient, which is a performance indicator of classification retrieved below 0.5 for both the 

classified images, and indicates that poorly classified images are obtained through K-means 
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and ISO-data classifiers. The estimated producer and user accuracy for PALSAR data of K-

means and ISO-data classifiers are tabulated in Table 3.2. 

Table 3.2. Producer and user accuracy of K-means and ISO-data classifiers for PALSAR data. 

 

Classes 

K-Means ISO-Data 

Producer 

Accuracy 

User 

Accuracy 

Producer 

Accuracy 

User 

Accuracy 

Water 75.61% 65.56% 76.34% 63.90% 

Agriculture 65.90% 47.92% 28.48% 40.17% 

Bare Land 30.06% 42.11% 64.95% 47.57% 

Urban 68.55% 93.72% 68.55% 93.72% 

Producer and user accuracy of K-means and ISO-data classifiers have been estimated 

for water, agriculture, bare land, and urban land cover classes and shown in Table 3.2. From 

Table 3.2, it is observed that K-means and ISO-data classifiers are classifying water class with 

quite a good producer (i.e., 75.61% and 76.34%) and user accuracy (i.e., 65.56% and 63.90%). 

These both clustering algorithms are iterative in procedures, therefore, after providing enough 

iteration these techniques are able to classify water clearly from other land cover classes. K-

means is very sensitive to initial starting values and due to the low backscattering value of 

water, it is effectively measuring the smallest distance as given in equation (3.1) and classifying 

the water class from other land cover classes. In the case of ISO-data, it is observed that the 

number of members in a cluster is more than the threshold. So, the clusters were split into two 

different clusters, as given in equation (3.8). But due to no a priori information in some areas, 

these techniques are overestimating the water bodies. Agriculture class is classified better with 

K-means and a quite good producer accuracy as 65.90% has been obtained while it is 

producing the low user accuracy as 28.48%. Hence, it is observed that K-means is 

commendably measuring the smallest distance for agriculture class, but not able to measure the 

smallest mean for user accuracy. Low producer and user accuracy (i.e., 47.92% and 40.17%) 

has been retrieved from ISO-data because it may have obtained the number of members in a 

cluster less than the threshold and merging the agriculture class with other land covers, as given 

in equation (3.10).  

 Bare land areas are classified with low producer accuracy as 30.06% and as well as low 

user accuracy as 42.11% with the K-means classifier. Most of the bare land areas are presented 

nearby the Solani River in Roorkee town as shown in Figure 3.7 (a), which is a seasonal river 

and whose maximum part remain dry in summer. Therefore, K-means have the difficulty in 
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measuring the low distance between bare soil and water class. ISO-data is classifying bare land 

class with quite a good producer accuracy as 64.95%, and effectively splitting the bare soil and 

agriculture class, while low user accuracy as 47.57%, indicates that wet bare land region is 

mixing with the agriculture class and producing the low user accuracy. The unavailability of a 

priori information may be the reason of low user accuracy. Another land cover class is 

classified as urban, for which quite good producer accuracy (i.e., 68.55% and 68.55%) with 

high user accuracy (i.e., 93.72% and 93.72%) have obtained through K-means and ISO-data 

classifiers, respectively. Usually, the high backscattered signals have been received from urban 

regions, which is providing the better opportunities for K-means classifiers to optimize the 

smallest distance and ISO-data classifier to split the different clusters between urban and other 

land cover classes.      

3.5.2.  Supervised Classification of PALSAR data 

Supervised classification techniques such as parallelepiped and minimum distance have been 

applied onto the FCC image to obtain the major land cover classes, i.e., urban, water, 

agriculture and bare land. Classified images retrieved through parallelepiped and minimum 

distance are shown in Figure 3.9 (a) and 3.9 (b), respectively. 

  

(a) Parallelepiped classified image (b) Minimum distance classified image 

Figure 3.9. Supervised classification of PALSAR data, (a) Parallelepiped classified image and 

(b) Minimum distance classified image.   

The overall accuracy (OA) for parallelepiped and minimum distance are retrieved as 

56.68% and 69.44%, respectively. Kappa coefficient is retrieved as 0.4295 and 0.5931, 
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respectively. The Kappa coefficient is retrieved below 0.5 for parallelepiped classified image 

and retrieved above 0.5 for minimum distance classified images. It indicates that parallelepiped 

classifier produced a poor classified image while minimum distance classifier is producing an 

average classified image. The estimated producer and user accuracy for parallelepiped and 

minimum distance classifiers of PALSAR data are tabulated in Table 3.3. 

Table 3.3. Producer and user accuracy of parallelepiped and minimum distance classifiers for 

PALSAR data. 

 

Classes 

Parallelepiped Minimum Distance 

Producer 

Accuracy 

User 

Accuracy 

Producer 

Accuracy 

User 

Accuracy 

Water 53.31% 47.66% 46.69% 60.36% 

Agriculture 51.00% 49.58% 55.59% 53.59% 

Bare Land 45.66% 56.83% 88.44% 81.17% 

Urban 80.57% 90.12% 87.28% 81.25% 

After estimating producer and user accuracy of parallelepiped and minimum distance 

for water, agriculture, bare land, and urban land cover classes are tabulated in Table 3.3. From  

Table 3.3, it is observed that minimum distance classifier is producing a low producer and user 

accuracy for water class in comparison to the parallelepiped classifier. Due to the lack of 

sensitivity to the covariance of parallelepiped classifier, therefore, it may be producing the low 

producer and user accuracy. It is also observed that in agriculture and bare land classes low 

producer and user accuracy is achieved with parallelepiped classifier due to the volume 

scattering signal in agricultural areas. Hence, agriculture and bare land pixels may be falling 

inside more than one parallelepiped and producing the miss-classification with low producer 

and user accuracy. But the minimum distance classifier is producing quite a good producer 

accuracy as 55.59% for agriculture class, but showing the low user accuracy as 53.59% and 

also classifying the bare land with high producer and user accuracy. Thus, minimum distance 

classifier presents the insensitivities to determine variance among agriculture and bare land.   

3.5.3.  Optimization Methods Based Classification of PALSAR data 

Optimization methods based classification techniques such as support vector machine (SVM), 

neural network (NN) and genetic algorithm (GA) have been applied onto the FCC image. 

Classified images retrieved through SVM, NN and GA are shown in Figure 3.10 (a), 3.10 (b) 

and 3.10 (c), respectively. 
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(a) SVM classified image (b) NN classified image 

 

(c) GA classified image  

Figure 3.10. Optimization methods based classification of PALSAR data, (a) SVM classified 

image, (b) NN classified image and (c) GA classified image. 

 The overall accuracy (OA) for SVM, NN and GA retrieved as 72.96%, 71.46%, and 

65.29%, respectively. Kappa coefficient is retrieved as 0.6362, 0.6150 and 0.5346, respectively. 

The Kappa coefficient is retrieved above 0.5 for all the classified images, which is indicating 

that satisfactory classified images are obtained. The estimated producer and user accuracy for 

SVM, NN and GA classifiers of PALSAR data are tabulated in Table 3.4. 
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Table 3.4. Producer and user accuracy of SVM, NN and GA classifiers for PALSAR data. 

 

Classes 

SVM NN GA 

Producer 

Accuracy 

User 

Accuracy 

Producer 

Accuracy 

User 

Accuracy 

Producer 

Accuracy 

User 

Accuracy 

Water 43.55% 79.62% 35.89% 80.47% 52.96% 65.52% 

Agriculture 79.94% 55.03% 85.10% 53.80% 71.06% 50.20% 

Bare Land 77.17% 89.30% 75.14% 85.25% 54.34% 76.73% 

Urban 89.05% 83.44% 86.22 87.14% 84.10% 80.95% 

 Producer and user accuracy of SVM, NN, and GA classifiers have been estimated for 

water, agriculture, bare land and urban land cover classes and shown in Table 3.4. From Table 

3.4, it is observed that SVM, NN, and GA classifiers are classifying the water class with low 

producer accuracy. SVM classifier may be misclassifying water class with wetlands, because 

low backscattering signal has been retrieved in water and wetlands, due this factor SVM may 

not be finding the optimal separation hyperplane as given in equation (3.15). In the case of NN, 

training function had the difficulty to understand the behavior of mixed pixels, which were 

provided at the input node to train the network as given in equation (3.20). Water is also 

classified with low producer accuracy trough GA due to the temporal variation of cluster 

centroids. High user accuracy has been retrieved by all these three classifiers because input data 

was correctly mapped to the feature space in high dimensional separation hyperplane as given 

in equations (3.15 and 3.20). Agriculture, bare soil, and urban classes are classified correctly by 

all three classifiers and showing a high producer and user accuracy except low producer 

accuracy of bare land by GA as shown in Table 3.4. From Table 3.4, it is observed that all these 

classifiers are using the a priori information efficiently to train the classifier and producing the 

better classification accuracy.   

The critical analysis of retrieved user and producer accuracy for all the classification 

techniques has been performed by plotting all together and the user and producer accuracy plots 

are shown in Figure 3.11 and 3.12, respectively, and the detailed discussion is provided in the 

next section.  
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3.5.4.  Critical Analysis of Producer Accuracy of PALSAR Data 

The producer accuracy of water, agriculture, bare land and urban classes retrieved from all the 

used classification techniques, i.e., K-means, ISO-data, parallelepiped, minimum distance, 

SVM, NN and GA for PALSAR data are shown in Figure 3.11 and are critically analyzed.    

 

Figure 3.11. Producer accuracy for PALSAR Data 

From Figure 3.11, it is observed that water class is producing better producer accuracy 

with K-means and ISO-data classifiers. These both clustering algorithms are iterative in 

procedures, therefore, after providing enough iteration these techniques are able to classify 

water clearly from other land cover classes. K-means is very sensitive to initial starting values 

and due to the low backscattering value of water, it is effectively measuring the smallest 

distance as given in equation (3.1) and classifying the water class from other land cover classes. 

In the case of ISO-data, it is observed that the number of members in a cluster is more than the 

threshold. So, clusters are split into two different clusters, as given in equation (3.8). But due to 

no a priori information in some areas, these techniques are overestimating the water bodies as 

shown in Figure 3.8 (a) and 3.8 (b). The agriculture class is classified well with SVM and NN 

classifiers and producing the high producer accuracy. From Figure 3.10 (a) and 3.10 (b), it is 

observed that their input features are correctly matched to the feature space in high dimensional 

separation hyperplane as given in equations (3.15 and 3.20). Bare lands are classified better 

with minimum distance classifier because the minimum distance function is measuring the 

smallest distance between bare land and other class pixels as given in equation (3.11), 
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therefore, it is providing the better classification accuracy with minimum distance classification 

technique as shown in Figure 3.9 (b). Usually, urban bodies and tall tree are presented with 

high backscattering energy in SAR data; hence, these both classes contain mixed pixels and 

produces the misclassification with unsupervised classifiers. Therefore, most of the supervised 

classification techniques such as minimum distance, SVM, NN, and GA are producing the 

better accuracy for the urban class as shown in Figure 3.9 (a), 3.10 (a), 3.10 (b) and 3.10 (c).  

3.5.5.  Critical Analysis of User Accuracy of PALSAR Data 

The user accuracy of water, agriculture, bare land and urban classes retrieved from all the used 

classification techniques, i.e., K-means, ISO-data, parallelepiped, minimum distance, SVM, 

NN and GA for PALSAR data are shown in Figure 3.12, and further critically analyzed. 

 

Figure 3.12. User accuracy for PALSAR Data 

From Figure 3.12, it is observed that water class is classified with better producer 

accuracy from SVM and NN classifiers. Usually, smooth surfaces such as river and canal have 

the low backscattering values in SAR data, therefore, the water with low pixel intensities 

matched to the feature space in high dimensional separation hyperplane with the training data 

set and producing high user accuracy as given in equations (3.15 and 3.20). The agriculture and 

bare land classes are better classified with supervised classification techniques (i.e., minimum 

distance, SVM, NN, and GA) because bare soil and agriculture pixels are classified better with 

supervised classifiers instead of unsupervised classifiers. The urban class is clearly classified 

with the supervised and unsupervised classifiers, but it is observed that supervised classifier 
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like parallelepiped and unsupervised classifiers i.e., K-means and ISO-data are overestimating 

the urban regions. Therefore, these classifiers are showing the high user accuracy in urban 

areas.      

3.5.6.  Unsupervised Classification of MODIS data 

Unsupervised classification techniques like K-means and ISO-data have been applied onto the 

NDVI image, which is extracted from MODIS data to obtain the major land cover classes, i.e., 

urban, water, agriculture and bare land. Classified images retrieved through K-means and ISO-

data are shown in Figure 3.13 (a) and 3.13 (b), respectively, in which water, agriculture, bare 

land, and urban land cover classes are represented by blue, green, yellow and red color, 

respectively. 

  

(a) K-means classified image (b) ISO-data classified image 

Figure 3.13. Unsupervised classification of MODIS data, (a) K-means classified image and (b) 

ISO-data classified image. 

 The overall accuracy (OA) for K-means and ISO-data are retrieved as 44.21% and 

48.37%, respectively. Kappa coefficient is retrieved as 0.2570 and 0.3111, respectively. The 

retrieved Kappa coefficient is below 0.4 for both the classified images, which indicates that 

both the images are classified poorly. The estimated producer and user accuracy for K-means 

and ISO-data classifiers of MODIS data are tabulated in Table 3.5. 
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 Table 3.5. Producer and user accuracy of K-means and ISO-data classifiers of MODIS data. 

 

Classes 

K-Means ISO-Data 

Producer 

Accuracy 

User 

Accuracy 

Producer 

Accuracy 

User 

Accuracy 

Water 91.94% 49.78% 83.21% 48.72% 

Agriculture 29.81% 30.10% 26.72% 27.19% 

Bare Land 55.17% 59.26% 65.91% 69.46% 

Urban 00.76% 02.86% 13.64% 30.88% 

 

Producer and user accuracy of K-means and ISO-data classifiers have been estimated 

for water, agriculture, bare land, and urban land cover classes and shown in Table 3.5. From 

Table 3.5, it is observed that K-means and ISO-data classifiers have classified water class with 

very high producer accuracy as 91.94% and urban with poor producer accuracy as 25%. In the 

case of user accuracy, K-means is classifying the water and urban classes with low user 

accuracy at 0.76% and 2.86%, respectively, while ISO-data classifier is classifying the water 

class with low user accuracy and urban class with quite a good user accuracy. The resolution of 

MODIS image is very poor and MODIS sensor records the low reflectance values for water and 

urban areas, so, water and urban pixels are mingling with each other. K-means classifier is 

measuring the smallest distance for water class as given in equation (3.1), but not in case of 

urban class separation and ISO-data classifier is obtaining the number of members in a cluster 

is more than the threshold for water class as given in equation (3.8), but obtaining the less than 

for urban class as given in equation (3.9). Therefore, K-means ISO-data classifiers are not 

providing the complete classification information for the urban class. K-means and ISO-data 

classifiers are also producing the low producer and user accuracy for agriculture class and quite 

a good accuracy for bare land class. The poor resolution may be the main factor for 

misclassification of both agriculture and bare land class. Due to mix response from agriculture 

and bare land pixels, both the classifiers are finding the difficulty in classifying these classes 

properly.       

3.5.7.  Supervised Classification of MODIS data 

Supervised classification techniques such as parallelepiped and minimum distance have been 

applied onto the NDVI image. Classified images retrieved through parallelepiped and minimum 

distance are shown in Figure 3.14 (a) and 3.14 (b), respectively. 
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(a) Parallelepiped classified image (b) Minimum distance classified image 

Figure 3.14. Supervised classification of MODIS data, (a) Parallelepiped classified image and 

(b) Minimum distance classified image.    

The overall accuracy (OA) for parallelepiped and minimum distance are retrieved as 

53.68% and 59.14%, respectively. Kappa coefficient is retrieved as 0.3830 and 0.4585, 

respectively. The Kappa coefficient retrieved below 0.5 for parallelepiped classified image and 

minimum distance classified images; it indicated that poor classified images are obtained for 

supervised classifiers also. The estimated producer and user accuracy for parallelepiped and 

minimum distance classifiers of MODIS data are tabulated in Table 3.6. 

Table 3.6. Producer and user accuracy of a parallelepiped and minimum distance classifiers for 

MODIS data. 

 

Classes 

Parallelepiped Minimum Distance 

Producer 

Accuracy 

User 

Accuracy 

Producer 

Accuracy 

User 

Accuracy 

Water 61.29% 81.72% 83.87% 71.72% 

Agriculture 62.50% 44.22% 73.08% 43.43% 

Bare Land 43.97% 57.30% 38.79% 65.22% 

Urban 48.09% 43.15% 42.75% 65.12% 

Estimated producer and user accuracy of a parallelepiped and minimum distance for 

water, agriculture, bare land and urban land cover classes are shown in Table 3.6. From Table 

3.6, it is observed that the minimum distance and parallelepiped classifiers are producing the 

quite good producer and user accuracy for water class. Both these techniques are supervised 

classification techniques and very much dependent on the a priori information of the land cover 



Chapter 3 

64 

 

classes. It is also observed that parallelepiped classifier is classifying the water class with low 

accuracy while minimum distance classifier is classifying the water class with quite a good 

accuracy. Agriculture class is classified by both minimum distance and parallelepiped 

classifiers with high producer accuracy and low user accuracy, while bare land class is 

classified with low producer accuracy and better user accuracy, respectively. It indicates that 

both the classifiers have found mixed pixels between water and urban classes and agriculture 

and bare land classes. After providing the a priori information to these supervised classifiers, it 

is observed that both the classifiers are fallen short to provide the useful information of the land 

cover.    

3.5.8.  Optimization Methods Based Classification of MODIS Data 

Optimization methods based classification techniques such as support vector machine (SVM), 

neural network (NN) and genetic algorithm (GA) have been applied to the NDVI image. 

Classified images retrieved through SVM, NN and GA are shown in Figure 3.15 (a), 3.15 (b) 

and 3.15 (c), respectively. 

  

(a) SVM classified image (b) NN classified image 
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(c) GA classified image 

Figure 3.15. Optimization methods based classification of MODIS data, (a) SVM classified 

image, (b) NN classified image and (c) GA classified image 

The overall accuracy (OA) for SVM, NN and GA retrieved as 62.79%, 51.42%, and 

49.05%, respectively. Kappa coefficient is retrieved as 0.5045, 0.36196 and 0.3189, 

respectively. The Kappa coefficient is retrieved 0.5 for SVM and retrieved below 0.4 for NN 

and GA classified images, which indicating that SVM produced an average classified image 

while NN and GA are producing a poor classified image. The estimated producer and user 

accuracy for SVM, NN and GA classifiers of MODIS data are tabulated in Table 3.7. 

Table 3.7. Producer and user accuracy of SVM, NN and GA classifiers for MODIS data. 

 

Classes 

SVM NN GA 

Producer 

Accuracy 

User 

Accuracy 

Producer 

Accuracy 

User 

Accuracy 

Producer 

Accuracy 

User 

Accuracy 

Water 61.86% 56.15% 37.40% 100.00% 93.50% 76.67% 

Agriculture 78.13% 61.98% 94.79% 52.91% 31.25% 41.10% 

Bare Land 60.98% 98.68% 39.83% 51.65% 47.06% 32.52% 

Urban 49.41% 44.21% 38.82% 29.20% 18.64% 28.95% 

Estimated producer and user accuracy of SVM, NN and GA classifiers for water, 

agriculture, bare land and urban classes are shown in Table 3.7 and it is observed that SVM is 

classifying the water class with good producer accuracy while NN and GA classifiers are 

classifying the water class with very high accuracy. Low user accuracy has been reported for 

urban class by all these three classifiers. These classifiers are the supervised classifiers and 

miss understood the training data of water and urban class due to their low reflectance values. 
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According to the classified image interpretation, NN is classifying the water class with 100% 

user accuracy, but the classified image is indicating that urban pixel is present in most of the 

urban regions. Agriculture and bare land class are better classified with quite a good producer 

and user accuracy by SVM, which indicates that it has found the optimal separation hyperplane 

effectively as given in equation (3.15), between agriculture and bare land classes and almost 

completely separating both the classes. NN is producing the high producer accuracy and low 

user accuracy with agriculture, which infers that NN is matching agriculture patterns quite 

efficiently, but the bare land patterns are not matched as per the training data. GA is also 

producing the low producer and user accuracy for agriculture and bare land class, due to the 

temporal variation of cluster centroids. 

The critical analysis of retrieved user and producer accuracy of water, agriculture, bare 

land and urban classes for MODIS from all the classification techniques has been carried out by 

plotting the user and producer accuracy as shown in Figure 3.16 and 3.17, respectively, and the 

detailed discussions are provided in the next section. 

3.5.9.  Critical Analysis of Producer Accuracy of MODIS Data 

The producer accuracy of water, agriculture, bare land and urban classes retrieved from all the 

used classification techniques, i.e., K-Means, ISO-data, Parallelepiped, Minimum Distance, 

SVM, NN and GA for MODIS data are shown in Figure 3.16. 

 

Figure 3.16. Producer accuracy for MODIS data 
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From Figure 3.16, it is observed that water class is producing a better producer accuracy 

with GA, K-Means, and ISO-data classifiers. K-means classifier has effectively measured the 

smallest distance and shortest distance between water and other land cover classes but to the 

low reflectance classifying the urban class with very low accuracy. It is also observed that due 

to low reflectance values in two classes, GA is also overestimating the water pixels and is not 

capable to clearly classify the water and urban pixels and providing the high accuracy for water 

class and very low for urban regions. Agriculture class is classified better with NN classifier 

because NDVI values for agricultural areas are matching its pattern well with the training data 

as given in equation (3.20). Therefore, NN classifier providing the better producer accuracy for 

agriculture class. The Bare land class is presenting the better accuracy with ISO-data because it 

is obtaining the number of member functions more than the threshold and splitting the bare 

land class from other land cover classes as given in equation (3.8). Parallelepiped classifier is 

classifying urban with quite a good accuracy because most of the urban pixels are falling into 

the parallelepiped box. Thus, parallelepiped classifier is effectively classifying the urban pixels, 

but not providing the sufficient accuracy with respect to the other land cover classes.    

