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ABSTRACT 
 
 
The country's economic growth and development strongly rely on urbanization. Rapid and 

precise urban planning is required for a greater way of public living and to accommodate 

an ever-increasing number of inhabitants in the city area because of rural to urban 

migration. Remote sensing technology is utilized in urban expansion planning and design. 

With the increasing need for classifying multispectral satellite images for urban planning, 

the accuracy of the classification becomes a significant performance parameter. The 

demonstration of more accurate satellite image classification method for urban land 

management is the main objective of this thesis. In the past decade, it is proven that 

satellite image classification using an object-based technique is better than the standard 

pixel-based technique.  

 

The comparative analysis of existing benchmark classifiers for object based classification 

(OBC) of IRS Resourcesat-2 LISS IV satellite images has been investigated. This analysis 

has illustrated higher accuracy for random forest (RF) classifier compared to others but at 

cost of higher computation time. The new OBC method is proposed to address this issue by 

integrating extra trees and AdaBoost SAMME classifiers algorithms with two levels of 

parameter optimization. The segmentation phase of the proposed OBC technique has been 

executed using the scalable Shepherd algorithm. The performance of the proposed 

AdaBoosted extra trees classifier (ABETC) method is found