3.5.10.  Critical Analysis of User Accuracy of MODIS Data 

The user accuracy of K-means, ISO-data, parallelepiped, minimum distance, SVM, NN and 

GA of water, agriculture, bare land and urban classes for MODIS data are shown in Figure 

3.17. 

 

Figure 3.17. User accuracy for MODIS data 
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From Figure 3.17, it is observed that water class is producing better producer accuracy 

with NN classifier. NN is providing high accuracy in water regions while low accuracy in the 

urban region due to the low reflectance presented in water and urban regions. Therefore, low 

reflectance may be one of the causes of the misclassification of water and urban. At the time of 

training, the training network has not fully matched the water and urban pixels. Therefore, 

similar kind of low reflectance recorded from water and urban areas may be creating the 

difficulty for NN to match the training samples with the testing samples. Thus, urban regions 

are classified with poor accuracy. Agriculture pixels are classified well with SVM classifier 

because the input data was matched well with the feature space data and SVM effectively 

found the optimal separation hyperplane as given in equation (3.15), and classifying the 

agriculture class with sufficient user accuracy. Bare soil and urban classes are better classified 

with minimum distance classifier because it effectively measured the distance between bare 

land and agriculture pixels and similarly measuring the small Euclidean distance as given in 

equation (3.11), between urban and water pixels. 

3.5.11.  Comparative Study of Classification Accuracy (PALSAR and MODIS 

Data) 

The producer and user accuracy of K-Means, ISO-data, parallelepiped, minimum distance, 

SVM, NN and GA classifiers for water, agriculture, bare land and urban classes for PALSAR 

(PAL) and MODIS (MOD) data are shown in Table 3.8, and it is observed that the first land 

cover class is classified as water with highest producer accuracy for PALSAR and MODIS data 

as 76.34% and 93.50% by ISO-data and K-means classifiers, respectively. The highest user 

accuracy for PALSAR and MODIS data as 80.47% and 100.00% is achieved by NN classifier, 

respectively. The second land cover class i.e. agriculture is classified with highest producer 

accuracy for PALSAR and MODIS data as 85.10% and 94.79% by NN classifier, respectively, 

while highest user accuracy as 55.03% and 76.67% is attained by SVM and NN classifier, 

respectively. The third land cover class namely bare land is classified with high producer 

accuracy for PALSAR and MODIS data as 88.44% and 65.91% by a minimum distance and 

ISO-data classifiers, respectively, whereas, the highest user accuracy for PALSAR and MODIS 

data as 89.30% and 98.68% is retrieved by SVM classifier, respectively. The fourth land cover 

class is classified as an urban class, which is producing the highest accuracy as 89.05% and 
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49.41% by SVM classifier, while, the highest user accuracy as 93.72% for PALSAR data 

obtained by K-means and ISO-data classifiers. The highest user accuracy for MODIS data is 

obtained by minimum distance classifier. 

 From Table 3.8, it is observed that unsupervised, supervised and optimization based 

methods based classification techniques are good and some of them producing quite a good 

producer and user accuracy but these techniques are affected by various factors such as 

unsupervised classification techniques (i.e. K-means and ISO-data) do not require training 

samples, i.e., a priori information; however, they can misclassify the pixels. These both 

clustering algorithms are iterative in procedures, therefore, after providing enough iteration 

these techniques are able to classify water clearly from other land cover classes. Supervised 

classification techniques (i.e. Parallelepiped and Minimum Distance) require precise a priori 

information for each class before classification. Further, they are based on the distance 

measure, which may lead a misclassification of pixels lying on the boundary of two classes. 

Optimization methods based classification techniques (i.e. SVM, NN, and GA) require to map 

the input data correctly to the feature space in high dimensional separation hyperplane; else 

these techniques may lead a misclassification of pixels lying in dimensional separation 

hyperplane. Hence, it is observed that these techniques still need the attention once it is used for 

a low-resolution satellite data like MODIS images. 
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Producer 

Accuracy 

(%) 
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Accuracy 

(%) 

Producer 
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(%) 

User 

Accuracy 

(%) 

 PAL MOD PAL MOD PAL MOD PAL MOD PAL MOD PAL MOD PAL MOD PAL MOD 

K-Means 75.61 91.94 65.56 49.78 65.90 29.81 47.92 30.10 30.06 55.17 42.11 59.26 68.55 00.76 93.72 02.86 

ISO-Data 76.34 83.21 63.90 48.72 28.48 26.72 40.17 27.19 64.95 65.91 47.57 69.41 68.55 13.64 93.72 30.88 

Parallelepiped 53.31 61.29 47.66 81.72 51.00 62.50 49.8 44.22 45.66 43.97 6.83 57.30 80.57 48.09 90.12 43.15 

Minimum 

Distance 

46.69 83.87 60.36 71.72 55.59 73.08 53.59 43.43 88.44 38.79 81.17 65.22 87.28 42.75 81.25 65.12 

SVM 43.55 61.86 79.62 56.15 79.94 78.13 55.03 61.98 77.17 60.98 89.30 98.68 89.05 49.41 83.44 44.21 

NN 35.89 37.40 80.47 100.0 85.10 94.79 53.80 76.67 52.91 39.83 85.25 51.65 86.2 38.82 87.14 29.20 

GA 52.96 93.50 65.52 76.67 71.06 31.25 50.20 41.10 54.34 47.06 76.73 32.52 84.10 18.64 80.95 28.95 

 

Table 3.8. Producer and user classification accuracy of PALSAR and MODIS data. 
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3.6.  Conclusion 

Land cover classification techniques were critically analyzed by applying the supervised (i.e. 

Parallelepiped and Minimum Distance), unsupervised (K-means and ISO-data) and 

optimization methods based (i.e. SVM, NN, and GA) classification techniques onto the 

PALSAR and MODIS images. After an exhaustive analysis, it is observed that although these 

techniques are good and some of them producing quite good results, these techniques are 

affected by various factors such as supervised classification techniques requires a precise a 

priori information for each class before classification. Further, they are based on the distance 

measure, which may lead a misclassification of pixels lying on the boundary of two classes. On 

the other hand, unsupervised classification methods do not require training samples, i.e., a 

priori information; however, they too can misclassify the pixels. So, it is observed that it may 

be difficult to use these techniques for change detection or monitoring purpose. Therefore, in 

next chapters an attempt has been made to develop automatic tracking technique for 

agricultural areas monitoring, time series based change in agricultural areas by using the low-

resolution images and also an attempt has been made to detect the hot spot region with the 

fusion low and high-resolution images.  
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Chapter 4                

A Potential Application of Kanade-

Lucas-Tomasi (KLT) tracker on Satellite 

Images for Automatic Change Detection 
 

Satellite image techniques associated with ground truth information provide reliable and 

efficient information about the Earth’s surface in a time and cost-effective way, but the 

challenge is to gather the accurate ground information for efficient and accurate agricultural 

areas monitoring. Therefore, there is a need for an efficient agricultural areas monitoring 

system in one hand and in another hand; changes in agricultural areas can also be mapped 

automatically without using any a priori or with minimum a priori information.  

Nowadays, airborne and spaceborne synthetic aperture radar (SAR) images are very 

much used for classification and land cover monitoring because SAR sensors are operating 

with different wavelengths in different polarizations, which can be widely used for mapping 

and monitoring of the land cover at the large-scale. Polarimetric features of SAR data provide 

more information about the surface but needs very complex processing to measure the 

information from its multiple polarization bands. In this chapter, an attempt has been made to 

monitor the agricultural areas by using the Advanced Land Observing Satellite Phased Array L-

band Synthetic Aperture Radar (ALOS PALSAR) satellite data.  

4.1.  Introduction 

Classification of satellite images in different land cover classes as agriculture, urban and water 

is supportive in the management and planning of urban areas, despite the surveillance of the 

vegetation may be important for several other reasons like: (1) monitoring agriculture area and 
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assessment of the state of agricultural areas, which is an essential part of the process of 

adaptive management (2) monitoring agricultural areas can be useful to identify the influence 

of natural threatening processes, such as climate changes, disease natural hazards and (3) 

monitoring of crop yield during the crop growing seasons can be effective for crop 

management and national food security policy. Satellite images acquired from space-borne 

sensors can be very cost effective and time independent in vegetation related environment 

assessment at a regional scale. The monitoring of agricultural areas is conventionally 

performed by the fixed sites in many places where the circumstantial variables are measured at 

regular intervals to monitor changes (Bastin and Ludwig, 2006; Briggs and Freudenberger, 

2006). For this purpose, researchers are using optical as well as SAR images, but SAR images 

have advantages over optical images as these can map the vegetation growth more effectively. 

Many researchers have used SAR images for several applications such as object detection and 

identification, land cover classification, whereas vegetation mapping can provide better 

understanding of the agricultural areas and vegetation growth (Mishra et al. 2011a; Laurin et al. 

2013; Antropov et al. 2014; Shiraishi et al. 2014; Du et al. 2015). Fully polarimetric data can be 

very useful in defining the scattering behavior and extracting the physical information about the 

targets such as shape and irregularity of targets, symmetry, non-symmetry or orientation of the 

targets (Mishra and Singh, 2014). Various polarimetric indices such as a normalized difference 

polarization index (NDPI), ratio vegetation index (RVI) and cross-polarization ratio (CPR) can 

be extracted with fully polarimetric data which are quite useful in various applications like 

hazard monitoring, canopy characterization and for classifying the forest areas and vegetated 

fields (Yun-gang et al. 2008; Trudel et al. 2008; Kim and Van Zyl, 2009; Kim et al. 2014; 

Huang et al. 2015). Backscattering coefficient from different polarizations and their ratios have 

been used for vegetation and bare ground classification, vegetation identification and crop 

classification, water and wet bare ground classification from different classes (Ferrazzoli et al. 

1997; Quegan et al. 2003; Skriver et al. 2011, Mishra and Singh, 2014; Xie et al. 2015; 

Voormansik et al. 20015). The polarimetric indices may provide some additional features about 

agricultural areas monitoring, and various techniques such as classification (Laurin et al. 2013), 

rice identification and change detection (Pei et al. 2011), discrete element radiative transfer 

model (Paloscia et al. 2014), and feature clustering (Yuzugullu et al. 2015), etc., have been 

presented for agricultural areas monitoring. So, the feature tracking technique such as Kanade-

Lucas-Tomasi (KLT) tracker may be useful for tracking the agricultural areas. In computer 
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vision, KLT tracker has been used by many researchers for real-time applications like: optical 

flow measurement, multi-target tracking in video surveillance in real-time, aircraft tracking, 

real-time people tracking system, and an automated real-time image georeferencing/registration 

(Hwangbo et al. 2009; Benfold and Reid 2011; Tanathong and Lee 2011; Najdawi et al. 2012; 

Ali et al. 2013), but the  use of KLT tracker in satellite images for land cover monitoring or 

tracking is very less reported.      

 The basic principle of KLT tracker is to track the features for the small, spatial and 

temporal changes occurred in the image sequence. Continuously, object tracking has become an 

important application in the field of computer vision with a wide range of real-world 

applications (Zhang et al. 2013), but object or feature tracking is a critical task in satellite 

image applications. The challenge comes in a robust tracking algorithm caused by the presence 

of background noise, different views, occlusion, and illumination changes. During tracking the 

image sequences, an unknown object or feature should be selected as something which is 

remarkable for exploration. Many researchers have tracked most of the features by making the 

combination of their shape, geometry, color and texture (Hwangbo et al. 2009; Benfold and 

Reid, 2011; Tanathong and Lee, 2011; Najdawi et al. 2012; Ali et al. 2013; Zhang et al. 2013). 

They have implemented the feature selection part manually, but the challenge is to develop a 

fully automatic feature selection technique by which objects on satellite images can be tracked 

or monitored easily. KLT tracker is one of the best-known technique for feature tracking 

because it has the specialties like accurate and precise tracking, less computational time and 

accurate estimation of head locations between feature points (Tomasi and Kanade, 1991; Baker 

et al. 2004). Accurate selection of feature or objects can greatly enhance the performance of the 

tracking algorithm (Shi and Tomasi 1994). Therefore, in this study, an attempt has been made 

to explore the possibility of application of KLT tracker to track agricultural areas with satellite 

images. For this purpose, fully polarimetric PALSAR data have been used. 

4.2.  Study Area and Satellite Data Used 

4.2.1.  Study Area 

Roorkee, Dhanouri, Biharigarh, Laksar and their nearby places have been considered as study 

areas for this work, which is located in the Haridwar district of Uttarakhand, India. These areas 
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comprise the Center latitude: 29
0 

51’N and longitude: 77
0 

53’E. The considered study areas 

comprise the major land covers like water (due to Solani River, a seasonal river, whose 

maximum part remains dry in summers), urban (built up areas in Roorkee town) and 

agricultural areas (grass and cropland nearby Roorkee town). Roorkee region is used for 

algorithm development purpose, whereas Dhanouri and Biharigarh regions are used to test the 

algorithm performance while the Laksar region is used for algorithm validation. Figure 4.1 

shows the Google Earth image of the study areas (i.e. Roorkee, Laksar, and Dhanouri). 

 

 

Figure 4.1. Google Earth image of study areas 
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4.2.2.  Satellite Data Used 

Fully polarimetric ALOS PALSAR data is used for agricultural areas monitoring, whose details 

are given in section 3.2.2. In this chapter, two data sets were used, which were acquired on 

April 9
th

, 2010 and April 12
th

, 2011. The first dataset (PAL-1: Data ID- ALPSRP224150590-

P1.1, Centre latitude: 29.714 N, center longitude: 78.079 E) was used for optimizing the 

features for agricultural areas for the KLT tracker and second dataset (PAL-2: Data ID- 

ALPSRP277830590-P1.1, center latitude: 29.805 N, center longitude: 77.987 E) was used for 

the agricultural areas tracking with optimized features. 

4.3.  Theoretical Background 

4.3.1.  Pre-processing of PALSAR Data 

Fully polarimetric ALOS PALSAR L-band Level 1.1 data were preprocessed by using the 

ENVI SARscape module, by which backscattering coefficient values have been obtained, and 

pre-processing details have been given in sub-section 3.4.1. 

4.3.2.  Extraction of Polarimetric Indices for Agricultural Areas Monitoring 

Synthetic aperture radar (SAR) has great potential for the characterization of agricultural areas 

due to its high sensitivity to agriculture structures and biomass (Mohan et al. 2011). 

Polarimetric indices and the ratio of their backscattering are extracted from fully polarimetric 

SAR data that have the capability to distinguish different types of land covers. Several 

polarimetric indices have been used for various applications like crop classification, target 

characterization, urban mapping, hazard monitoring, canopy characterization and bare soil or 

vegetation classification (Yun-gang et al. 2008; Kim and Van Zyl, 2009; Trudel et al. 2008; 

Mishra and Singh, 2014). Vegetation type, canopy density, and architectural materials control 

the behavior of the polarization channels (Larranaga et al. 2011). Several indices have been 

discussed in this study, in which some of them may be useful for agricultural areas monitoring. 

The mathematical formulations of several polarimetric indices and ratios of backscattering 

coefficients have been extracted from fully polarimetric PALSAR are shown in the equations 

(4.1) - (4.4), where 0  is the linear backscattering coefficient. 
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4.3.2.1.  Ratio vegetation index (RVI) 

RVI is the most promising method to estimate the agricultural areas nearby the urban and water 

regions, which has been demonstrated to have low sensitivity to environmental effects (Kim 

and Van Zyl, 2009).  

 .

0
8*

RVI 4.1
0 0 0

2 *

HV

HH VV HV



  


 
 

 RVI values usually lie in between 0 and 1 and is used to measure the randomness of the 

reflected scattering. If RVI is near to zero, then it represents the smoothness of the bare surface 

and, if RVI value increases, then it represents the growth of that crop (Kim and Van Zyl, 2009). 

RVI shows the positive correlation with the vegetation biomass and it is observed that it may be 

a useful parameter for agricultural and non-agricultural areas separation. 

4.3.2.2.  Cross polarized ratio (CPR)  

The like horizontal and cross horizontal polarization (one HH image and one HV image) from 

SAR data are more advantageous in comparison to the other polarization images to identify the 

geological structures. At the acquisition time, the reflected signal from the vegetation differs 

between each polarization. CPR can be used for bare and sparsely vegetated fields or forest 

area classification (Trudel et al. 2008). 
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4.3.2.3.  HV/HH 
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HV/HH, have the ability to differentiate between vegetation and bare soil and it is used 

to maximize the surface variation and volume scattering (Quegan et al. 2003). 

4.3.2.4.  HV/VV 
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HV/VV can be used to classify the bare ground because it gives the lowest values for 

bare grounds (Quegan et al. 2003). 

4.3.3.  Kanade-Lucas-Tomasi (KLT) Tracker 

KLT tracker was introduced by Shi and Tomasi, (1994) based on the Lucas and Kanade 

original work (Lucas et al. 1981). The algorithm locates important features to track by 

examining the eigenvalues of the autocorrelation matrix described in the image sequence. KLT 

tracker works on two principles: selection of the good features and tracking of the selected 

features and it directly works on intensity information of the pixels and takes the specified 

number of features from the first image which are known as good features and then performs 

the feature tracking to track these selected features onto the second image (Tomasi and Kanade, 

1991). Information about the linear intensity of image texture is retrieved from image gradient, 

so the feature tracking can be dependent on the texture of the image. Texture patterns are 

distinguished because it has different values for multiple pixels in a certain area. Texture 

features can be followed by a full finite size of the window and window size would determine 

the number of features detected (Najdawi et al. 2012). The KLT tracker uses the matching 

criterion that is based on the rigid body translation model and equivalent to the minimization of 

the sum of the squared intensity differences in the defined window size and it is faster than 

conventional feature tracking techniques for observing far fewer potential matches between the 

images. After selecting the good features from the first image, their neighboring point, and 

equivalent tie points in consecutive images can be found. If their spatial information represents 

the same feature in the first and subsequent image, between the intensities of the two windows, 

then, Newton-Raphson iterative minimization method can be used to produce the tracking 

results for one window in each image (Wagener, 2003). Selected features should not move 

more than a predefined window because when large numbers of features have been taken. 

Hence, the smaller window may become visible and features would be located outside the local 

window and then tracking becomes impossible (Wagener, 2003). The mathematical 

formulation of feature selection and tracking part is defined as follows: 

4.3.3.1.  Selection of good features (agricultural areas) 

Tracking features which contain texture information are known as feature windows. The size of 

the feature window is dependent on the number of features which needs to be selected and it 
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may vary. Various window size has been tried and it is found that 4×4 window (W) is much 

more useful for agricultural areas feature selection as similar is also reported in (Wagener, 

2003). The image gradient is used to retrieve the information of the image texture. The image 

gradient ( or )g I used in feature selection is defined as (Wagener, 2003): 
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 After the integration of derived matrix in equation (4.6), the matrix is analyzed for good 

features selection, which is defined in equation (4.7). 
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 where, in equation (4.7), (x, y) is first dated input image with ( , ),ix x y  g is image 

gradient and  is a weight function. The matrix V contains the information about the features 

texture.  

After its eigenvalue analysis, texture can be classified in the defined window size (W). 

The uneven continuous pattern within W can be represented by small eigenvalues. The Linear 

texture pattern can be detected by using one small and one big eigenvalue. Features can be 

selected if matrix V has two big eigenvalues. The agricultural areas features are selected 

according to the above-defined measurement which can be used to track agricultural areas 

feature most efficiently (Wagener, 2003). To decide the maximum eigenvalues for feature 

selection, a minimum threshold need to be set for the retrieved eigenvalues in order to set a 
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minimum threshold, for which Harris “cornerness”(R) criteria has been chosen (Wagener, 

2003), which is given as 

2det k(traceV) , (4.8)R V   

Where, k is constant and Harris has suggested its value as 0, 04. 

4.3.3.2.  Tracking of Selected features (agricultural areas) 

The first image was acquired at time t, and the second image was acquired at the time 1t  . 

The first image is defined as ( , )x y and after adding the variable t as the image acquisition time. 

So, the image can be defined as intensity function ( , , )I x y t  and after defining the desired 

window size in an image which is acquired at a time t   as ( , , )I x y t  (Wagener, 2003). 

The tracking equation is given as 

( , , ) ( , , ), (4.9)I x y t I x x y y t     

 The main objective of the tracking is to calculate the displacement (d), which is defined 

as ( , ),d x y   which is the main part of the feature tracking. 

4.3.3.3.  Feature displacement calculation  

To solve the displacement d, the basic information has been extracted for a feature from one 

window to the other window. The First window is set as ( ) ( ) ( ,A x d I x d I x x    

, ),y y t where ( , )x x y and the second window is taken as ( ) ( , , )B x I x y t   and the 

relation between these windows is defined in equation (4.10)(Wagener, 2003). 

( ) ( ) ( ), (4.10)B x A x d n x    

where ( )n x  is a noise function 

 To minimize the noise effect, an error function can be minimized (Wagener, 2003).This 

error function is defined as:  

 
2

( ) ( ) , (4.11)W A x d B x dx     

 where W is taken as the window within the first image and the double integral is 

applied, whereas,  is the weighting function and it is taken as 1. It can also be adjusted 

according to the image intensities (Wagener, 2003). From the equation (4.11), it is observed 
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that to minimize the error function ( ), a displacement (d) has been selected, which also 

minimizes the noise. It is also known that displacement (d) is a small incremental vector; 

therefore, high frame rate is required earlier. The Taylor expansion is produced as:  

( ) ( ) , (4.12)A x d A x g d     

 where g is the image gradient as defined in equation (4.5) and equation (4.11) can be 

rewritten as 

2

( ) ( ) , (4.13)T

W A x d B x g d dx        

 From equation (4.13), it is observed that is retrieved as a quadratic function of 

displacement (d). For error minimization,   needs to be differentiated with respect to d and 

results are kept equal to zero (Wagener, 2003). 

( ) ( ) 0, (4.14)T

W rA x B x g d g d A
d





       

 In the equation (4.14), rA  represent the area of window W. After using the fact 

( ) ( )T Tg d gg d and rearranging the terms of the equation (4.14) (Wagener, 2003), and the 

retrieved term is: 

   ( ) ( ) , (4.15)T

W r W rgg d A d A x B x g d A     

 The retrieved equation (4.15) is known as the Kanade-Lucas-Tomasi (KLT) tracking 

equation and it can be defined as (Wagener, 2003): 

, (4.16)Vd e  

, (4.17)T

W rV gg d A   

 ( ) ( ) , (4.18)W re A x B x g d A   

where V is a 2×2 matrix and e is defined as a two-dimensional vector and now the solution of 

equation (4.16) is the displacement (d). 

Once the features of the agricultural areas are tracked using KLT tracker then the 

second aspect is to know about the changes in agricultural areas for which change detection 

technique can be applied. 
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4.3.4.  Change Detection Techniques for Agricultural Areas Monitoring 

Change detection is the process of identifying the change and unchanged pixels in the pair of 

satellite images of the same scene acquired at two different times. Change detection techniques 

have been developed to observe the land cover changes because of the requirement and 

advancement of monitoring the dynamics of land cover changes. Change detection is the 

identification of quantitative changes in same scene images acquired at different times. It is the 

process of considering the multi-temporal images of the same geographical region to observe 

the land cover changes on the earth’s surface. Change detection can be used for various 

applications such as forest and environment monitoring, land use and land cover change, 

agriculture surveys, surveillance for security and city planning, damage assessment, disaster 

monitoring and other environmental changes (Chen et al. 2012; Kempeneers et al. 2012; Hu 

and Zhang, 2013; Pettinato et al. 2013; Olesk et al. 2015). Change in particular area refers to 

the increment or decrement of vegetation, broadening or narrowing of the river, expansion of 

urban areas, etc. To detect the changes, the difference image is created in which differences 

between the two multi-temporal images are highlighted. Most of the techniques use simple 

mathematical operation (Lu et al. 2004) to create the difference image. Two most commonly 

used change detection techniques are defined below. 

4.3.4.1.  Image differencing 

In image differencing based algorithm, a simple pixel-based subtraction is performed on two 

multi-temporal images. Each pixel difference is saved in another matrix which is called 

difference matrix. In the computed difference image, the values of the changed pixels and 

unchanged pixels are very much different. The difference image is hence analyzed to identify 

the changes. If there is no change, then it gives a zero value (Singh, 1989). It is a simple, easy 

to interpret and robust method. The difference between two images is calculated as: 

( ) ( ), (4.19)
2 1

k k k
Dx x t x tij ij ij   

 where,
k

Dxij  is the change map among pixel value x located at the row i  and the column 

,j for the band k, while t1 is the first date and t2 is the second date time image. The value will 

be 0, without any changes and values will be positive or negative if changes occurred. 
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4.3.4.2.  Image ratioing 

In the image ratioing method, the difference image is created by dividing the intensity value of 

the first date image with the second date image. Pixel-by-pixel division is performed to obtain 

the difference image (Singh, 1989). The ratio of two images is calculated as: 

,

( )
1

(4.20)
( )

2

k
x tijk

Rxij k
x tij

  

 where k

ijRx  is the ratio between the pixel value x located at the row i  and the column ,j  

for band k, between the acquisition time t1 and t2. Changes can be observed if pixel values are 

higher or lower than one and it indicates that there is no change if the pixel value is one.  

4.4.  Proposed Methodology for Agricultural Areas Tracking 

using KLT Tracker 

4.4.1.  Step 1: Polarimetric Indices Images 

The first important criterion for KLT tracker implementation is the selection of proper features 

which should have the capability to identify the agricultural areas. For this purpose, different 

polarimetric indices and the ratios of backscattering coefficients as discussed in section 4.3.2 

and extracted from equations (4.1) to (4.4) are considered, because as per literature, these 

images are giving a good response for agricultural areas identification (Ferrazzoli et al. 1997; 

Quegan et al. 2003; Skriver et al. 2011, Mishra and Singh, 2014; Xie et al. 2015; Voormansik 

et al. 20015). So, after pre-processing of both PAL-1 and PAL-2 data, polarimetric indices 

(RVI and CPR) and the ratios of backscattering coefficients (HV/HH and HV/VV) have been 

calculated by using the equations (4.1) to (4.4).  

4.4.2.  Step 2: Identification of Agricultural Areas for Reference 

In the considered study region, there are various land cover classes like urban, water, bare soil 

and agricultural areas are presented and it may be possible that features for urban and water 

may have similar features up to a certain extent with agricultural areas which will mislead the 

objective. So, a  decision tree classification (DTC) technique, which is one of the well-known 

methods to classify the PALSAR images with high classification accuracy has been applied on 
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both PAL-1 and PAL-2 datasets, so that the region of interest, i.e., agricultural areas in the 

image can be clearly identified with other land cover classes, i.e., water and urban. 

4.4.3.  Step 3: Working of the KLT Tracker for Agricultural Areas 

Monitoring 

After preprocessing of the PAL-1 data, HH, HV and VV polarization images, polarimetric 

indices (RVI and CPR) images and the ratios of backscattering coefficients (HV/HH and 

HV/VV) images have been taken for KLT tracker implemented one after the other for four 

considered study regions (i.e., Roorkee, Dhanouri, Laksar and Biharigarh) simultaneously to 

identify the maximum agricultural areas pixels. But, the main challenge in KLT tracker 

implementation is the selection of the appropriate parameters like window size, the number of 

features and minimum eigenvalue to find out the suitable parametric values and their 

optimization is a very critical task.  

For maximum agricultural areas identification and to identify the suitable parametric 

values, KLT tracker selects the feature points from the PAL-1 image (i.e., used as a reference 

image) by retrieving the image texture through an image gradient as given in the equations 

(4.5) and (4.6). Features texture and eigenvalue analysis information are given in the equation 

(4.7) and the texture is classified by varying the window size. If feature contains higher 

eigenvalue, then it is selected as a good feature within the desired window size (4×4), and to 

decide the maximum eigenvalue for feature selection, a minimum threshold is decided by using 

the Harris “cornerness” criteria as given in the equation (4.8). The selected features through 

KLT tracker are optimized in such a way so that it can identify the maximum agricultural areas 

within the image. KLT tracker optimized the features for four different regions (i.e., Roorkee, 

Dhanouri, Laksar, and Biharigarh) simultaneously. Once the features of agricultural areas are 

selected, then it can be further used for tracking the agricultural areas in second, third, or any 

other future date image as the tracking technique is given in equation (4.9), and equation (4.16) 

is used for the main KLT tracking process onto the PAL-2 image (i.e., second image). The 

complete flow chart of the proposed algorithm is shown in Figure 4.2, in which step by step 

procedure has been explained such as the identification of the agriculture areas pixels from the 

PAL-1 image and agricultural areas identified image is obtained as an image-1. The identified 

pixels of agricultural areas are used as reference pixels for tracking the agricultural areas onto 
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the PAL-2 image. After the tracking of agricultural areas successfully, the tracked image is 

retrieved as an image-2, and it is observed that there is a need to detect the changes between 

identified and tracked pixels of agricultural areas. Therefore, change detection techniques such 

as image differencing and image ratioing has been applied for change monitoring in the 

agricultural areas. 

Pre-processing of Both PAL-1 and PAL-2 

Images

 PAL-1 Image  

Agricultural 

Areas Identified 

image (Image-1)

PAL-1 Image as Reference Image

Agricultural Areas 

Tracked Image 

(Image-2)

Set Minimum Distance Between Feature 

Points as Zero

Set 4×4 Feature Window Size, Number of 

Features as 40000 and Min. Eigenvalue as 

7000  

Identifying Agricultural Areas Feature 

Pixels

KLT Tracker 

Implementation

Tracking

Image Differencing/Image Ratioing

Change Map

PAL-2 Image

 

Figure 4.2. Complete flow chart of proposed method. 
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4.4.4.  Step 4: Classification of ‘Change’ and ‘No change’ pixels in 

Agricultural Areas in the study region 

After tracking the agricultural areas successfully, the classification of the ‘change’ and ‘no 

change’ was required to observe the changes occurred in both agricultural areas identified and 

tracked images. To observe the ‘change’ and ‘no change’ pixels, two most common change 

analysis approaches, i.e. image differencing and image ratioing have been applied to the 

agricultural areas selected image (i.e., image-1) and agricultural areas tracked image (i.e., 

image-2). A performance comparison has been carried out to check the detection performance 

of both the techniques and it is observed that both the techniques have generated similar change 

maps. Therefore, only one technique, i.e. image differencing has been considered for further 

use. Figure 4.3, shows the flow chart of the change analysis approach. 

Image-1

Image-2

Image 

Differencing/ 

Image Ratioing 

‘Change’ and 

‘No change’ pixels

 

Figure 4.3. Flow chart of change analysis approach 

After applying the change detection techniques onto the agricultural areas identified and 

tracked images, it is observed that two kinds of changes are being detected, which are retrieved 

in the areas where agriculture was not there earlier, but now it is there, those changes are called 

as a positive change and where agriculture was presented earlier, but now it is not there, those 

changes are referred to as negative change pixels. Unchanged areas retrieved from both the 

images are labeled as ‘no change’ pixels.  
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4.5.  Results and Discussion 

4.5.1.  Step 1: Polarimetric Images 

Processed HH, HV and VV polarization images, polarimetric indices (RVI and CPR) images 

and ratios of backscattering coefficients (HV/HH and HV/VV) images of PAL-1 data, which 

have been used to identify the maximum agricultural areas in the KLT tracker implementation 

of Roorkee region are shown in Figure 4.4 (a) to 4.4 (g), where Solani River, Roorkee town, 

Ganga canal and agriculture fields (denoted as A) are marked in the processed images. 

 

 

                     (a) HH image                      (b) HV image 

  

                  (c) VV image                   (d) RVI image 
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                  (e) CPR image                  (f) HV/HH image 

 

                                                                (g) HV/VV image 

Figure 4.4. Polarimetric images of PAL-1 data, (a) HH image, (b) HV image, (c) VV image, (d) 

RVI image, (e) CPR image, (f) HV/HH image, (g) HV/VV image. 

4.5.2.  Step 2: Identification of Agricultural Areas for Reference 

The decision tree classification (DTC) technique (Mishra and Singh, 2011) has been applied to 

both the PAL-1 and PAL-2 images of Roorkee and Dhanouri regions to classify them into the 

three land cover classes as water, urban and agriculture to observe the effect of changes 

occurred in agricultural areas. Classified images with DTC of both PAL-1 and PAL-2 data of 

Roorkee region are shown in Figure 4.5 (a) and 4.5 (b), and classified images of Dhanouri 

region are shown in Figure 4.5 (c) and 4.5 (d). The overall accuracy (OA) for both Roorkee and 

Dhanouri regions were observed as 83.57% and 80.79%, respectively, and kappa coefficient 

was 0.75444 and 0.7086, respectively. From Figure 4.5 (a) and 4.5 (b), it is observed that the 

total numbers of pixels belonging to the agricultural areas are 83254 and 89366, and in Figure 
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4.5 (c) and 4.5 (d), total numbers of pixels belonging to the agricultural areas are 98436 and 

101120, respectively. The classified pixels belonging to the agriculture class were further used 

as reference pixels to see the effect of KLT tracker for agricultural areas feature selection 

process as discussed in sub-section 4.4.3.  

 

 

(a) Decision tree classified image of PAL-

1 data of Roorkee region 

(b) Decision tree classified image of 

PAL-2 data of Roorkee region 

  

(c) Decision tree classified image of PAL-

1 data of Dhanouri region 

(d) Decision tree classified image of 

PAL-2 data of Dhanouri region 

Figure 4.5. DTC classified images of PAL-1 and PAL-2 data of Roorkee and Dhanouri regions, 

(a) Decision tree classified image of PAL-1 data of Roorkee region, (b) Decision tree classified 

image of PAL-2 data of Roorkee region, (c) Decision tree classified image of PAL-1 data of 

Dhanouri region and (d) Decision tree classified image of PAL-2 data of Dhanouri region. 
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4.5.3.  Step 3: Selection of the Best Polarimetric Indices for Agricultural 

Areas 

After applying the DTC classification onto the both PAL-1 and PAL-2 images of Roorkee 

region, the total numbers of identified pixels of agricultural areas are 83254 and 89366, 

respectively, and these identified pixels are only used for agricultural areas observation. After 

that, a critical analysis has been carried out with the KLT tracker to enhance its capability for 

feature selection from satellite images. The KLT tracker selected the features for agricultural 

areas by varying its several parameters like window size from (1×1) to (9×9), and by increasing 

the number of features from 1 to 50,000 and minimum eigenvalue from 1 to 8000. The detailed 

analysis of KLT tracker parameters carried out on HH, HV, VV, RVI, CPR, HV/HH and 

HV/VV images for four considered study regions (i.e., Roorkee, Dhanouri, Laksar, and 

Biharigarh) simultaneously. The optimization of these parameters has been performed in such a 

way that they can detect maximum pixels of agricultural areas. But it is observed that 

polarization images (i.e., HH, HV, and VV) were not able to provide good results, therefore, 

polarimetric indices (RVI and CPR) and the ratios of backscattering coefficients (HV/HH and 

HV/VV) have been used one after the other for agricultural areas monitoring. After exhaustive 

analysis, it was found that once the suitable parametric values have been found, then the 

polarimetric indices images were useful to identify the considered agricultural areas. The 

detailed critical analysis of parametric values for HV/HH image is tabulated in Table 4.1. 

Table 4.1. Detailed analysis of KLT tracker parametric values optimization for HV/HH image 

Sl. 

No. 

No. of 

Features 

Min. 

Eigenvalues 

Window 

Size 

No. of Agricultural 

Areas Identified 

Pixels 

No. of 

Tracked 

Pixels 

1.  1000 100 4 3043 3365 

2. 10000 1000 4 16046 17261 

3. 20000 2000 4 32870 37910 

4. 20000 2000 7 27965 29077 

8. 25000 2500 4 40401 47295 

9. 25000 2500 7 34671 36677 

10. 30000 3500 2 71656 72032 

11. 30000 3500 3 71656 72032 

12. 30000 3500 4 48873 57367 

13. 30000 3500 7 41768 45249 

14. 30000 3500 9 38702 39665 

15. 35000 4000 2 76356 76590 
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16. 35000 4000 3 76356 76590 

17. 35000 4000 4 55858 65651 

18. 35000 4000 7 47461 51807 

19. 35000 4000 9 44311 45487 

20. 40000 5000 2 77732 77528 

21. 40000 5000 4 63877 75108 

22. 40000 5000 7 54216 59247 

23. 40000 5000 9 54216 59247 

24. 40000 6000 2 71753 72278 

25. 40000 6000 3 71753 72278 

26. 40000 6000 4 65607 78244 

27. 40000 6000 7 55444 61528 

28. 40000 6000 9 50783 53635 

29. 40000 7000 2 62356 65630 

30. 40000 7000 3 62356 65630 

31. 40000 7000 4 67410 81408 

32. 40000 7000 7 56800 63676 

33. 40000 7000 9 56800 63676 

34. 45000 7000 2 62431 65898 

35. 45000 7000 3 62431 65898 

36. 45000 7000 4 72196 85293 

37. 45000 7000 7 57053 60234 

38. 45000 7000 9 57053 60234 

39. 50000 8000 2 50643 54297 

40. 50000 8000 3 50643 54297 

41. 50000 8000 4 76799 89389 

42. 50000 8000 7 69033 75672 

43. 50000 8000 9 62887 65905 

After carrying out an exhaustive analysis of the HV/HH image as shown in Table 4.1, it 

is observed that KLT tracker identified the maximum agricultural areas when window size, 

number of features and minimum eigenvalue are set as (4×4), 40,000 and 7000, respectively, 

and this process has been applied separately to all polarimetric indices images. KLT tracker 

identified the total number of pixels of agricultural areas on RVI, CPR, HV/HH and HV/VV 

images of PAL-1 data are 68036, 67610, 67410 and 66209, respectively. These identified 

pixels of agricultural areas were used as reference pixels to track the agricultural areas pixels 

onto the RVI, CPR, HV/HH and HV/VV indices of PAL-2 data and the total number of pixels 

of agricultural areas were tracked as 78884, 79436, 81408 and 78991, respectively. After 

tracking the identified pixels of agricultural areas successfully for all the four reference images, 

it is observed that KLT tracker produced the best result for accurate tracking with HV/HH 
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image. Therefore, for further processing, only HV/HH image is considered, and it is assumed 

that this ratio should give better results than other indices for agricultural areas tracking. 

4.5.3.1.  KLT Tracker Implementation on Polarimetric Indices for Agricultural Areas 

Feature Selection 

After optimizing the KLT tracker parameters such as window size (4×4) and number of 

features (40,000) and minimum eigenvalue (7000) for the feature selection of agricultural areas, 

the optimized parameters have been used onto the best selected polarimetric indices image (i.e., 

HV/HH), as discussed in sub-section 4.5.3. To identify the maximum number of pixels 

belonging to the agricultural areas, image gradient is calculated as given in equation (4.5) and 

(4.6). KLT tracker optimized the features as good features for agricultural areas from the 

reference image as given in equation (4.7) and to decide the maximum eigenvalue for feature 

selection a minimum threshold is decided by using the equation (4.8), which is extracted from 

PAL-1 data and the agricultural areas pixels identified image is retrieved as image-1. The total 

number of pixels of agricultural areas are identified for Roorkee region are retrieved as 67410 

and to test the KLT tracker performance for the Dhanouri region, by using the same optimized 

parameters as discussed in subsection 4.5.3, the total number of pixels belonging to the 

agricultural areas are retrieved as 72314. After KLT tracker implementation, it is observed that 

KLT tracker is working efficiently with good accuracy and it is also observed that KLT tracker 

identified most of the agricultural areas from the reference image. A comparison has been made 

between the total number of pixels belonging to the agricultural areas with the DTC classified 

image of PAL-1 data of Roorkee and Dhanouri regions as shown in Figure 4.5 (a) and 4.5 (c), 

in which total number of pixels belonging to the agricultural areas are 83254 and 98436, 

respectively, which are almost close to the identified pixels of agricultural areas. 

4.5.3.2.  Tracking of the Optimized Features for Agricultural Areas Monitoring 

The identified agricultural areas pixels from the reference image are further used to track the 

agricultural areas from the second image, which is extracted from PAL-2 data. Tracking is 

performed onto the second image as the tracking technique is given in equation (4.9) and by 

using the main tracking equation (4.16). After successful tracking of agricultural areas, it is 

observed that the KLT tracker has the capability to track the pixels which are belonging to the 

agricultural areas and tracked image of agricultural areas is retrieved as image-2. The total 
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number of tracked pixels belongs to the agricultural areas from the resultant tracked images 

(i.e., image-2) of both Roorkee and Dhanouri regions are retrieved as 81408 and 82222, 

respectively. After tracking, it is observed that KLT tracker have been tracked most of the 

agricultural areas pixels effectively and accurately onto the PAL-2 image in comparison to the 

DTC classified image of Roorkee and Dhanouri regions as shown in Figure 4.5 (b) and 4.5 (d), 

in which total number of pixels belong to the agricultural areas are 89366 and 101120, 

respectively, which are almost close to the tracked pixels of agricultural areas. 

4.5.4.  Step 4: Observation of Changes Occurred in Agricultural Areas 

After tracking the agricultural areas in the PAL-2 image, it is observed that red color pixels 

were showing the identified pixels of agricultural areas in image-1 and tracked pixels of 

agricultural areas in image-2. It was also observed that some black and gray color pixels which 

represent the different land covers were also appearing in both the images. To avoid any 

confusion, an attempt has been made to mask the other regions which mainly include water and 

urban areas. Therefore, a mask has been applied by using the output of decision tree classified 

images as shown in Figure 4.5 (a) and 4.5 (d), and Figure 4.6 (a) to 4.6 (d), shows the masked 

images of image-1 and image-2 of Roorkee and Dhanouri regions. The masked images of 

image-1 and image-2 are further utilized to observe the changes specifically in agricultural 

areas.  

  

(a) Masked image of image-1 of 

Roorkee region 

(b) Masked Image of image-2 of 

Roorkee region 



Application of KLT Tracker on Satellite Images 

95 

 

  

(c) Masked image of image-1 of 

Dhanouri region 

(d) Masked Image of image-2 of 

Dhanouri region 

Figure 4.6. Water and urban areas masked classified images, (a) Masked image of image-1 of 

Roorkee region, (b) Masked Image of image-2 of Roorkee region, (c) Masked image of image-

1 of Dhanouri region and (d) Masked Image of image-2 of Dhanouri region.  

4.5.5.  Step 7: Implementation of Change Analysis Approach for ‘Change’ 

and ‘No change’ pixels in Agricultural Areas 

Classification of ‘change’ and ‘no change’ pixels have been performed by applying the change 

analysis approach, which is called as pixel by pixel comparison of two images which produces 

an image called “difference image” or change map. Image differencing as given in equation 

(4.19) and discussed in Figure 4.3, has been used as a change detection technique which is the 

commonly used method to detect the ‘change’ and ‘no change’ pixels. To check the feasibility 

of KLT tracker implementation, image-1 (i.e., the masked image of image-1) is taken as first 

and second input image and it is observed that the output image represents “0”, i.e., ‘no change’ 

as expected.  

 The retrieved change map shows no changes, which indicates that image differencing 

method is working efficiently for this type of images. Now to produce the change map, first and 

second images are taken as the masked images of image-1 and image-2, and image differencing 

is applied. Change map obtained from Figure 4.6 (a) and 4.6 (b) of Roorkee region is shown in 

Figure 4.7 (a) and change map obtained from Figure 4.6 (c) and 4.6 (d) of Dhanouri region is 

shown in Figure 4.7 (b). From Figure 4.7 (a), it is observed that ‘change’ pixels are observed in 

red color as positive ‘change’ pixels (number of pixels are 27308) and blue color as negative 



Chapter 4 

96 

 

‘change’ pixels (number of pixels are 13310), while green color pixels represent ‘no change’ 

pixels (number of pixels are 54100) in agricultural areas. Thus, the KLT tracker may be useful 

for these type of applications.    

 The similar kind of change map is also generated for the Dhanouri region also as shown 

in Figure 4.7 (b), and it is observed that ‘change’ pixels are presented in red color as positive 

‘change’ pixels (number of pixels are 28732) and blue color represent the negative ‘change’ 

pixels (number of pixels are 18824), while green color pixels depict as ‘no change’ pixels 

(number of pixels are 53490) in agricultural areas. 

  

(a) Change Map of Roorkee region (b) Change Map of Dhanouri region 

Figure 4.7. Change map of Roorkee and Dhanouri regions are obtained by image differencing, 

(a) Change Map of Roorkee region and (b) Change Map of Dhanouri region. 

4.5.6.  Validation of the Developed Algorithm 

To validate the performance of the proposed algorithm as discussed in sub-section 4.4.3, 

another different region image is taken and developed algorithm has been applied for 

agricultural areas monitoring. The area of interest used to validate the developed algorithm is 

considered as Laksar and its nearby areas. For validation purpose, the DTC classification 

technique has also been applied to both PAL-1 and PAL-2 data of Laksar region as shown in 

Figure 4.8 (a) and 4.8 (b), which are used to observe the agricultural areas in this region. To 

identify the agricultural areas in Lakar region, the optimized KLT tracker parameters such as 

window size (4×4) and a number of features (40,000) and minimum eigenvalue (7000) for the 

feature selection of agricultural areas have been used on PAL-1 data. The total numbers of 
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pixels belonging to the agricultural areas are obtained as 73914 for Laksar region, which is 

close to the DTC classified agricultural areas (i.e., 86289).  

  

(a) Decision tree classified image of 

PAL-1 data of Laksar region 

(b) Decision tree classified image of 

PAL-2 data of Laksar region 

 

(c) Change map of Laksar region 

Figure 4.8. Validation results of proposed algorithm, (a) Decision tree classified image of PAL-

1 data of Laksar region, (b) Decision tree classified image of PAL-2 data of Laksar region and 

(c) Change map of Laksar region. 

Agricultural areas identified pixels are used to track the agricultural areas in the PAL-2 

image of Laksar region. After tracking, it is observed that the total numbers of pixels belonging 

to the agricultural areas are obtained as 85427, which are close to the DTC classified 

agricultural areas (i.e., 97503). Further, masking has been applied to mask the other land cover 

regions (i.e. Water and Urban areas). Finally, the change map has been generated by using the 
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image differencing technique by using the equation (4.19) on masked images of the Laksar 

region (i.e. image-1 and image-2) as shown in Figure 4.3, and the retrieved change map is 

shown in Figure 4.8 (c). From the retrieved change map, it is observed that for agricultural 

areas, red color indicates the positive ‘change’ pixels (number of pixels are 31850) and blue 

color indicates the negative ‘change’ pixels (number of pixels are 20337), while green color 

pixels represent ‘no change’ pixels (number of pixels are 53577) in agricultural areas 

4.6.  Conclusion 

Agricultural area monitoring, yield estimation and damage yield mapping are going to become 

the encouraging applications of SAR for researchers. Nevertheless, a significant number of 

studies must be carried out to get information from the SAR images. It is obvious that several 

SAR images are needed to cover the whole growing season of crops from the agricultural areas. 

In this study, the feature selection and tracking part of the KLT tracker have been implemented 

on SAR images. The results obtained by KLT tracker for tracking the agricultural areas with 

PALSAR data are quite encouraging and the novelty of the proposed algorithm is that it uses a 

simplified version of the KLT tracker to select and track the agriculture features efficiently on 

the basis of their spatial information and does not require a priori information every time. On 

the basis of tracked agricultural areas, change map can be generated by simple means of image 

differencing or ratioing and a positive and negative change can be estimated easily. After 

obtaining the KLT tracker parameters, no a priori information was required for future dates 

SAR images processing for monitoring. The main advantage of KLT tracker is that it does not 

require any type of time taking image registration technique for feature selection part or feature 

tracking. In the future, the KLT tracker can also be used for specific regions (i.e. City or 

District wise) based automatic change detection in real time application like agricultural 

information system (AIS) to monitor the agricultural areas for very low-resolution images. 
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Chapter 5          

Development of Harmonic Analysis 

Based Technique for Agricultural Areas 

Monitoring 

With regards to the characteristics of the Earth's surface and its transformation in connection 

with global warming and the global change in general, there is a need in the relevant data and 

methods for determining the activity of agricultural areas and change in agricultural practice. 

Human activities may also become one of the changing factors of the vegetation variations in 

traditional landscapes. Human activities can be urban sprawl, desertification, deforestation, 

salinization, and land degradation. Satellite images have the potential to monitor the land 

surface and its dynamic because of their good temporal and spatial coverage capability. Often, 

Earth observation satellites from space are the only way to fully acquire these large regions, 

which may be used to assess the state of the Earth's surface. Nowadays, satellite images are 

exploring the opportunities to characterize seasonal and inter-annual changes of land use/land 

cover transformation. 

In this chapter, harmonic analysis has been applied to the time series data to explore the 

possibility of each agriculture pixel that it belongs to unimodal or bimodal agriculture. Because 

unimodal provide the annual or yearly growth (agricultural areas with one crop season per year) 

information about vegetation phenology in agricultural areas and bimodal provide biannual or 

half yearly growth (agricultural areas with two crop seasons per year) information. This type of 

information may be quite useful to the agricultural planner.   
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5.1.  Introduction 

Satellite images have become as a powerful tool in monitoring the land cover transformation 

and changes in different land features and it has become one of an essential application of the 

modern satellite sensor technology because it delivers the efficiently updated land surface 

information (Langley et al. 2001). Satellite images also offer the economical and practical 

approaches to studying the changes occurred in agricultural areas and monitoring of the growth 

of the different vegetation covers. Land use and land cover features are important for many of 

the planning and management activities related to the Earth's surface because it provides key 

environmental information for various purposes of scientific, management and policy 

resources, as well as for a range of human activities (Cihlar, 2000). Some of the traditional 

approaches like map interpretation and collateral, literature reviews, ancillary data analysis and 

survey of the actual fields are not efficient for agricultural areas monitoring because these 

approaches are too expensive, time-consuming and outdated (Langley et al. 2001). Therefore, 

classification and monitoring of the agricultural areas have become one of the most challenging 

tasks to control the natural resources such as vegetation as it provides a basis for all living 

beings and plays a vital role in affecting climate change globally (Xiao et al. 2004). 

 To observe the seasonal changes in agricultural areas and to improve the accuracy of 

vegetation growth cycle and land use/land cover classes, vegetation spectral response is being 

used by analyzing the time series data (Jakubauskas and Legates, 2000). Fourier analysis or 

Harmonic analysis is used for modeling of seasonal profiles by using time series data which are 

obtained through satellite images. Many researchers have used NOAA AVHRR time series 

images for Fourier analysis, but the resolution of AVHRR data is very poor for land cover 

classification through time series data (Arenas-Toledo et al. 2009). Therefore, MODIS data, 

which is freely available and has moderate and low resolution (as 250m, 500 and 1 km) may be 

useful to identify the land cover classes and the unimodal and bimodal agricultural areas related 

pixels, because the high temporal frequency is a very valuable source of useful information 

extraction and it requires the advanced and efficient methods to retrieve the most valuable 

information (Liang, 2001). MODIS data provide the important advantages over the agricultural 

areas as they can be observed the broader areas more repeatedly and provide us to utilize the 

temporal characteristics of the target properties for the periodic changes because the coarse 

spatial resolution has become more attractive and useful for change detection, when a satellite 
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images have high temporal frequency (Justice and Townshend, 2002). Harmonic or Fourier 

analysis may become very useful to extract the temporal changes of MODIS time series data, 

because harmonic analysis decomposes temporal curves in phase, amplitude and variance 

harmonic terms, which are significant to extract the temporal variation information and the 

knowledge of the seasons profiles for the vegetative growth cycle (Jakubauskas et al. 2001; 

Arenas-Toledo et al. 2009). The level of variation in the temporal and spectral index is 

indicated by the amplitude and it increases with high amplitude values. The variations of the 

vegetation growth are indicated in accordance with the highest values in any particular 

harmonic term. The phase angle, also referred to a phase shift or phase, represents the time 

period in which amplitude term has the peak value. Many researchers have utilized harmonic 

analysis on NOAA/AVHRR and MODIS time series data for several applications like: different 

crops monitoring (Jakubauskas and Legates, 2000; Jakubauskas et al. 2001; 2002a; 2002b), 

vegetation monitoring (Kastens and Legates, 2002; Wagenseil and Samimi, 2006; Canisius et 

al. 2007; Panday and Ghimire, 2012), flood extent monitoring (Westra and Wulf, 2007), 

estimation of cultivated areas (Victoria et al. 2012), forest classification (Yu et al. 2004; 

Oliveira et al. 2009), phenology based classification (Xue et al. 2014; Yan et al. 2015) land 

cover classification (Mengmeng et al. 2010), land cover separability analysis (Grobler et al. 

2012), vegetation phenology analysis (Antunes et al. 2013), and land cover change detection 

(Jung and Chang, 2015), etc. Most of the time series images are utilized for land cover 

classification and change detection applications by using the different classification and change 

detection techniques such as neural networks (Bagan et al. 2005; Muhammad et al. 2015), 

supervised and unsupervised classification (Lupo et al. 2007; Arvor et al. 2011; Gupta and 

Rajan, 2011; Shih et al. 2015), decision trees (Canisius et al. 2007; Wang et al. 2011; 2013) and 

temporal segmentation algorithm (Yin et al. 2014). Beyond simple classification and 

monitoring, time series analysis can be useful to extend the application of harmonic analysis for 

multiple years of data and collectively to the whole year time series data, which may allow the 

monitoring of unimodal and bimodal agricultural areas.  

In this chapter, MODIS time series data have been taken to analyze the temporal 

variation over the agriculture and bare land areas. The normalized difference vegetation index 

(NDVI) has been extracted by using Red and Near-Infrared spectral (NIR) bands of MODIS 

data and it is used broadly for agricultural areas monitoring. NDVI measures the changes in the 

spongy mesophyll (via reflected NIR radiation) and in chlorophyll content (via absorption of 
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blue and red radiation). Higher NDVI values usually indicate the more vigor and 

photosynthetic capacity or more greenness in vegetation canopies (Tucker, 1979; Chen and 

Brutsaert, 1998). By analyzing the phase and amplitude angle images of NDVI time series data, 

it could be possible to develop a method for mapping changes in agricultural areas. With these 

images, first and second harmonic amplitude terms have been extracted to analyze the periodic 

changes over the study region. Therefore, such type of study will be very helpful in the near 

future to optimize the use of MODIS image in one hand and in another hand to develop a 

monitoring system by which changes in a particular year may be observed. Therefore, in this 

study, an innovative and novel probability density function (PDF) based land cover 

classification technique has been developed and the classified image is further used as a 

reference map to monitor the unimodal and bimodal agricultural areas. 

5.2.  Study Area and Satellite Data Used 

5.2.1.  Study Area 

The considered test area for this chapter was of western Utter Pradesh (Saharanpur, 

Muzaffarnagar, and Deoband) and part of Uttarakhand (Roorkee and Haridwar), India, and 

their nearby regions and these regions comprise the urban, water, bare grounds and agricultural 

areas, which lies within the latitudes 30
0 

N and 29
0 

9’ 50” and longitudes 77
0
 25’ 45” and 78

0 

20’ 40”, respectively. The study area considered in this chapter has at least two cultivation 

periods and usually agricultural crops having a short sowing and harvesting cycle. Therefore, 

agricultural areas monitoring becomes very challenging with this study region and the crop 

calendar of major crops such as rice, wheat and sugarcane is shown in Table 5.1.  

Table 5.1. Crop Calendar of Major Crops  

Period Kharif 

Paddy 

Rabi 

Paddy 

Kharif 

Bajra 

Rabi 

Wheat 

Sugar 

cane 

Sowing June-July November- 

December 

June-July October- 

January 

January- 

March 

Harvesting October- 

November 

April- May October- 

November 

April- 

April 

December- 

March 

From Table 5.1, it is observed that three major crops are presented in this study area, 

i.e., rice, wheat, and sugarcane. Rice and wheat take three to four months short cycles in 
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sowing and harvesting. Only, sugarcane takes 9 to 12 months to get a mature and sowing period 

for sugarcane is January to March and the harvesting period is December to March. Generally, 

a ratoon crop (which is the new cane and grown from the stubble left behind the harvesting) is 

cultivated from the re-growth after the harvesting of sugar cane. In India, only one ratoon 

planted crop is in practice, while in some other countries 2-6 ratoon crops are allowed. 

Retrieved from https://agrocommodities.wordpress.com/sugar/sugarcane-growth-cycleindia. 

The location of the study area is shown in Figure 5.1, in the map of India. 

 

Figure 5.1. Study area for time series analysis is mentioned by the box in the top of the map. 

5.2.2.  Satellite Data Used 

MODIS time series data has been taken for harmonic analysis to enhance the greenness 

information over the study region. MOD09Q1 product (MODIS/Terra Surface Reflectance 8-

Day L3 Global 250m SIN Grid an 8-day best) is used in this chapter. This product contains the 

two bands; Red (620-670 nm) and Near-Infrared (841-876 nm) with 250 m resolution in 

sinusoidal projection, which is already geometrically and atmospheric corrected data. For the 

year 2010, total 16 images are selected for harmonic analysis implementation, and the image 

acquisition details are given in Table 5.3. 

A ground truth survey has been carried out with GPS over the study area on 16
th

, 17
th

 

January and 9
th

 September 2010. Around 440 numbers of ground samples were collected for 

https://agrocommodities.wordpress.com/sugar/sugarcane-growth-cycleindia/


Chapter 5 

104 

 

algorithm development and total 471 numbers of ground samples were collected for testing the 

accuracy of the classified image. Table 5.2 presents the training and testing ground sample 

points or ROI (region of interest) and based on ground truth surveys, four land cover classes 

were observed, i.e., water, urban, agriculture and bare land. 

Table 5.2. Ground truth survey points. 

Sl. 

No. 
Class 

Training 

ROIs 

Testing 

ROIs 

1. Water 85 99 

2. Urban 86 58 

3. Agriculture 174 209 

4. Bare Land 95 105 

Table 5.3. Details of satellite data set used. 

S. No. Data Set and data Id Date of Acquisition 

1 MOD09Q1.A2010025.h24v06.005.2010035215013.hdf 25
th

 January 2010 

2 MOD09Q1.A2010049.h24v06.005.2010062020907.hdf 18
th

 February 2010 

3 MOD09Q1.A2010057.h24v06.005.2010067043929.hdf 26
th

 February 2010 

4 MOD09Q1.A2010073.h24v06.005.2010082180607.hdf 14
th

 March 2010 

5 MOD09Q1.A2010081.h24v06.005.2010095211601.hdf 22
nd

 March 2010 

6 MOD09Q1.A2010097.h24v06.005.2010108174217.hdf 7
th

 April 2010 

7 MOD09Q1.A2010105.h24v06.005.2010114173356.hdf 15
th

 April 2010 

8 MOD09Q1.A2010129.h24v06.005.2010139184047.hdf 9
th

 May 2010 

9 MOD09Q1.A2010137.h24v06.005.2010146153542.hdf 17
th

 May 2010 

10 MOD09Q1.A2010169.h24v06.005.2010178150458.hdf 18
th

 June 2010 

11 MOD09Q1.A2010265.h24v06.005.2010281021842.hdf 22
nd

 September 2010 

12 MOD09Q1.A2010281.h24v06.005.2010291011837.hdf 8
th

 October 2010 

13 MOD09Q1.A2010297.h24v06.005.2010318042008.hdf 24
th

 October 2010 

14 MOD09Q1.A2010313.h24v06.005.2010322170543.hdf 9
th

 November 2010 

15 MOD09Q1.A2010337.h24v06.005.2010346230741.hdf 3
rd

 December 2010 

16 MOD09Q1.A2010345.h24v06.005.2010355185721.hdf 11
th

 December 2010 
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5.3.  Theoretical Background 

5.3.1.  Agricultural Areas Monitoring 

The process of combining the information retrieved from different wavelength to enhance the 

vegetation, mainly in the Red and NIR portion of the spectrum signal is called as Vegetation 

Index (VI). Vegetation indices (VIs) provide consistent temporal and spatial inter-comparison 

of the Earth's photosynthetic movement and canopy physical changes (Huete et al. 2002).  VIs 

are calculated on a pixel by pixel basis to enhance the information about land cover conditions 

and soil type due to their ease and simplicity of use and become an important feature to extract 

the ecological varying properties to know the dynamics and distribution of vegetation (Huete et 

al. 2002). The normalized difference vegetation index (NDVI) has been used to enhance the 

greenness information over the study region, whose details and mathematical formulation has 

been given in chapter 3 (sub-section 3.4.2.1) and extracted NDVI images are further used for 

the harmonic analysis. 

5.3.2.  Harmonic Analysis and its Background 

Some key features related to the phenology information about the agricultural areas usually 

computed by performing the harmonic/Fourier analysis or spectral analysis onto the MODIS 

NDVI time series images. Harmonic analysis decomposes a time-variant periodic data into a 

sequence of essential sinusoidal functions in which each term distinguished by a unique 

amplitude and phase value. Harmonic analysis enables a complex curve, which is represented 

as the sum of cosine waves series and an additive term (Jakubauskas et al. 2001; 2002a). The 

phase represents the offset between the origin and the green peak information particularly in 

vegetation in the range of 0 - 2π and the phase angle refers to the time in which the green peak 

occurs as shown in Figure 5.2 (a). Successive harmonic terms as first, second and third are 

shown in Figure 5.2 (b), and each curve component or expression takes into account the 

percentage of the total variance in the original set of time series data. A complex curve has 

been produced by summing the first, second and third harmonic amplitude terms as shown in 

Figure 5.2 (c).   
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 Let ( )f x
 be a continuous function on [0, T], which is given in equation (5.1) 

(Jakubauskas et al. 2001). 
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 Where, in this study, ( )f x
 is a continuous function in the closed interval [0, T] and T= 

16 because 16 composite images from single year have been taken, hence, the period x (1 to 

16) occurs in that data set. In equation (5.1), the single cosine wave is combined by two waves, 

which requires a specific phase angle (offset of the wave) and amplitude (size of the wave) 

(Jakubauskas et al. 2001; 2002a). 
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 Fourier coefficients na  and nb are computed for each term and then used to calculate the 

amplitude value of the additive term (A0) and the amplitude values ( nA ) for each of the 

harmonic components pixel by pixel in the MODIS time series data. Fourier coefficient na  and

nb , for a finite data set  ( ); 1,2,.......,y j j N are defined as follows (Jakubauskas et al. 2001; 

2002a). 
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Fourier analysis transforms complex temporal profile into smaller repetitive signals, 

which is helpful to enhance the signal analysis with intra and inter-annual frequencies. Each 
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term refers to the number of full cycles completed wave at a certain interval (i.e., the fist 

harmonic amplitude term has one cycle, and the second harmonic amplitude term has two 

cycles) as shown in Figure 5.2 (b). First, harmonic amplitude term (A1) provides the annual or 

yearly growth (unimodal) information about vegetation phenology in agricultural areas and the 

second harmonic amplitude term (A2) provide the biannual or half yearly growth (bimodal) 

information (Canisius et al. 2007). The additive term (A0), which generally implies the 

arithmetic mean of NDVI over the time series. It is observed that in most of the studies, first 

and second harmonic amplitude terms are used to interpret the periodic pattern changes in the 

time series data and three, four, five, and six are the higher order harmonic amplitude terms 

which have been discarded because these terms indicated the trivial amplitudes. 

 

Figure 5.2. Overview of harmonic or Fourier analysis, (a) First harmonic simple cosine curve 

representative, (b) First, second and third harmonic term curves, (c) Curve produced from the 

addition of first, second and third harmonic terms (Jakubauskas et al. 2001). 

 The main challenge with this type of study is an efficient classified image is required, 

which should have the capability to segregate the agricultural areas. Many researchers are using 

different classification techniques which may be useful for single image classification, but with 

time series analysis, these algorithms are not effective. Some researchers have used the additive 

term (A0) image, first harmonic amplitude term (A1) and second harmonic amplitude term (A2) 

images for land cover classification, but they are not able to produce better classification 

accuracy. Therefore, in this chapter, an attempt has been made to develop the pattern 

recognition based classification technique which involved the probability density functions 

(PDFs) for land cover classification. 
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5.4.  Model Development and Implementation 

5.4.1.  Step 1: Pre-processing of MODIS Time Series Images 

Downloaded MODIS surface reflectance images have been already georeferenced and 

atmospheric corrected images. The only projection has been changed from Sinusoidal 

projection to Geographic Latitude/Longitude projection and then a subset of the study region 

has been taken. 16 NDVI images are calculated by using MODIS time series data as defined in 

Table 5.3 (S. No. 1-16).  

5.4.2.  Step 2: Implementation of Harmonic Analysis  

Harmonic analysis has been applied on the 16 NDVI time series images to enhance the 

vegetation greenness information over the study region by using the equations (5.1 to 5.3). 

After applying the harmonic analysis on the 16 NDVI time series images; additive term (A0), 

first harmonic amplitude term (A1) and second harmonic amplitude term (A2) images have been 

extracted using the equation (5.3). After obtaining the additive term, first and second harmonic 

amplitude term images, a land cover classification algorithm has been developed. The classified 

image is then used for monitoring the unimodal and bimodal pixels in agricultural areas. Figure 

5.3, shows the complete flow chart of the proposed methodology. 

 After calculating the 16 NDVI images, harmonic analysis has been applied and additive 

term (A0) image, first harmonic amplitude term (A1) images and second harmonic amplitude 

term (A2) images were retrieved one by one. Further additive term/averaged NDVI (A0) image 

is used to develop the PDFs based land cover classification algorithm. The developed algorithm 

classifies the study region into four land cover classes (i.e., water, urban, agriculture and bare 

land), where agriculture and bare land classes are considered as agricultural areas. The 

classified image is then used for segregating the agricultural classes and a mask of water and 

urban areas is prepared and applied onto the A1 and A2 images. After applying the mask on the 

A1 and A2 images, only agriculture and bare land classes were remaining and after that 

unimodal and bimodal agricultural areas have been observed. 
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Figure 5.3. Complete flow chart of the proposed methodology 
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5.4.3.  Step 3: Proposed Probability Distribution Functions for Land Cover 

Classification 

The probability density is one of the methods of classification, which is based on the 

distribution of the values and also known as the pattern analysis. The main characteristics of the 

probability density functions (PDFs) are that it is better suited for the same classes of high 

correlation among them so that their approximation bounds are closely correlated. Almost 60 

PDFs are present in Easy Fit tool, which is considered and ranking has been carried out 

according to their chi-square test or GoF. 

5.4.3.1.  Determination of best-fit Density Function by Goodness of Fit (GOF) Test for the 

selection of best PDFs for land cover classes 

The goodness of fit (GoF) test is used to measure the capability of an arbitrary sample with a 

theoretical probability distribution function. There are various methods for GoF testing, some 

of the frequently used methods are Anderson-Darling test, Kolmogorov-Smirnov test, and Chi-

square test. The chi-square test is the most efficient and frequently used method among all 

these methods and it is presented by Peck et al. (2001). Therefore, Chi-squared 
2( )  goodness 

of fit has been used in order to determine the best fit density functions among all the PDFs 

presented in Easy Fit tool for each and every class. The mathematical formulation of Chi-

square test is given as: 

2 2

1
( ) / (5.12)

k

i i ii
O E E


   

 Where, andi iO E is observed and expected frequency for a bin ,i  iE  is measured by 

using equation (5.13).  

( ( ) ( )) (5.13)i u iE N F Y F Y   

 Where, N is the Number of samples, F is the cumulative function for the data and, 

andu iY Y   are the upper and lower bound for the class .i  

Chi-squared statistics are compared with all distributions and the distributions which 

have the smaller chi-square statistics value is selected. Thus, chi-squared statistics, which is a 

function of the data value, reflects in some way the level of agreement between the data and the 
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hypothesis. The GoF is quantified by giving p-value and if the obtained chi-square statistic 

value is less than the critical value and p-value should be greater than the level of significance, 

and then hypothesis will not be rejected.   

The chi-square test has been used to decide the best ranking of all the functions 

presented in Easy Fit tool. Five distribution functions such as Burr, Generalized Extreme 

Value, Normal, Rayleigh, and Weibull which have been obtained as the best density functions 

based on their ranking and used the additive term (A0) image to classify it into four different 

land cover classes like urban, water, bare land and agriculture. These PDFs are discussed as 

following. 

5.4.3.2.  Burr 
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where, a is the scale parameter and andc k  are the shape parameters. 

5.4.3.3.  Generalized Extreme Value 
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where,  is the location parameter,    is the scale parameter and k  is shape parameter
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where,   is the continuous scale parameter and   is the continuous location 

parameter.  

5.4.3.5.  Rayleigh 
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where,   is the continuous scale parameter and  is the location parameter (Walck, 

2007). 

5.4.3.6.  Weibull 
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where, a  is the shape parameter and  is the scale parameter. Both  anda   must be 

greater than zero (Lai, 2006). 

5.4.4.  Step 4: Classification of the Additive Term (A0) Image 

A detailed PDFs based analysis has been carried out onto the additive term image to select the 

best PDF function for each and every land cover class as discussed in section 5.4.3. After 

selecting the best PDFs, the class boundary values have been obtained and by using these 

boundary values additive term (A0) image has been classified. The classified image contains the 

four land cover classes (i.e., urban, water, agriculture and bare land), in which agriculture and 

bare land classes are considered as agricultural areas. Further, classified, image is used for the 

making of urban and water pixels in first and second harmonic amplitude term (A1 and A2) 

images to monitor the unimodal and bimodal agriculture pixels in agricultural areas.   

5.4.5.  Step 5: Observation of the Unimodal and Bimodal Agriculture pixels 

The classified image is used as a reference image for the masking of water and urban regions in 

A1 and A2 images. The harmonic analysis shows that the first harmonic amplitude term 

represents the unimodal or annual pixels (i.e., yearly change variations in agriculture crops), 



Harmonic Analysis based Agricultural Areas Monitoring  

113 

 

whereas the second harmonic amplitude term represents the bimodal or biannual pixels (i.e., 

half yearly change variations in agriculture crops) in the time series images over the study 

region and it is also observed that harmonic analysis is effective in the area of interest to 

classify the various features of the land, and may observe the changes in the behavior of the 

land cover in time series images. To identify the unimodal or bimodal agricultural pixel the 

flow chart as shown in Figure 5.4 was applied on masked classified images of  A1 and A2. 

These masked A1 and A2 images were compared pixel by pixel and if in a particular pixel, A1 is 

greater A2 than a pixel is assigned as unimodal and vise a verse. 

(A1 > A2)

Bimodal

 Agriculture Pixels

Yes No

Unimodal 

Agriculture Pixels

Masked Classified 

Image 

 

Figure 5.4. Flow chart to monitor the unimodal and bimodal agriculture pixels.  

5.5.  Results and Discussion 

5.5.1.  Step 1: Processed Images 

The NDVI images were calculated for each 16-time series images by using the equation (3.12), 

and one of them calculated NDVI image from data 1 (Sl. No. 1) as listed in Table 5.3. Subsets 

of MODIS Band 1, Band 2 and calculated NDVI images are shown in Figure 5.5 (a), 5.5 (b) 

and 5.5 (c).  
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(a) Subset of MODIS Band 1 image (b) Subset of MODIS Band 2 image 

 

(c) NDVI image from 5.4 (a) and 5.4 (b)  

Figure 5.5. Processed images, (a) Subset of MODIS Band 1 image, (b) Subset of MODIS Band 

2 image, (c) NDVI image from 5.4 (a) and 5.4 (b) 

The calculated NDVI image is shown in Figure 5.5 (c), in which NDVI values lie in 

between -1 and 1, where, in agricultural areas NDVI values cannot be less than 0 and the value 

below or equal 0.1 representing the water and bare land areas due to low reflectance values 

presented in an NIR spectral band. Sparse agricultural areas contain the value in the range of 

0.2 to 0.5 and dense agricultural areas are represented by the values near to 1.    
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5.5.2.  Step 2: A0, A1, and A2 Images 

After applying the harmonic analysis on to the 16 NDVI images, the additive term (A0), first 

harmonic amplitude term (A1) and second harmonic amplitude term (A2) images were obtained. 

Google Earth image and A0, A1, A2 are shown in Figure 5.6 (a), 5.6 (b), 5.6 (c) and 5.6 (d), 

where urban (Saharanpur, Deoband, Muzaffarnagar, Roorkee and Haridwar), water (Solani 

River in Roorkee and Ganges River in Haridwar), agricultural areas (agriculture fields and bare 

land) are marked by 2, 3 and 4, respectively.  

  

(a) Google Earth image (b) Additive term image 

  

(c) First harmonic amplitude term image (d) Second harmonic amplitude term image 

Figure 5.6. Google Earth image and obtained harmonic additive and amplitude term images, (a) 

Additive term image, (b) First harmonic amplitude term image, (c) Second harmonic amplitude 

term image. 
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 Higher values for current amplitude term indicate a high degree of variability in 

temporal NDVI, a term in which that variable specifies the frequency change of the event.                                  

The values of the additive term (A0) denote the arithmetic mean of NDVI time series (16 

periods) and represent the general type of green vegetation. In this study region, the additive 

term patterns tend to follow the vegetation phenology patterns as shown in Figure 5.6 (b). High 

values of agricultural areas represent the higher overall greenness over the course of a year as 

shown in Figure 5.6 (b) and marked by 4 corresponding to the Google Earth image as shown in 

Figure 5.6 (a). Low values are appearing by water bodies (marked as 3) and urban areas 

(marked as 2), indicate that these areas have lower NDVI seasonal values, and shows the very 

low temporal variations. At first-term amplitude, the highest values (bright areas as shown in 

Figure 5.6 (c)) occur in mountainous regions in Haridwar and wetland areas nearby Ganges 

river (marked as 1), while the most of the agricultural areas are appearing gray tone (marked as 

4). From Figure 5.6 (c), it is observed that higher values in first-term amplitude indicate a 

unimodal pattern, where agricultural areas have a wide range of unimodal in NDVI values. 

High values in second term amplitude specify semi-annual peaks (bimodal) in agricultural 

areas. Built up (urban) areas and water bodies are represented by the dark tone as shown in 

Figure 5.6 (c) and 5.6 (d) and marked by 2 and 3, respectively. Light gray tones in the first term 

amplitude appear dark in the second amplitude image which indicates that these regions have 

higher amplitude values in comparison to a first term as shown in Figure 5.6 (c) and 5.6 (d) and 

marked by 4.  

The different land cover classes contain different amplitude and phase values in the 

time series analysis, which indicates that values of additive, amplitude, and phase term 

extracted for only one year from NDVI time series data might be useful for classification, 

monitoring and mapping procedure to identify the most precise information of agricultural 

areas.  

5.5.3.  Step 3: Selection of the Best PDF for Land Cover Classes 

By using the total number of 440 ground truth samples as training ROIs, which are mentioned 

in Table 5.2, various PDFs were applied in which only five PDFs were retrieved as best fit 

from Easy Fit tool for four considered land cover classes (i.e., water, urban, agriculture and 

bare land) from the additive term image. In order to find out the best PDF for robust and 
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generalized land cover classification, the chi-square test was performed on each and every land 

cover class and its parameters (i.e., chi-square statistics, p-value and critical value) were 

calculated for each density function. The obtained chi-squared statistic value should be less 

than the critical value and P-value should be greater than the level of significance (5%), then 

hypothesis will not be rejected and density function will pass the test. Consequently, all the five 

PDFs were ranked for each and every land cover class on the basis of the p-value. If p-value 

will be more from the level of significance then density function will be assigned a better rank. 

After applying all these five PDFs onto the water, urban, agriculture and bare land classes, their 

rankings were observed for a particular class and best-fit distribution has been taken to observe 

the desired class boundaries. It is observed that chi-square test does not satisfy all the five PDF 

functions: Burr, Generalized Extreme Value, Normal, Rayleigh, and Weibull. Furthermore, 

obtained statistical values suggest that Burr distribution passes the chi-square test for bare soil 

and agriculture classes while Generalized Extreme Value function passes the chi-square test for 

water and urban classes. Obtained results indicate that the best-fit characteristics have greater 

p-values from the 5% significance level and it shows that Burr and Generalized Extreme Value 

functions are seemed to be the most suitable for the classification of water, urban, agriculture 

and bare land classes. 

Table 5.4. Chi-squared statistics for various distributions on the additive term (A0) image. 

Class Distribution Rank Chi-squared statistics with 5% significance level 

Chi-Square 

Statistics 

P-value Critical 

value 

Hypothesis 

Rejected 

Bare Soil Burr 1 12.135 0.05902 12.592 No 

 Weibull 2 21.744 0.00135 12.592 Yes 

 Normal 3 21.775 0.00133 12.592 Yes 

 Rayleigh 4 206.08 0.00000 9.4877 Yes 

 Generalized 

Extreme Value 

5 
0.13803 0.04851 0.13746 Yes 

Agriculture Burr 1 9.8063 0.19982 14.067 No 

 Generalized 

Extreme Value 

2 
15.545 0.02962 14.067 Yes 

 Normal 3 32.182 3.571E-5 14.067 Yes 

 Weibull 4 45.455 1.1157E-7 14.067 Yes 

 Rayleigh 5 232.41 0.0000 12.592 Yes 

Urban Generalized 

Extreme Value 

1 
3.9047 0.68957 12.592 No 

 Burr 2 5.1809 0.52083 12.592 No 
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 Weibull 3 19.196 0.00177 11.07 Yes 

 Normal 4 24.484 4.2531E-4 12.592 Yes 

 Rayleigh 5 61.652 5.5348E-12 11.07 Yes 

Water Generalized 

Extreme Value 

1 
7.5057 0.2766 12.592 No 

 Normal 2 18.509 0.00508 12.592 Yes 

 Burr  Not fit    

 Rayleigh  Not Fit 

 Weibull  Not Fit 

From Table 5.4, it is observed that out of best five PDFs (i.e. Rayleigh, Normal and 

Weibull, Burr and Generalized Extreme Value), not a single density function have shown 

proper fitting for all the land cover classes. Only, Burr and Generalized Extreme Value 

distributions are showing the best-fit statistics according to the GoF test for agriculture, bare 

land, urban and water classes. After observing the best-fit distribution for each class their scale, 

location and shape parameters are plotted together as shown in Figure 5.7, to retrieve the land 

cover class boundaries. 

 
Figure 5.7. Distribution plot of land cover classes. 

In order to avoid any ambiguity arising of classifying an image using retrieved class 

boundaries from Figure 5.7, a decision tree methodology has been applied to classify the 

additive term (A0) image and the retrieved minimum and maximum class values  are shown in 
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Table 5.5. The minimum and maximum values have been applied to additive term image to 

classify it into four land cover classes and it comprises the following steps: 

 First using the water class threshold value, urban, bare land and agriculture regions are 

separated from water bodies. 

 By using the threshold values of urban class, bare land and agriculture regions are 

separated. 

 The remaining agriculture and bare land classes are classified by using the agriculture 

and bare soil threshold values. 

Table 5.5. Minimum and maximum values of land cover classes.  

Class Min Value (A
0
)  Max Value (A

0
)  PDF 

Water -0.06350 0.0216 Generalized Extreme 

Value  

Urban 0.0202 0.0441 Generalized Extreme 

Value 

Bare Land 0.0444 0.0659 Burr 

Agriculture 0.0611 0.0994 Burr 

5.5.4.  Step 4: PDF Based Land Cover Classification 

By using the Table 5.5, the decision boundaries of each class have been used to classify the 

additive term (A0) image and the obtained classified image is shown in Figure 5.8 (a), in which 

bare land, urban, water and agriculture classes are represented by yellow, red, blue and green 

colors, respectively. The performance of the proposed algorithm is also compared with the 

most commonly used classification technique such as minimum distance technique. The 

obtained classified image from minimum distance classification technique is shown in Figure 

5.8 (b). For both the classified images, accuracy assessment has been performed by using the 

471 numbers of ground survey points as testing ROIs onto the classified images by using the 

confusion matrix and the estimated overall accuracy is 88.05% from proposed classification 

technique and 65.21% from minimum distance classification and their kappa coefficient are 

0.8380 and 0.5447, respectively. It is observed that the estimated overall accuracy and kappa 

coefficient indicates that the proposed classification algorithm produced better-classified image 

in comparison to the minimum distance classifier.    
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(a) PDF based classified image (b) Minimum distance classified image 

 

Figure 5.8. Classified images, (a) PDF based classified image and (b) Minimum distance 

classified image. 

Table 5.6. User and producer accuracy of proposed and minimum distance classifiers 

 PDFs based Classification Minimum Distance 

User Accuracy Producer 

Accuracy 

User Accuracy Producer Accuracy 

Water 94.06 88.79 42.99 80.79 

Urban 79.19 90.13 40.36 88.16 

Agriculture 87.71 93.29 78.64 63.19 

Bare Land 87.30 80.59 63.19 88.64 

User accuracy and producer accuracy are estimated of the proposed classification 

algorithm and minimum distance classifier for each land cover class. The estimated user 

accuracy and the producer accuracy of the classified images and are tabulated in Table 5.6. 
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5.5.5.  Step: 5 Characteristics of Agricultural Areas and Bare Land over the 

Study Region 

For calculating the first harmonic amplitude term (A1) and the second harmonic amplitude term 

(A2), agriculture areas (marked as 1) and bare land areas (marked as 2) as shown in Figure 5.8 

(a) are considered. The amplitude values of the additive term, first and second harmonic 

amplitude term and phase were calculated by retrieving the Fourier coefficients and ,n na b  and 

phase ( n ) from time series images by using the equations (5.4, 5.5 and 5.6). Figure 5.9 (a) to 

5.9 (d), shows the retrieved values of the first and second harmonic amplitude term and 

complex curve from the 16-time series with respect to the agriculture and bare land areas.  

 

(a) First and second amplitude harmonic term for agriculture class. 

 

(b) First and second amplitude harmonic term for bare land class. 
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(c) The Sum of the additive term and first four harmonic curves for agriculture class. 

 

(c) The sum of the additive term and first four harmonic curves for bare land class. 

Figure 5.9. (a) First and second amplitude harmonic term for agriculture class, (b) First and 

second amplitude harmonic term for bare land class, (c) Sum of the additive term and first four 

harmonic curves for agriculture class, and (d) Sum of the additive term and first four harmonic 

curves for bare land class.    

By using the ground truth samples of agriculture and bare land class as mentioned in 

Table 5.2. The pixel values of the first and second harmonic term values for agriculture 

(marked as 1) and bare land areas (marked as 2) as shown in Figure 5.8 (a), have been extracted 

from first and second harmonic amplitude images and their whole yearly variation for 16 time 

periods with respect to the agriculture and bare land classes and obtained values are shown in 

Figure 5.9 (a) to 5.9 (d). Agriculture and bare land areas with higher first amplitude harmonic 

term and low values in the second amplitude harmonic term represents the unimodal periodic 

pattern of the agricultural crops and overall greenness information throughout the year, while 
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the second amplitude harmonic term provides the bimodal information about the agricultural 

crops as shown in Figure 5.9 (a) and 5.9 (b). The overall greenness information on the periodic 

temporal variation extracted by using the sum of the additive term and first four harmonic 

terms of agriculture and bare land areas, which are shown in Figure 5.9 (c) and 5.9 (d). Hence, 

the amplitude of first and second harmonic is the main source of information to monitor the 

unimodal and bimodal agricultural areas within a classified area. Therefore, the amplitude of 

the first harmonic is compared with the second harmonic in order to extract the sub-pixel level 

information about single (unimodal) and double (bimodal) cropped area. 

5.5.5.1.  Observation of the Unimodal and Bimodal Agriculture Pixels 

To identify the unimodal and bimodal pixels, a pixel-wise comparison has been carried out 

between first harmonic amplitude term (A1) and second harmonic amplitude term (A2) images. 

To investigate the unimodal and bimodal agriculture pixels between each and every pixel of 

agricultural areas, whoever is the dominant pixel among A1 and A2 that pixel is assigned as 

unimodal agriculture pixel otherwise it is marked as a bimodal agriculture pixel in agricultural 

areas. The enhanced unimodal and bimodal agriculture pixels in agricultural areas are shown in 

Figure 5.10, in which unimodal agriculture areas are shown in blue color and bimodal 

agriculture areas are represented by the green color, whereas the masked areas (i.e. water and 

urban) are shown in black color. 

 

Figure 5.10. Obtained unimodal and bimodal agriculture image from 2010 time series data 
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The obtained unimodal and bimodal agriculture pixels are indicating that maximum 

regions are dominated by unimodal pixels. Usually, rice and wheat have a short cultivation 

cycle; therefore, maximum regions are showing the unimodal agricultural pixels in comparison 

with the bimodal pixels. Only, sugarcane takes 9 to 12 months to get mature as shown in Table 

5.1 and it could be the main reason behind these dominant unimodal pixels. This has been 

validated by ground truth survey conducted at different dates and ground truth photographs and 

their details are given in Appendix A.  

5.5.6.  Validation of the Proposed Algorithm 

The proposed algorithm is validated on similar kind of the 16 MODIS NDVI time series 

images for the each year from 2011 to 2014. Classified images of the proposed algorithm are 

shown in Figure 5.11 (a), 5.11 (c), 5.11 (e) and 5.11 (g). Where Figure 5.11 (b), 5.11 (d), 5.11 

(f) and 5.11 (h), are showing the corresponding output images of obtained unimodal and 

bimodal agriculture pixels in agricultural areas of 2011, 2012, 2013 and 2014 time series data. 

  

(a) PDF based classified image retrieved from 

the 2011 year time series data 

(b) Obtained unimodal and bimodal 

agriculture from the 2011 time series data 
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(c) PDF based classified image retrieved from 

the 2012 year time series data 

(d) Obtained unimodal and bimodal 

agriculture from the 2012 time series data 

  

(e) PDF based classified image retrieved from 

the 2013 year time series data 

(f) Obtained unimodal and bimodal agriculture 

pixels from the 2013 time series data 
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(g) PDF based classified image retrieved from 

the 2014 year time series data 

(h) Obtained unimodal and bimodal 

agriculture from the 2014 time series data 

 

 

Figure 5.11. Classified images of the proposed algorithm for different years (i.e., 2011, 2012, 

2013 and 2014) of MODIS NDVI time series data are shown in the left column as (a), (c), (e) 

and (g) and in the right column their corresponding output images of obtaining unimodal and 

bimodal agriculture pixels from are shown as (b), (d), (f) and (f) corresponds to the results 

obtained in the agricultural areas. 

The proposed classification algorithm is applied on additive term (A0) images retrieved 

from 2011, 2012, 2013 and 2014 time series data to observe the performance of the proposed 

algorithm in terms of the overall accuracy and kappa coefficient. The overall accuracy for 

2011, 2012, 2013 and 2014 data are 79.17%, 76.57%, 80.26%, and 74.88%, respectively, and 

the kappa coefficient is 0.6930, 0.6692, 0.7183 and 0.6551, respectively, which is indicating 

that the proposed algorithm is quite useful for future date time series images to classify the land 

cover classes effectively. By using the classified images, water, and urban areas are effectively 

masked to monitor the unimodal and bimodal agriculture pixels in the agricultural areas.     
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5.6.  Conclusion 

An adaptive classification algorithm is proposed for time series data classification in one hand 

and in another hand a monitoring algorithm is developed to monitor the unimodal and bimodal 

agriculture pixels in agricultural areas. The robustness of the proposed classification algorithm 

is the adaptability of the algorithm to other year time series data and the other study regions. 

Utilizing the temporal profile of NDVI time series data throughout the growing seasons showed 

improved performance in comparison to the traditional algorithm of one image per pixel 

classification of land use/land cover classes. In this study, the PDF-based classification 

algorithm has been proposed and quite a good classification accuracy of 88.05% was achieved 

with very high Kappa coefficient (i.e., 8380). Further, the classified image is used for the 

masking of urban and water regions to monitor the unimodal and bimodal agriculture pixels in 

agricultural areas. The performance of the proposed algorithm was tested on another year time 

series data and it is observed that proposed algorithm is working quite efficiently and adaptive 

in nature. In future, this type of information may be useful to classify the pattern of different 

crops and it may be quite useful for agriculture planner.  
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Chapter 6                            

An Efficient Application of Fusion 

Approach for Hot Spot Detection with 

MODIS and PALSAR-1 Data 
 

Subsurface coal fire monitoring which is also called as hot spots remains a very difficult task 

worldwide. In India, Jharia coal field (JCF) region in the state of Jharkhand alone contains 

almost half of the fires in underground coal mines/subsurface fire. In this chapter, the 

possibility of hot spot detection with Phased Array L-band Synthetic Aperture Radar 

(PALSAR) satellite images has been explored with the fusion of Moderate Resolution Imaging 

Spectroradiometer (MODIS). To retrieve the maximum information about a hot spot; greenness 

information extracted from MODIS data and surface roughness information extracted from 

PALSAR data have been fused by using the genetic algorithm (GA) based pixel level image 

fusion method and an adaptive contextual thresholding technique is developed to classify the 

hot spot and non-hot spot regions. The developed technique is adaptive in nature and can be 

adapted easily for this kind of similar data set for detecting the subsurface affected regions. The 

proposed algorithm utilizes the statistical information only from the fused images and detects 

the hot spots.  

6.1.  Introduction 

The use of satellite data has revealed the detection of hot spots and has been regarded as an 

effective and economical substitute for monitoring hot spot recently (Gautam et al. 2007a). 

Several optical/TM data are used by researchers for hot spot monitoring and detecting the hot 

spot from the last two or three decades, but the detection of hot spots with even greater 
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accuracy and lower false alarms is still a challenging task. Several algorithms have been 

developed to detect the hot spot by using the NOAA/AVHRR satellite data. These algorithms 

exploit AVHRR band 3 which is very sensitive to the presence of surface fires and operate in 

the wavelength range of 3.75 μm (Flasse and Ceccato, 1996). Martin and Delgado in 2002 have 

shown more sensitivity in coal burning areas with MODIS images than AVHRR images on the 

basis of their spectral and spatial resolution and the fusion of MODIS and PALSAR images 

that may provide some complementary information. The ALOS PALSAR satellite is mainly 

used for land monitoring for various applications like soil moisture monitoring, land use/land 

cover classification, terrain discrimination, biomass, and deforestation because it has the long 

operating wavelength of 23.6 cm (Walker et al. 2010). Due to cloud coverage in tropical 

regions, MODIS images have some limitations in hot spot detection while PALSAR images are 

unaffected by clouds and haze (Ruecker and Siegert, 2000). Mostly fire starts due to 

spontaneous combustion of coal and increases in the temperature of the surface. Satellite 

images can play very crucial role in hot spot detection and can provide a time-saving 

technology for various environmental feature detection. The objective of this study is to 

classify the hot spot to utilize the greenness and roughness information obtained from 

vegetation and polarimetric indices by using the fused image of MODIS and PALSAR images 

over the hot spot regions. 

The procedure of combining the maximum appropriate information of two or more 

images in order to attain a precisely fused image is called as image fusion (Chavez and 

Kwarteng, 1989). Fused image is more informative than the individual images. Though image 

fusion techniques on MODIS and PALSAR have been applied for various applications such as 

land cover classification in which MODIS band 1 and band 2 images are fused with PALSAR 

(HH, HV and VV channels) by using the curvelet fusion technique to classify the urban, 

agriculture and vegetation efficiently (Kumar and Singh, 2010), and another work is related to 

the soil moisture content retrieval in vegetation areas by using the information fusion technique 

(Prakash et al. 2012) and environmental monitoring, etc. and their application to hot spot 

detection has to be explored. Wang et al. 2005, have described some general image fusion 

(GIF) methods, whereas commonly used image fusion techniques are: intensity-hue-saturation 

(IHS) (Ren et al. 2012), principal component analysis (PCA) (Bedi and Khandelwal, 2013; 

Palsson et al. 2015), Brovey transform and wavelet transform (Mandhare et al. 2013) based 

methods. 
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The surface and subsurface hot spot regions can be detected with different type of 

techniques like principal component analysis (PCA) with information fusion (Gautam et al. 

2006a), rough set classification based approach (Gautam et al. 2006b), fuzzy logic (Gautam et 

al. 2007a), harmonic time series (Gautam et al. 2007b), contextual thresholding model (Gautam 

et al. 2008b), SVM (Support Vector Machine) (Gautam et al. 2008a; Demirel et al. 2011), 

image stacking (Prakash et al. 2011), and wavelet transform based model (Gautam et al. 2012). 

MODIS images have shown the more sensitivity in coal burning areas than AVHRR images on 

the basis of their spatial and spectral resolution (Martin and Delgado, 2002). Hot spot regions 

are generally characterized by a low reflectance in the NIR band in correspondence with the 

subsurface fire due to the loss of vegetation and the presence of ash and charcoal (Stroppiana et 

al. 2002). Cadau et al. (2011), have presented that NIR is the most suitable spectral band for hot 

spot monitoring because NIR allows high contrast between the hot spot and non-hot spot 

regions. A detail comparative study and features of surface and subsurface hot spot has been 

defined by Prakash et al. (1997) and Zhang et al. (2004). Giglio et al. (2003), have presented 

the fire detection algorithm for active fires by using MODIS satellite data where they have used 

the brightness temperature information in 21, 22, 31 and 32 channels to detect the active fires. 

MODIS also has a separate product, i.e., MOD14A2, which is one of the most basic fire 

products for thermal anomalies such as volcanoes mapping (Justice and Townshend, 2002). 

MOD14A2 product is evaluated on the basis of their assigned nine classes ranging from 0 to 9 

and various classes are: not processed (unavailability of input data), not processed (due to other 

reason), water, cloud, non-fire land, unknown, low-confidence fire, nominal-confidence fire, 

high-confidence fire respectively (Giglio et al. 2010). It is observed that this product has 

limited capability to classify hot spots such as subsurface fire and non-hot spot regions. The 

other problem associated with MODIS image is its resolution; therefore, there is a need for 

research through which the MODIS image can be efficiently used for hot spot and non-hot spot 

region’s classification. In literature, it is reported that Red and NIR (Near-Infrared) bands are 

mostly used to enhance the vegetation properties, but also used to distinguish and monitor the 

burned areas (Quintano et al. 2010). Also, it is reported that burn areas have been mapped by 

using vegetation indices like Normalized Difference Vegetation Index (NDVI), Global 

Environment Monitoring Index (GEMI), Modified Soil Vegetation Index (MSAVI) and 

Normalized Burn Ratio (NBR) which are derived from Red and NIR bands (Gautam et al. 

2008b; Merino-de-Miguel et al. 2011; Schepers et al. 2014). Between all these defined indices, 
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the GEMI index recognized as the most suitable index for detecting the burn areas (Stroppiana 

et al. 2002). 

Optical sensors have some limitations due to cloud coverage while SAR images are 

unaffected by clouds and haze that may provide valuable information on burned areas. SAR has 

not only been used for several ecological applications like vegetation monitoring and 

estimating biomass, but also used for burned area monitoring. Furthermore, research in the field 

of forest fires in boreal forests has revealed that the intensity of backscatter from burned scars 

is stronger than on unburned areas due to moisture content changes (Polychoranaki et al. 2013). 

A decrease in backscatter in SAR data may be received from the canopy after the removal of 

leaves and branches by fire and it may increase the exposure of the soil, which may be used to 

calculate the severity of burns using co-polarized channels. Though, damage of the vegetation 

canopy creates the radar extents sensitive to the state of the essential ground, which indicates 

that radar backscatter relies not only on the surface roughness and soil moisture but also on 

forest parameters (Tanase et al. 2010). The polarimetric information obtained from polarimetric 

SAR images has the potential to classify the natural and man-made structures (Mishra and 

Singh, 2011). Therefore, polarimetric indices that may physically understand the scattering 

behavior of various targets can be useful in hot spot detection. Various polarimetric indices 

such as a normalized difference polarization index (NDPI), ratio vegetation index (RVI) and 

cross-polarization ratio (CPR) are available for different applications like: crop classification, 

urban mapping, hazard monitoring, target characterization, canopy characterization and bare 

soil/vegetation decimation (Yun-gang et al. 2008; Trudel et al. 2008; Kim and Van Zyl, 2009; 

Mishra and Singh, 2014; Kim et al. 2014; Huang et al. 2015; Xie et al. 2015; Voormansik et al. 

2015).  

So, it is observed that optical images like MODIS image may map hot spots and non-

hot spots on the basis of their reflectance whereas full polarimetric SAR data can provide 

information about various types of scattering with a target which may be useful to detect the 

hot spots. The use of SAR data for this type of problem is still under consideration. Therefore, 

this chapter explores the possibility of fusion of SAR (PALSAR) and optical (MODIS) data 

which may provide the complementary information and application of the contextual based 

thresholding in fused image to detect hot spots with better accuracy and less false alarm.  



Fusion Approach for Hot Spot Detection  

133 

 

6.2.  Study Area and Satellite Data Used 

6.2.1.  Study Area 

Jharia Coal Field (JCF) of India has been chosen as the study area because it has a long history 

of mining which is having both open-cast and underground mining, since more than a century. 

The study area has center Latitude 23.767
o 

N and Longitude 86.259
o 

E which covers JCF in 

Jharkhand (India). Jharia Coal Field is situated around 1150 km southeast of Delhi and around 

250 km northwest of Kolkata. Several known coal mine fires occur in this field and require 

serious attention. These fires cause potential risk to natural resources and are dangerous to 

man-made structures and human beings. This region consists of large numbers of mine fires 

which have been burning since last many years that resulted in land degradation and prevent 

the growth of vegetation in the region. The location of the study area in the map of India is 

shown in Figure 6.1. 

 

 

Figure 6.1. Study area location in the map of India. 

6.2.2.  Satellite Data 

For hot spot monitoring over JCF region, two types of satellite data have been used: (i) 

Advanced Land Observing Satellite Phased Array L-band Synthetic Aperture Radar (ALOS 
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PALSAR), (ii) Moderate-resolution Imaging Spectroradiometer (MODIS). Fully polarimetric 

ALOS PALSAR-1 data is used with 25 m resolution whose details are given in the section 

1.3.1 and acquired on 21
st
 April 2011. Four optical satellite images of MODIS product of 

surface reflectance MODIS (MOD09Q1), with 250 m resolution are used, which were acquired 

on 6
th

, 14
th

, 22
nd

 and 30
th

 April 2011. The detailed descriptions of all the data sets with data IDs 

are given in Table 6.1. The upper left and lower right latitudes and longitudes for all the images 

are 23.89176440
0
 N, 86.21517317

0
 E and 23.68551770

0
 N, 86.42141987

0 
E, respectively. 

From Table 6.1, one PALSAR data (PAL1) and four MODIS data (MOD1 to MOD4) 

are used for the testing and development and other PALSAR data (PAL2) with one MODIS 

data (MOD5) are used for validation purpose. 

Table 6.1. Acquisition details of PALSAR and MODIS data.  

 

6.2.2.1.  Pre-processing of PALSAR Images 

Fully polarimetric ALOS PALSAR L-band Level 1.1 data were preprocessed by using the 

ENVI SARscape module, by which backscattering coefficient values have been obtained in 

linear scale, and preprocessing details have been given in sub-section 3.4.1. The spatial 

resolution of MODIS and PALSAR images has been made equal by applying the extrapolation 

(Prakash et al. 2012). The processed polarization images are shown in Figure 6.2 (a) – 6.2 (c) 

S. No. Data Acquisition ID Acquisition 

Date 

Data 

ID 

1 PALSAR ALPSRP279140470-P1.1 April 21, 2011 PAL1 

2 PALSAR ALPSRP225460470-P1.1 April 18, 2010 PAL2 

3 MODIS MOD09Q1.A2011089.h25v06.005.2011 

104020206 

April 06, 2011 MOD1 

4 MODIS MOD09Q1.A2011097.h25v06.005.2011 

110155936 

April 14, 2011 MOD2 

5 MODIS MOD09Q1.A2011105.h25v06.005.2011 

117071101 

April 22, 2011 MOD3 

6 MODIS MOD09Q1.A2011113.h25v06.005.2011 

123032639 

April 30, 2011 MOD4 

7 MODIS MOD09Q1.A2010105.h25v06.005.2010 

114210416 

April 18, 2010 MOD5 
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for HH, HV, and VV polarization, respectively. It is difficult to observe any hot spots with 

these images. 

  

(a) HH polarized image (b) HV polarized image 

 

(c) VV polarized image 

 

Figure 6.2. PALSAR images (a) HH polarized image, (b) HV polarized image, and 

(c) VV polarized image. 

6.2.2.2.  Pre-processing of MODIS Images 

MODIS images have been already pre-processed, including the geo-referencing, which presents 

the reflectance values directly. A subset of the study region has been taken, which is covering 

the JCF region. MOD09Q1 (Surface Reflectance 8-day best) product is distributed in 

Sinusoidal projection grid (SIN). Thus, MODIS band 1 and 2 are geometrically rectified in 
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Geographic Lat/Lon projection (Houborg et al. 2007). A subset of MODIS band 1 (Red) and 

band 2 (NIR) images are shown in Figure 6.3 (a) and 6.3 (b).  

6.3.  Theoretical Formulation 

SAR and optical data give the complementary information and use of this information may 

enhance the capability of identification of various targets. Therefore, in this chapter both SAR 

and optical data are used. To use the information of both data, image fusion is applied. After 

that, a contextual based thresholding algorithm has been applied to the fused image for the 

detection of the hot spot. Firstly, different indices obtained from PALSAR and MODIS data 

have been critically analyzed for checking their usefulness to detect the hot spot. It is assumed 

that nearby hot spot regions possibility of vegetation is minimized and this was the main 

motive to utilize the available vegetation indices (i.e. GEMI and MSAVI) and polarimetric 

indices (i.e. CPR, HV/HH and HV/VV) for hot spot detection. After critical analysis, it is found 

that CPR is used to classify the sparsely vegetated fields, forested areas and bare ground 

(Trudel et al. 2008), HV/HH which is used to maximize the variation of surface and volume 

scattering and has the capability to classify vegetated fields and bare grounds and HV/VV 

which gives the low values for bare ground can be useful to detect the hot spot (Quegan et al. 

2003; Mishra and Singh, 2014; Xie et al. 2015; Voormansik et al. 20015). 

  

(a)  Band 1 image (b)  Band 2 image 

Figure 6.3. MODIS images, (a) Band 1 image and (b) Band 2 image 
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6.3.1.  Polarimetric Indices 

SAR is an active satellite that has very good penetration capability and radar polarimetry is 

well-known for its application in the detection and identification of various targets. A critical 

analysis and study have been carried out by us on various polarimetric indices and some of the 

indices have been selected such as CPR (Cross-Polarization Ratio), HV/HH and HV/VV which 

may be useful for identifying the hot spots and have been defined below in equations (6.1, 6.2 

and 6.3), where 
0  (HH/ HV/VV) is backscattering coefficient in linear scale for different 

polarization. 

6.3.1.1.  Cross Polarization Ratio (CPR) 

CPR is used to distinguish between sparsely vegetated fields, forested areas and bare grounds 

(Trudel et al. 2008). Therefore, CPR is used to distinguish the sparsely vegetated fields and 

bare soil and can be very useful to classify the hot spots. 

 
0

0 0
6.1HV

HV HH

CPR


 



 

6.3.1.2.  HV/HH 

HV/HH is used to maximize the variation of surface and volume scattering and has the ability 

to distinguish vegetation and bare grounds (Quegan et al. 2003; Hallberg et al. 2008). 

Therefore, HV/HH is used to classify the vegetated fields and hot spot regions. 

0

0
/ (6.2)HV

HH

HV HH



  

6.3.1.3.  HV/VV 

HV/VV gives the low values for bare ground. So, it may give a better idea of the bare fields 

(Quegan et al. 2003; Hallberg et al. 2008). Therefore, it is assumed that the possibility of the 

existence of vegetation will be negligible for areas around hot spots. So, HV/VV may helpful to 

segregate the hot spots and non-hot spots. 

0

0
/ (6.3)HV

VV

HV VV
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6.3.2.   Vegetation Indices 

Many studies (Kennedy et al. 1994; Gautam et al. 2006a, 2006b, 2007a, 2007b, 2008a, 2008b, 

2012) relies on detecting the hot spots or burn areas by using emitted radiance in the mid-

infrared (MIR: 3.55-3.93 µm) and brightness temperature of thermal bands (10.3-11.3 µm and 

11.3-12.5 µm), but the main objective of this work is to use the enhanced information from 

surface reflectance (provided by MODIS data) and surface scattering (provided by PALSAR 

data). Vegetation indices (VIs) are used to measure the quantitative greenness of the ground 

vegetation, which shows better sensitivity than individual spectral bands for the ground 

vegetation and basically these indices are the combinations of various spectral bands that lie in 

the visible and near-infrared (NIR) regions of the electromagnetic spectrum. The main 

objective of spectral VIs is to improve the information on spectral reflectance data, by 

removing variability due to the characteristics of the vegetation and to minimize the ground 

geometry effects of air, and the sun-target-sensors. Spectral vegetation indices are a simple and 

suitable method to retrieve information from satellite images, because of its convenience in use, 

which enables the processing and analysis of large amounts of data acquired by satellite 

platforms. Various vegetative covers can be distinguished by their unique spectral behavior 

towards a common ground element (Bannari et al. 1995). Therefore, vegetation indices may be 

useful for hot spot detection. It is anticipated that over the hot spots, the possibility of 

vegetation will be very less. A critical analysis has been carried out to see the effect of several 

vegetation indices like NDVI, GEMI, MSAVI and PAVI over the study region, and it is 

observed that GEMI and MSAVI have the potential to detect the hot spots. GEMI and MSAVI 

can be obtained by applying the mathematical formulation (as given in equation 6.4 and 6.5) on 

Red and NIR bands for hot spot detection. 

6.3.2.1.  Global Environment Monitoring Index (GEMI) 

The GEMI index reflects the photosynthetic capability of healthy vegetation and it is 

insensitive to soil, ground and is capable of mapping vegetation activity and detecting hot spots 

in sparsely vegetated lands. 
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where, in equation (6.4) red and nir are TOA (top of atmosphere reflectance) in Red 

and NIR band. The GEMI index reflects the photosynthesis capability of healthy vegetation and 

it is insensitive to soil, ground and is capable of mapping vegetation activity and detecting hot 

spots in sparsely vegetated lands. 

6.3.2.2.  Modified Soil Adjusted Vegetation Index (MSAVI) 

MSAVI index minimizes the soil effects and supposed to give the vegetation information 

2 0.5(2( 1) ((2 1) 8( )) ) / 2 (6.5)nir nir nir redMSAVI           

where, in equation (6.5) nir  and red are TOA (top of atmosphere reflectance) in Red 

and NIR band. MSAVI index minimizes the soil effects and supposed to give the vegetation 

information. 

6.3.3.  Image Fusion 

Image Fusion is the procedure of merging information from a corresponding set of images into 

one image, wherein the resultant fused image may be more informative. Image fusion is 

categorized in pixel, feature, and decision processing levels. These approaches upturn how the 

pixel characteristics determine the level of abstraction. In the pixel-level method, the average 

intensity of individual pixels or other complex schemes combinations used to create a fused 

image. The feature-level operates on the characteristics of the image such as size, shape, edge, 

etc. A combination of instructions may be used to contain amounts of the data or not, in the 

decision level (Erkanli and Rahmana, 2010). Therefore, a fusion of different information may 

result in a better interpretation of the images.  

6.3.4.  Image Fusion based on Genetic Algorithm 

GA belongs to the class of nonlinear optimization technique which attempts to find the 

optimum solution of an objective function using non-exhaustive search. GA attempts to 
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discover global, near-optimal solutions without being stuck in local minima. Thus, due to its 

advantages, GA requires lesser search time and space. 

GA was presented by Holland in 1975. Application of GA in the field of image 

processing has been increased significantly from past few years. A continuous genetic 

algorithm with a candidate solution represented in the form of the vector that is used for image 

fusion (Haupt and Haupt, 2004). Usually, GA works on the binary string as a candidate 

solution. For image fusion applications, it is more suitable to solve for the continuous data 

domain in place of the binary space as the weights of the source images have to be optimized. 

Hence, continuous genetic algorithm (CGA) is used because of requirement of less storage 

space and faster execution than the binary representation: 

6.3.4.1.  Continuous Genetic Algorithm (CGA):  

GAs are typically the functions on binary data. It is more suitable to work in the continuous, 

data space rather than in the binary space for image fusion applications. Therefore, CGA has 

been used because it is faster than binary GA and has the benefit of less storage space. The 

inputs of CGA are denoted by floating-point numbers over whatever range is estimated 

suitable. A general flowchart of CGA is shown in Figure 6.4. The GA based pixel level image 

fusion method has been used to fuse the MODIS and PALSAR data.  

The numerous fundamentals in the flowchart are defined below.  

a) Define the fitness function and the variables: 

The candidate solutions are denoted as real numbers. In every chromosome, the processing 

vector is composed of N floating point numbers depending on the parameters 

1 2[ , ,..........., ]Nf f f  to be optimized. Each chromosome is associated with a cost obtained by 

computing the fitness function.  

b) Initial Population: 

Candidate solutions are initialized randomly to start the CGA process. A matrix denotes the 

population, by each row, consists of N continuous values. The cost of each chromosome is 

evaluated using fitness function. Population size is denoted by the variable name pop_size.  

c) Natural Selection: 
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Based on the evaluation of fitness function, chromosomes are rated from the highest to the 

lowest cost. Using the ranked chromosomes, only the top NKeep are retained for mating and 

passed to the next generation.  

d) Mating:  

Crossover of the parents takes place to produce new off springs. The crossover point is selected 

to swap genes to the right of it.  

The parents are given by:  

1 1 2

2 1 2

[ , ,..........., ] (6.6)

[ , ,............, ] (6.7)

N

N

P m m m

P d d d




 

Then the selected variables are combined to form new off springs.  

1 ( ) (6.8)Pnew m m d      

2 ( ) (6.9)Pnew d m d      

where   is a random value between 0 and 1. The final step is the completion of a crossover 

with the rest of the chromosome. 

1 1

2 2

1 ( , ) (6.10)

2 ( , ) (6.11)

offspring crossover P Pnew

offspring crossover P Pnew




 

e) Mutation:  

Mutation helps in avoiding overly fast convergence by introducing changes in certain variables. 

Mutation rate is increased by the overall number of variables that can be mutated in the 

population provides the amount of mutation. Row and columns of the variables are used to 

select by random numbers that must be mutated.  

(0.20 ( _ 1) ) (6.12)M ceil pop size N     

( _ (1, )) (6.13)rowm ceil pop size rand M   

( _ (1, )) (6.14)colm ceil pop size rand M   

where row colm and m gives the location of the real number in the population matrix to be mutated 

and M denotes the number of rows mutated. 

f) Next Generation:  

The initial population for the next generation is rated from highest to lowest cost. Replacement 

of the bottom ranked chromosomes takes place by offspring from the top-rated parents. Certain 
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random variables are carefully chosen for mutation from the bottom rated chromosomes. This 

process is repeated till a termination condition is achieved. 

To retrieve the fused image of MODIS and PALSAR satellite images, genetic algorithm based 

pixel level image fusion (GAPLIF) has been applied. 

 

Figure 6.4. Flowchart of Continuous Genetic Algorithm (CGA). 

6.3.5.  Genetic Algorithm based Pixel Level Image Fusion (GAPLIF) 

MODIS and PALSAR images are used as the input images to the genetic algorithm based pixel 

level image fusion (GAPLIF) method for the genetic search which calculates the optimal 

weights ( andm pW W ) of the input images (Mumtaz et al. 2008; Lacewell et al. 2010). The 

genetic fitness function ( GAPLIFF ) is defined as    
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min

, | * * | (6.15)
m pGAPLIF W W m pF W M W P   

Where, M is MODIS image, P is PALSAR image and F is fused image. m pW and W  

are the optimized weights on MODIS and PALSAR images. For weight optimization, we have 

used a genetic algorithm (GA). 

a) Fitness function: In each iteration, the fitness function for that iteration has been saved 

as the final fitness function. 

b) Variable Initialization: Two variables have been initialized i.e., weight1 (Wm) and 

weight2 (Wp) to be optimized which will be ranging between 0 and 1. Random 

generator function has been used for initialization of the weights. Hence, the 

chromosome length is of two. 

Weights corresponding to final maximum fitness function after the completion of all the 

iterations have been used. This method is used to produce a fused image at the pixel level 

through a weighted average of input images (Mumtaz et al. 2008). 

 

* *
F (6.16)

m p

m p

W M W P

W W





 

6.3.6.  Performance Evaluation Criterion 

To measure the quality of the fused images, some evaluation criteria like Root Mean Square 

Error (RMSE) (Mumtaz et al. 2008), Peak Signal to Noise Ratio (PSNR), Relative Differences 

of Means (RMD), and Universal Image Quality Index (UQI) (Kumar and Singh, 2010), are 

applied on MODIS and PALSAR fused images. A smaller RMSE value specifies that fusion is 

better and if the value is zero then fusion is perfect. PSNR, RMD, and UQI have been 

calculated between MODIS and fused image. PSNR and UQI have the best possible highest 

PSNR value in the fused image which will hold the spectral information of the original low-

resolution multispectral image while RMD gives the smallest possible relative difference of 

means (Kumar and Singh, 2010). 
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6.3.6.1.  Root Mean Square Error  

The root mean square error (RMSE) measures the spectral fidelity between the original and the 

fused image. It measures the amount of change per pixel due to the processing (Mumtaz et al. 

2008). RMSE is defined as  
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where,           is the fused image and                                are the MODIS and PALSAR 

images, respectively.  

6.3.6.2.  Peak Signal to Noise Ratio  

The peak signal to noise ratio (PSNR) index discloses the radiometric distortion of the final 

image compared to the original one (Kumar and Singh, 2010). PSNR is defined as 
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 where, is the i
th

 fused image pixel value is denoted by Fi, the low spatial resolution 

image pixel i value is represented by LRi, the number of non-null image pixels are denoted by 

N, and Peak represent the maximum possible pixel value. The fused image which has the 

highest possible PSNR value will best preserve the spectral information of the original low-

resolution multispectral image. 

6.3.6.3.  Relative Differences of Means 

The smallest possible relative difference of means is the relative difference of means (RMD) 

between the fused image and the original low spatial resolution multispectral image (Kumar 

and Singh, 2010) is.  

( , ) (6.19)
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LR


  

( , )F i j ( , ) and ( , )M i j P i j



Fusion Approach for Hot Spot Detection  

145 

 

 where, the mean value of the fused image is denoted by F  and mean value of the 

original low spatial resolution image is denoted by LR . The fused image which has the 

smallest possible relative difference of means will best preserve the spectral information of the 

original low-resolution multispectral image. 

6.3.6.4.  Universal Image Quality Index 

The universal image quality index (UQI) (Kumar and Singh, 2010) is given as 
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 The resultant image returns the highest possible UQI if it contains the best spectral 

information of the original low-resolution multispectral image. 

6.3.7.  Commonly used Techniques for Image Thresholding 

6.3.7.1.  Otsu’s Thresholding Technique 

Otsu's method is automatic clustering-based image thresholding method which has been 

broadly used in many real-time applications. It assumes that the image to be thresholded is 

comprised of two classes of pixels (foreground and background). Then, the optimal threshold 

value is calculated to separate those two classes so that their combined spread (intra-

class variance) is minimal. Otsu’s method (Tian et al. 2003) exploits the a posteriori between-

class variance σB(t), which is given by 

2 2

0 1 1 0( ) ( ) ( )[ ( ) ( )] (6.21)B t t t t t       

 where (6.22) shows the reduced of (6.21) and (6.23) described with the terms  

http://en.wikipedia.org/wiki/Thresholding_(image_processing)
http://en.wikipedia.org/wiki/Foreground
http://en.wikipedia.org/wiki/Variance
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 The number of pixels with gray levels i are denoted by in , gray levels are represented by 

L, and N denotes the total number of pixels in the image. Optimal threshold t∗is found through 

a successive search for the maximum of 2 ( )B t for the values of t, where 0 .t L   

6.3.7.2.  Entropy-based Thresholding Techniques  

Entropy-based image thresholding technique mainly works on the maximum entropy criterion. 

The maximum entropy of a posteriori fixed the optimal threshold value which is subject to 

some restrictions in the form of inequalities that are obtained by means of special methods 

characterize the homogeneity and the nature of the areas in the image. To this end, the optimal 

threshold is calculated by the gray level dissemination and the spatial image information 

(Wong and Sahoo, 1989). Maximum entropy principle is a criterion for the choice of a priori 

probability distributions when minimum information is known or nothing is available.  This 

gave evidence as restrictions show that this is in order of the probability distribution which best 

describe a given amount of information, knowledge, maximizing the Shannon entropy. 

 After that, it was thresholded the image by the threshold value t by which we get a 

bilevel image. A posteriori probability of pixels having a gray scale value lower than t is 

assumed by the following equation. 
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where total numbers of pixels in the image are represented by N, a total number of gray levels 

are denoted by L. Also, to represent one of the posterior probabilities of these pixels having a 

value equal to or greater than t is1 ( )F t . In this way, the Shannon entropy image is 

( ( )) ( ) log ( ) (1 ( ))log(1 ( )) (6.29)H F t F t F t F t F t      

 where logarithm has taken with respect to base 2, and 0 log 0 is supposed to be 0.For 

while sufficient constraints derived from the image features to attain the optimal threshold for 

the image, our objective is to maximize (629). Two measures of the spatial information 

obtained from an image, using these measures, constraints are created for the probability of the 

pixels corresponding to the two classes. These two measures are 1) uniformity measure and 2) 

shape measure. Maximize, the constraints obtained, a unique solution can be obtained at all 

times, therefore, t* is the optimal threshold value is determined from ( ( ))H F t  

* argmax ( ( )) (6.30)t H F t  

 The thresholded image contains maximum uniformity and maximum shape information 

(Wong and Sahoo, 1989; Gautam et al. 2008b). 

6.4.  Model Development and Implementation for Hot Spot 

Detection 

MODIS and PALSAR images have been used for GA based image fusion to detect the hot spot. 

Georeferencing has been done on the PALSAR image as discussed in section 6.2.2.1, and 

projection has been changed for band 1 and band 2 of MODIS images from Sinusoidal to 

Geographic Lat/Lon projection as discussed in section 6.2.2.2. Extrapolation has been applied 

to PALSAR images to make their spatial resolution according to MODIS image as mentioned 

in the pre-processing subsection. 

MODIS band 1 and band 2 images are used to extract the GEMI and MSAVI indices by 

using equations (6.4) and (6.5), and by using different PALSAR polarization images (i.e. HH, 

HV and VV) with equations (6.1, 6.2 and 6.3), CPR, HV/HH and HV/VV images have been 

obtained. Further, these obtained images were used as input images in the fitness function for 

the fusion to optimize the weights on both the input images. Optimized weights were calculated 

through GA as given in equation (6.15), and after applying these obtained weights, finally a 
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fused image has been retrieved as given in equation (6.16). Then, the contextual thresholding 

algorithm has been applied to all the fused images to retrieve the final detected hot spot pixels. 

Figure 6.5, shows the complete flow chart of the proposed approach, where the dotted lines 

show that fused images that have been obtained sequentially. 

 

Figure 6.5. Complete flow chart of proposed model. 
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6.4.1.  Step 1: Calculation of Polarimetric Indices 

The polarimetric indices are derived from polarimetric PALSAR data as given in equations (6.1 

- 6.3) and extracted polarimetric indices images are shown in Figure 6.6 (a) – 6.6 (c). From 

Figure 6.6, it is observed that polarimetric indices like CPR, HV/HH, and HV/VV images, 

visually are not showing any separation capability, but the obtained surface roughness 

information from these images may enhance more hot spot regions with the fusion of MODIS 

images.  

  

(a) CPR image (b) HV/HH image 

 

(c) HV/VV image 

Figure 6.6. Polarimetric indices, (a) CPR image, (b) HV/HH image, (c) HV/VV image. 
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6.4.2.  Step 2: Calculation of Vegetation Images 

GEMI and MSAVI are derived as given in equation (6.4 and 6.5) from MODIS data. Figure 6.7 

(a) and 6.7 (b) show the respective vegetation indices image. From Figure 6.7, it is observed 

that GEMI and MSAVI images have the capability to detect subsurface hot spot, but it is 

difficult to say visually that these indices can completely separate the hot spot and non-hot spot 

regions. 

  

(a) GEMI image (b) MSAVI image 

Figure 6.7. Vegetation indices, (a) GEMI image, (b) MSAVI image. 

6.4.3.  Step 3: GA based Pixel Level Image Fusion (GAPLIF) 

Polarimetric indices images (CPR, HV/HH, and HV/VV) and vegetation indices images (GEMI 

and MSAVI) are input to the fusion algorithm. The population is initialized randomly with 

values between 0 to 1. Each chromosome is represented as a vector of 1×2 dimension where 

each column representing weight to be optimized for the fusion. A number of generations are 

taken as 100 because after that it shows very less variation. Average fitness function increases 

with each iteration as shown in Figure 6.8, which shows the feasibility of genetic algorithm 

(GA) for image fusion. 
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Figure 6.8. GA average fitness function graph for FI_05 (fused image of GEMI and CPR). 

Fusion is planned in a systematic manner as shown in Table 6.2, to critically analyze the 

fusion importance of indices obtained from PALSAR (PAL-1) and MODIS (MOD-3) data. 

Table 6.2. Possible combinations for fusion between polarimetric and vegetation indices. 

Sl. No. Input Image 1 Input Image 2 Final Fused Image Fused Image Id 

1 GEMI MSAVI GEMI_MSAVI FI_01 

2 CPR HV/HH CPR_HV/HH FI_02 

3 FI_02 HV/VV CPR_HV/HH_HV/VV FI_03 

4 FI_01 FI_03 
GEMI_MSAVI_ 

CPR_HV/HH_HV/VV 

FI_04 

5 GEMI 

CPR GEMI_CPR FI_05 

HV/HH GEMI_HV/HH FI_06 

HV/VV GEMI_HV/VV FI_07 

6 MSAVI 

CPR MSAVI_CPR FI_08 

HV/HH MSAVI_HV/HH FI_09 

HV/VV MSAVI_HV/VV FI_10 

This PALSAR data is also fused with each MODIS image separately as per the same 

given in Table 6.2. It means that for four MODIS data, there is total 40 fused images have been 
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retrieved as shown in Figure 6.9. We have considered only one PALSAR data while assuming 

that in a whole month for April 2011 environmental conditions were same. 

 

Figure 6.9. Fusion Scheme between one PALSAR data and four MODIS data. 

6.4.4.  Step 4: Obtained Fused Images 

By applying GA based pixel level image fusion (GAPLIF) as given in equation in (6.15) and 

(6.16), various combinations of images has been fused as given in Table 6.2, and fused images 

are obtained as FI_01 to FI_10. Some of the fused images are shown in Figure 6.10 (a) –6.10 

(i). 

  

(a)  FI_01 image (b)  FI_03 image 
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(c)  FI_04 image (d)  FI_05 image 

  

(e)  FI_06 image (f)  FI_07 image 

  

(g)  FI_08 image (h)  FI_09 image 
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(i) FI_10 image 

Figure 6.10. Fused images: (a) FI_01, (b) FI_03, (c) FI_04, (d) FI_05, (e) FI_06, (f) 

FI_07, (g) FI_08, (h) FI_09, and (i) FI_10. 

The fused images comprise the relevant information from both sensor images. It is 

observed that fused image of both the vegetation indices (i.e., GEMI and MSAVI) images, 

enhancing the hot spot region as shown in Figure 6.10 (a). A fused image of all the three 

polarimetric indices (CPR, HV/HH, and HVVV) images is shown in Figure 6.10 (b), which 

indicates that the fused image has fallen short to effectively retrieve any relevant information 

about the hot spot regions. Therefore, both vegetation and polarimetric indices images have 

been fused together as shown in Figure 6.10 (c) and found that the fused images have the 

capability to separate both hot spot and non-hot spot regions with better detection accuracy. 

Similarly, image fusion process is applied sequentially on to all images. It is observed from 

Figure 6.10 (d) – 6.10 (i) that the subsurface hot spot region is enhanced which is shown as 

dark and non-hot spot region shown as bright. Hence, the fused images visually indicate that 

these images are capable of classifying both potential hot spot and non-hot spot regions. 

6.4.5.  Step 5: Quality assessment of fused images 

The quality assessment parameters such as RMSE, PSNR, RMD and UQI are calculated from 

equations 6.17, 6.18, 6.19 and 6.20, respectively, as shown in Table 6.3. RMSE values are 

calculated between GEMI, MSAVI, CPR, HV/HH, HV/VV and their resultant fused images 
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(i.e. FI_05 to FI_10), while PSNR, RMD, and UQI are calculated between GEMI and MSAVI, 

and fused images (i.e. FI_05 to FI_10). 

Table 6.3. Quality assessment of fused images from (FI_05 to FI_10). 

 

 

 

 

 

 

 

 

 

From Table 6.3, it is observed that RMSE and RMD are producing the smaller values, 

while PSNR and UQI are producing the higher values for the considered fused images (i.e., 

FI_05 to FI_10) with respect to the MODIS and PALSAR images. Only RMSE smallest value 

presents that FI_08 image is retrieved as the better-fused image among all the six fused images, 

while the obtained smallest value of RMD and highest values of PSNR and UQI present that 

FI_05 image is retrieved as the best-fused image. Therefore, for further hot spot detection only 

FI_05 image is considered. 

6.4.6.  Step 6: Proposed Contextual Thresholding Technique 

The contextual algorithm presented by (Giglio et al. 2003) is useful only for active fire 

monitoring such as volcanos, but it is observed that to detect the subsurface hot spot and non-

hot spot regions this algorithm also has some limitations. It is also observed that Otsu's and 

entropy-based thresholding are also not able to detect the hot spots with better accuracy with 

these fused images because they report high false alarm rate (FAR). Their performance has 

been compared to the contextual thresholding technique. The median and standard deviation of 

images were computed to decide the rules for contextual thresholding which may be helpful to 

detect potential hot spots. A similar type of analysis has also been carried by Gautam et al. 

(2008b). The median is the center of the dispersion which is more descriptive and is less 

Sl. No. Image Id  RMSE PSNR RMD UQI 

1 FI_05 0.2182 19.1754 0.1356 15.2291 

2 FI_06 0.2176 17.6303 0.1595 13.3649 

3 FI_07 0.2192 15.9919 0.1885 10.8012 

4 FI_08 0.0677 11.7585 0.4783 02.3714 

5 FI_09 0.0697 10.1087 0.5705 01.9550 

6 FI_10 0.0746 08.5345 0.6696 01.4574 
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precise to intensity values that conceive it more desirable than means. The standard deviation 

indicates how tightly grouped a set of values nearby the median.  

Image statistics (mean and standard deviation) based critical analysis has been carried 

out for the different fused and unfused images and the following tests (as given in equation 

6.31 and 6.32) have been found useful by which hot spots can be detected. 

Test 1: (6.31)m   

Test 2: [ ( )], [ ( 1) ] (6.32)m n and m n            

Where, m  is Median of the whole image,   is the standard deviation of the whole 

image and   represent the final fused image to be thresholded. In the above tests, n is taken as 

constant and it is greater than one. Test 1 (as given in equation 6.31) and test 2 (as given in 

equation 6.32) are applied to ensure that the pixels corresponding to the hot spots must satisfy 

both the condition and marked as desired hot spot pixels. In test 2 ( ) and ( 1)n n   are 

subtracted from the median to satisfy the condition of the applied algorithm to eliminate cloudy 

pixels that can be detected as hot spots and to eliminate the false alarm, which is produced 

because of the high reflectivity from the rocks and bare soil (Gautam et al. 2008b). After a 

critical analysis, the term ( 1)n   was found to be better criteria in comparison to 

( 2), ( 3),n n  etc., to separate the hot spot and non-hot spot pixels. Flow chart of the used 

contextual thresholding technique is shown in Figure 6.11. It is crucial to select the value of 'n' 

for the performance optimization of the used contextual algorithm. To select the suitable value 

of 'n', analysis based on the HDA (as given in equation 6.33) and FAR (as given in equation 

6.34) has been carried out for different values of 'n'.  

CorrectlyDetected Hotspots
HDA (6.33)

TotalHotspotsThat Exist
  

IncorrectlyDetected Hotspots
FAR (6.34)

Total No. of pixels-TotalHotspots that Exist
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6.4.7.  Step 7: For the Selection of the Value of 'n' 

To classify the hot spot and non-hot spot pixels contextual thresholding technique as discussed 

in section 6.4.6 has been applied to all the fused and unfused images (i.e. GEMI, MSAVI, CPR, 

HV/HH, HV/VV and FI_01 to FI_10). It is observed that both Ostu’s and entropy-based 

thresholding techniques are not working so efficiently in terms of HDA and FAR as shown in 

Table 6.4. Therefore, there is a need to use a contextual thresholding to detect the hot spot with 

better accuracy and less false alarm.   

Non-hot SpotHot Spot

Calculation of Median &

Standard Deviation

Yes

Yes

No

No
m 

[ ( )],

[ ( 1) ]

m n and

m n

 

 

 

 

 

  

Fused Image/Unfused Image

 

Figure 6.11. Flow chart of hot spot detection technique. 

The proposed tests as given in equation (6.31) and (6.32) have been applied to all 

unfused and fused images of FD3 data of Figure 6.9, to evaluate the HDA and FAR as given in 

equation (6.33) and (6.34). HDA and FAR have been calculated for each data set while 

changing the value of ‘n’ from 1.1 to 3 at the interval of 0.1. After the critical analysis, Table 

6.4 shows the HDA and FAR obtained from the different vegetation indices, polarimetric 
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indices and all the possible combinations of fusion between polarimetric and vegetation indices 

images for the value of   2.8n  . The performance of the applied hot spot detection algorithms is 

shown in Table 6.4. Sl. no. 2 to 6 shows HDA and FAR values for unfused vegetation and 

polarimetric indices images, where it is found that GEMI has the potential to detect hot spots in 

comparison to MSAVI because GEMI gives less FAR and better detection accuracy. While 

polarimetric indices images are fallen short in the detection of hot spot pixels because these 

images indicate high FAR and low HDA. Fused image of all three Polarimetric indices (i.e. 

FI_03) also gives very low HDA. Fused images of vegetation and polarimetric indices specify 

that these images are capable of detecting hot spots with better detection accuracy and low 

FAR from sl. no. 9 to 15 of Table 6.4. From Table 6.4, it is observed that sl. no. 10 (i.e. FI_05) 

is giving the best performance for the detection of hot spots with less FAR. Therefore, for 

further study this combination (fused image of GEMI and CPR) is only used. 

Table 6.4. The performance of the proposed contextual algorithm (for n=2.8) for hot spot 

detection evaluated for vegetation and polarimetric indices images as well as fused images of 

MODIS and PALSAR for Jharia coal field region. 

S.  

No 

Images Proposed 

Contextual 

Thresholding 

Otsu’s 

Thresholding 

Entropy Based 

Thresholding 

 HDA % FAR %  HDA %  FAR% HDA % FAR % 

1. GEMI 60.67 3.45 100 21.28 96.00 06.99 

2. MSAVI 34.89 4.14 92.22 26.39 55.78 05.68 

3. CPR 1.56 3.62 62.89 50.71 98.89 95.63 

4. HV/HH 1.33 2.51 68.44 54.62 100 98.51 

5. HV/VV 0.22 1.27 76.00 58.26 100 98.63 

6. FI_01 60.00 3.64 100 22.85 92.00 06.72 

7. FI_03 1.11 2.48 70.44 54.60 99.33 95.71 

8. FI_04 45.56 2.01 88.00 52.96 100 93.33 

9. FI_05 81.59 1.08 100 34.41 100 03.83 

10. FI_06 75.78 1.35 100 38.40 83.33 02.67 

11. FI_07 50.89 1.48 100 47.95 100 94.49 

12. FI_08 42.67 3.45 96.44 36.23 100 97.39 

13. FI_09 32.67 3.06 96.22 44.03 100 95.83 

14. FI_10 21.33 2.25 94.89 49.91 100 91.51 



Fusion Approach for Hot Spot Detection  

159 

 

 To evaluate the value of ‘n’ for satisfying the equation (6.33) and (6.34), PAL1 data 

was also fused with MOD1, MOD2 and MOD4 data sets, which cover the same study area of 

the hot spots region. Fused data FD1, FD2, and FD4 were also used for the testing and 

 

Figure 6.12. HDA values of fused images of FI_05 for the data FD1 to FD4. 

 

Figure 6.13. FAR values of fused images of FI_05 for the data FD1 to FD4 
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development of the contextual thresholding as shown in Figure 6.12 and Figure 6.13, and it is 

observed that FI_05 image has shown the high HDA and low FAR and for all the fused data 

sets. Therefore, FI_05 is taken as the best-fused image to see the effect of the different values 

of 'n' on HDA and FAR.  

HDA and FAR for different value of 'n' are shown in Figure 6.12 and Figure 6.13, and it 

is observed that HDA is increasing while FAR is decreasing with the increasing value of n. 

HDA stops increasing at a particular value of n (nc). From Figure 6.12 and Figure 6.13, it is 

observed that approximate maximum HDA and minimum FAR for all the data sets is obtained 

at n = 2.8. 

6.4.8.   Step 8: Application of Proposed Thresholding Technique to Detect the 

Hot Spot   

The proposed contextual thresholding algorithm as discussed in subsection 6.4.6, has classified 

the desired input fused or unfused image into two classes as hot spot and non-hot spot. 

Additionally, pixels falling in test 1 (as given in equations 6.31) and test 2 as given in equations 

(6.34) ranges are assigned as hot spot pixel otherwise non-hot spot pixel as shown in Figure 

6.11. After an exhaustive analysis, it is observed that an optimal value of ‘n’ was retrieved as 

2.8 for maximum HDA and minimum FAR from all the fused data sets as shown in Figure 6.12 

and Figure 6.13, and it is observed that the detection criteria work successfully for most of the 

images which were applied to specify whether a particular pixel belongs to hot spot or non-hot 

spot. For performance comparison, the calculated HDA and FAR for all the fused and unfused 

images are tabulated in Table 6.4, and it is observed that FI_05 image of FD3 data is detecting 

the hot spots more accurately with better HDA as 81.59% and low FAR as 1.08% for the value 

of ‘n’ as 2.8. So, final resultant image is shown in Figure 6.14, in which detected hot spots are 

shown as white color pixels. 
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Figure 6.14. The final image of FI_05 through proposed thresholding technique. 

6.4.9.  Step 9: A critical analysis to develop the empirical relationship to 

obtain the optimum value of ‘n’ 

Curve fitting in Figure 6.12 and Figure 6.13 has been applied to obtain the relation between 

HDA and FAR and best fitted relation are obtained with respect to the equations (6.35) and 

(6.36), where the relatively higher R
2
 values are obtained and illustrate the high correlation 

between HDA, FAR and the different values of n were 1 1 1 2 2 2, , , , anda b c a b c  are constants 

as shown in Table 6.5. The R
2 

value obtained for each fused data (FD1 to FD4) is greater than 

0.96, with 95% confidence level which indicates that obtained relationship is acceptable.  

1HDA (6.35)
1

11

a

n c

b
e

 
 
 
 
 








 

2FAR (6.36)
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21
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n c
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 For the mathematical formulations in equation (6.35) and (6.36), to determine the 

overall goodness of fit for each fused data (FD1 to FD4), Shapiro-Wilk (SW) test is applied 

with the 5% significance level for the variance comparison. The attained SW value and its 

corresponding p-value are shown in Table 6.6, and the obtained p-value is greater than the 0.05 

(5% significance level). The critical value for 20 numbers of samples for 5% significance level 

is 0.905. From Table 6.6, it is observed that if the obtained SW value is greater than the critical 
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value and the p-value is greater than the 5 % significance level, it specifies that the obtained 

relationship for HDA and FAR is highly significant. 

Table 6.5. Mathematical formulations of HDA and FAR with constants and corresponding R
2
 

values. 

Fused 

Data 

 1 1( )/

1HDA /1
n c b

a e
 

   
 2 2( )/

2FAR /1
n c b

a e
 

   

1a  1b  1c  R
2
 

2a  2b  2c  R
2
 

FD1 77.3193 0.1958 2.1749 0.9651 43.0377 -0.415 1.5124 0.9989 

FD2 83.287 0.1806 2.1902 0.9797 49.8542 -0.4375 1.359 0.9993 

FD3 76.3335 0.2206 2.1215 0.9668 35.6094 -0.3472 1.7648 0.9989 

FD4 76.7628 0.2043 2.1417 0.9668 39.2439 -0.3851 1.6297 0.9987 

Average 

value of 

constants  

78.4256 0.2003 2.1571  41.9363 -0.3962 1.5665 

  

 In the final equation, these average values of constants have been used and equations 

(6.35) and (6.36) are rewritten as equations (6.37) and (6.38) 

1_
HDA (6.37)
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1_
1
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av
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b
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2_
FAR (6.38)
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b
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 Where, 1 1 1 2 278.4256, 0.2003, 2.1571, 41.9363, 0.3962av av av av ava b c a b         

and 2 1.6297avc   are the average values of the constants as shown in Table 6.5. 

Table 6.6. Results of SW test executed to determine the goodness of fit for the obtained 

relationship (6.35) and (6.36). Significance level = 5%, Confidence level =10%,  

Critical value = 0.905 

Image 

ID 

HDA (5% 

Significance Level) 

FAR (5% 

Significance Level) 

Calculated 

SW Value 

P 

Value 

Calculated 

SW Value 

P 

Value 

FD1 0.9605 0.6672 0.9776 0.9000 

FD2 0.9567 0.4795 0.9790 0.9204 

FD3 0.9204 0.1007 0.9587 0.5177 

FD4 0.9159 0.0827 0.9454 0.3029 
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6.4.10.  Step 10: Mathematical formulation of the problem for the 

optimization of the value of 'n' 

6.4.10.1.  Definition of the problem 

Functions ( )and ( )HDA n FAR nf f have to be optimized in such a way that ( )HDA nf should be 

maximized and ( )FAR nf should be minimized. After optimization, it should be retrieved in the 

range of 1 and 3, and the optimized value of n should satisfy user-defined constraints (i.e. HDA 

and FAR) in order to find a feasible solution. 

6.4.10.2.  Mathematical formulation of the problem 

The above-mentioned problem is solved by using the genetic algorithm based multiple 

objective optimizations and it can be mathematically defined as 

1

2

( )

( )min ( )
f n

f nF n   

where 

 ( )/
1 1( ) ( ) ( / 1 ) (6.39)

1 1

n c b
av avf n fHDA n a e

av

 
     

  

 ( )/
2 2( ) ( ) ( / 1 ) (6.40)

2 2

n c b
av avf n fFAR n a e

av

 
   

  

where 1 1 1 2 278.4256, 0.2003, 2.1571, 41.9363, 0.3962av av av av ava b c a b           and 

2 1.6297avc    are average values of the constants as given in Table 6.6, and used to optimize 

the above-mentioned problem. 

Subject to  

( )

( ) , 1.1 3 (6.41)

HDA

FAR

n lb

FAR n ub

fHDA

f n



  
 

To evaluate the performance of the algorithm, user specified limitations have been 

provided to ensure that the algorithm should always satisfy the requirements specified by the 

user. It may be possible that there is no feasible solution for user specified limits of HDA and 

FAR, then, the user can specify other limits. For the above-mentioned problem as given in 

equation (6.41), HDA has been taken from 75% to 80% and FAR have taken less than 2%, 

respectively, and the optimized value of ‘n’ is retrieved as 2.7. 
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6.4.11.  Validation of the Contextual Thresholding Algorithm 

To validate the performance of the proposed contextual thresholding technique as discussed in 

section 6.4.6, it is tested on another fused data set as FD5 (i.e., fusion of Data Id-PAL2 and 

MOD5) and the same area of interest of Jharia coal field (JCF) region was taken to validate the 

developed algorithm. Thus, to solve the developed relationship as given in equation (6.41) for 

FD5 data, HDA is taken as 75% to 80% and FAR is taken as 2% to 3% and the optimized value 

of ‘n’ is retrieved as 2.7.  

Now to obtain the hot spot detected an image, a similar type of performance analysis as 

discussed in subsection 6.4.7, has been carried out onto the fused and unfused images of fused 

data set of FD5. The proposed contextual thresholding tests as given in equations (6.31 and 

6.32) have been applied to the value of ‘n’ from 1.1 to 3 at the interval of 0.1 in terms of HDA 

and FAR. After critical analysis, it is observed that FI_05 image of FD5 data is detecting the 

hot spots more accurately with better HDA as 74.39% and low FAR as 2.27% for the value of 

‘n’ as 2.7. Figure 6.15, shows the hot spot detected image. From Figure 6.15, it is observed that 

the proposed contextual thresholding algorithm performs in the same manner as it is behaving 

for the data sets used for the development. To obtain the similar kind of performance, it can 

also be obtained in the future for other SAR and MODIS images as it was developed for the 

particular region of interest to detect the potential hot spots. 

 

Figure 6.15. Validated Thresholded image. 
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6.4.12.  Comparison with Commonly used Techniques 

Final images were compared with commonly used thresholding techniques, i.e., Otsu’s (Figure 

6.16 (a)) and entropy-based thresholding (Figure 6.16 (b)) which were applied on the obtained 

resultant image (i.e. FI_05). It is found that the images thresholded by Otsu’s and entropy-

based thresholding techniques are also capable of detecting hot spots with very high HDA as 

100%  and 34.41%, but also shows very high FAR as 100% and 3.83%, respectively, while 

used contextual thresholding technique shows the least FAR with better HDA for detected hot 

spots. 

  

(a) Thresholded image retrieved from 

Otsu's thresholding 

(b) Thresholded image retrieved from 

Entropy-based thresholding 

Figure 6.16. (a) Thresholded image retrieved from Otsu's thresholding and  

(b) Thresholded image retrieved from Entropy-based thresholding 

6.5.  Conclusion 

In this chapter, a contextual algorithm was proposed to explore the potential of PALSAR 

satellite data after fusing with MODIS satellite data to detect the hot spots in the Jharia 

coalfield region of India, which could be useful for other affected regions and it can be applied 

to the same kind of data taken from other SAR and optical satellites. After the critical analysis 

of PALSAR and MODIS data, it was observed that fused image of PALSAR and MODIS data 

are enhancing the hot spot region and has the capability to discriminate the hot spot and non-

hot spot pixels. Several indices were used to extract relevant information from the satellite 

images. Vegetation indices like GEMI and MSAVI and polarimetric indices like CPR, HV/HH, 



Chapter 6 

166 

 

and HV/VV are extracted from MODIS and PALSAR data, respectively, and found suitable for 

hot spot detection. GA based Image fusion technique is applied to fuse information extracted 

from indices of MODIS and PALSAR satellite images for hot spot detection. Moreover, a 

continuous genetic algorithm is used to solve optimized weights on both satellite images for 

image fusion. Further, a contextual algorithm has been proposed and implemented to detect hot 

spots by applying the rule-based tests on the fused image. Results of proposed approach were 

compared with the Otsu’s and entropy-based thresholding and it is observed that the proposed 

approach is giving better results in comparison to the other two methods. The proposed 

contextual technique exhibits better hot spot detection accuracy with lesser false alarm rate than 

the commonly used thresholding based methods. Although MODIS provides a special product 

MOD14A2 for fire mapping, but this special product is not only sufficient for hot spot 

detection and it is found that the proposed technique gives better results and has the potential to 

detect hot spot with better accuracy and less false alarm rate. In order to make the automated 

model, a mathematical expression has been developed and it was applied on four other fused 

data set as per the fusion scheme. A non-linear multi-objective optimization problem has been 

formulated to observe the influence of the model constraint (i.e., n) on the hot spot detection 

parameters in terms of HDA and FAR. Genetic algorithm based multiple objective 

optimizations has been used to solve the non-linear multi-objective optimization problem 

where the constraints for the model performance can be specified by the end users. The 

performance of the algorithm was analyzed for the other fused set of data (Data Id-PAL2 and 

MOD5) and it is observed that contextual algorithm working efficiently in detecting the 

potential hot spot pixels up to the detecting accuracy of 74.39%. The proposed technique may 

be further useful to develop the hot spot detection system with satellite data. 
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Chapter 7      

 Conclusions and Future Scope 
 

This chapter presents the concise overview of the layout, results and major inferences of the 

research work. The scope of the work and possibilities to extend it further constitute the later 

part of the chapter. 

7.1.  Contributions of the Thesis 

The Present work started from the observation that a number of satellite images are available 

for various applications, especially for land cover applications, but it is important to select a 

proper satellite image for the land cover classification. Satellite image properties like resolution 

and band values are main important parameters for classification. Subsequently, the primary 

point of this research work is to augment the utilization of freely accessible satellite images, 

particularly MODIS, which comprises 36 spectral bands and each band as designed such as to 

observe special properties of land, atmosphere, etc., but for land cover classification its 

resolution is not adequate and it is observed that MODIS images are not able to provide high 

classification accuracy. Therefore, to make the maximum utilization of available satellite 

images. 

1. A critical analysis has been carried out to check the performance of the classification 

techniques for MODIS and PALSAR data.  

2. KLT tracker has been implemented successfully to monitor the agricultural areas 

effectively and efficiently and further changes have been detected in agricultural areas. 

3. To monitor the time series changes, harmonic analysis has been applied and a PDF 

based novel and innovative classification technique have been developed and classified 

image has been used as a reference image to mask the water and urban areas. The 
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changes during annual and half yearly period have been observed. Further, unimodal 

and bimodal agricultural areas have been monitored effectively. 

4. Surface hot spots or subsurface hot spots are still challenging because researchers have 

used maximally optical images, but the use of SAR images is still missing. To explore 

the utilization of SAR data, a fusion of SAR and optical images has been enhanced and 

the useful information has been extracted to detect the hot spot. 

These four major parts are divided into four chapters in this thesis, i.e., chapter 3, 

chapter 4, chapter 5 and chapter 6. In fulfilling these major task MODIS and PALSAR images 

are used. 

Chapter 3, represents the critical analysis of supervised, unsupervised and optimization 

methods based techniques. The land cover classification has been carried out on PALSAR data. 

To apply the classification techniques on PALSAR images, a lot of complexities are involved 

in the process. Although various techniques and algorithms are reported for classification of 

SAR images, but still, uncertainty exists in the classification methods. Land cover classification 

techniques were critically analyzed by applying the supervised and unsupervised classification 

techniques and optimization methods based techniques onto the MODIS and PALSAR images 

of the Roorkee region to classify it into the four major classes (i.e. urban, water, bare land and 

agriculture). 

Chapter 4 discusses the automatic change detection algorithm development. In recent 

years, understanding and prediction of the mass of vegetation and productivity have become 

gradually significant, specifically with advances in the economic valuation of the environment 

due to land use and climate change. Fully polarimetric Synthetic aperture radar (SAR) data 

provide a good option for monitoring the vegetation because it has the capability to provide 

appropriate and unaffected data without being strongly affected by atmospheric conditions and 

cloud cover. Therefore, in this chapter, the possibility of application of Kanade-Lucas-Tomasi 

(KLT) tracker to track agricultural areas with PALSAR satellite images has been explored, 

which is generally quite useful for monitoring or tracking the objects in the video images. KLT 

tracker has produced the agricultural areas identified effectively from the reference image and 

tracked accurately in the second image. Agricultural areas identified and tracked images are 

further used detect the changes in agricultural areas by applying the change detection 

techniques. 
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Chapter 5 explores the utilization of MODIS normalized difference vegetation index 

(NDVI) time series data for land use classification to identify the agricultural areas growth 

cycle (i.e., unimodal and bimodal information). Monitoring of agricultural land in particular 

regions is still a challenging task. Many researchers have performed land use classification onto 

the time series data by various classification techniques, but these techniques have some 

disadvantages predominantly in moist tropical regions due to limitations of satellite data and 

complex biophysical environmental conditions. Therefore, in this chapter, an attempt has been 

made to develop such a monitoring technique by which nature of agricultural areas variations 

may be obtained by utilizing the MODIS time series images. 

Chapter 6 presents the hot spot detection, which are also known as subsurface fires. 

subsurface fires pose a serious threat to natural resources and cause significant societal and 

environmental degradation. Therefore, we have considered a hot spot monitoring as one of the 

parts of land surface monitoring. Several researchers have used TM/optical data for 

identification of hot spot, but the main challenge with optical images is that they have some 

limitations due to cloud coverage, while SAR images are unaffected by clouds and haze and 

these images may provide valuable information over burned areas but the use of SAR data is 

very limited for this type of application. SAR images have not only been used for several 

ecological applications like vegetation monitoring and estimating biomass, but also used for 

burned area monitoring. It is also observed that NIR is the most suitable spectral band in optical 

images for hot spot monitoring because hot spot regions are generally characterized by a low 

reflectance in the NIR band in correspondence with the subsurface fire due to the loss of 

vegetation and the presence of ash and charcoal. Therefore, this work explores the possibility of 

fusion of SAR (i.e., PALSAR data) and Optical (i.e., MODIS) data which may provide the 

complementary information and for this purpose, vegetation greenness and roughness 

information which is obtained from MODIS and PALSAR satellite images respectively are 

used for fusion by using the genetic algorithm (GA) based pixel level image fusion method, 

which is efficiently optimized the weights of source images for fusion. A contextual 

thresholding algorithm is also developed, which consists rule-based tests to detect the hot spots. 

It takes the fused or unfused image as the input image and by employing the rule-based tests; it 

provides the output image as the hot spot detected image. False alarm rate (FAR) and hot spot 

detection accuracy (HDA) are taken as the performance parameters. 
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7.2.  Future scope 

Taking the ground of findings from the implementation of the problems stated in section 1.2, 

and observed scope for further research in this area is outlined below: 

 After doing the critical analysis of supervised, unsupervised and optimization methods 

based classification techniques, observed that although these techniques are good and 

some of them producing quite good results but these techniques are affected by various 

factors such as supervised classification techniques require a precise a priori 

information for each class before classification. Further, they are based on the distance 

measure, which may lead a misclassification of pixels lying on the boundary of two 

classes. On the other hand, unsupervised classification methods do not require training 

samples, i.e., a priori information; however, they too can misclassify the pixels. So, it is 

observed that it may be difficult to use these techniques for change detection or 

monitoring purpose. So, in future, some other classification technique is required to 

enhance the land cover information. 

  It is observed that the KLT tracker may be efficiently used for monitoring the land 

cover with satellite images. The results obtained by KLT tracker for tracking the 

agricultural areas with PALSAR data are quite encouraging. On the basis of tracked 

agricultural areas, change map can be generated by simple means of image 

differentiation or ratioing and positive and negative changes can be estimated easily. 

After obtaining the KLT tracker parameters, no a priori information was required for 

future date processing for monitoring. The main advantage of KLT tracker tracking is it 

does not require any type of time taking image registration technique for feature 

selection part or feature tracking. In the future, the KLT tracker can also be used for 

specific regions (i.e. City or District wise) based automatic change detection in real time 

application like monitoring the agricultural area for very low-resolution images. 

 A PDFs based decision tree classification  algorithm has been proposed to classify the 

time series data into four major land cover classes such as agriculture, bare soil, water 

and urban classes and it is observed that it has good potential for land cover 

classification for freely available satellite data. Quite good classification accuracy has 

been achieved for MODIS data and it can be easily adopted for any year MODIS NDVI 

time series data. The classified image is further used for unimodal and bimodal change 
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pixels monitoring. First and second amplitude harmonic terms are used to extract the 

differences in seasonal variations of the agricultural and bare soil areas in terms of 

unimodal and bimodal agricultural areas variations to observe the temporal changes 

during the whole year. This type of work will be very useful for vegetation growth cycle 

monitoring in agriculture areas and mapping of the vegetation growth can be mapped in 

real time applications like Agriculture Information System (AIS).    

 Over the decades, emphasize has been laid down on controlling and preventing the fire 

caused by the hot spots in Jharia coal field of Jharkhand, India. In this paper, the 

growing potential of PALSAR satellite images has been explored towards the detection 

of hot spots.  Several indices were used to extract relevant information from the satellite 

images. Vegetation indices like GEMI and MSAVI and polarimetric indices like CPR, 

HV/HH, and HV/VV are extracted from MODIS and PALSAR data respectively and 

found suitable for hot spot detection. Image fusion technique is applied to fuse 

information extracted from indices of MODIS and PALSAR satellite images for fire 

detection. Moreover, a continuous genetic algorithm is used to solve optimized weights 

on both satellite images for image fusion. Further, the contextual algorithm was 

implemented on fused images to detect the hot spots by applying the rule-based tests on 

the fused image and results obtained from proposed approach were compared with the 

Otsu’s and entropy-based thresholding and it is observed that the proposed thresholding 

algorithm is detecting hot spot more accurately. Although MODIS provides a special 

product MOD14A2 for fire mapping, but this special product is not only sufficient for 

hot spot detection and it is found that the proposed technique gives better results and 

has the potential to detect hot spot with better accuracy and less false alarm rate. In 

future, developed algorithm can be easily adapted for similar types of fused image of 

any other region.   
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Appendix A 
 

A.1. Few Agriculture Fields   

  

(a) Field Photograph was taken on 16
th

 January 

2010 

(b) Field Photograph was taken on 9
th

 

September 2010 

 

 
(c) Field Photograph was taken on 30

th
 April 

2011 

(d) Field Photograph is taken on 31
st
 May 

2011 
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(e) Field Photograph was taken on 24

th
 June 

2011 

(f) Field Photograph was taken on 18
th

 

November 2011 

  

(g) Field Photograph was taken on 20
th

 

November 2011 

(h) Field Photograph was taken on 20
th

 

November 2011 
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(i) Field Photograph was taken on 10
th

 October 

2012 

(j) Field Photograph was taken on 10
th

 

October 2012 
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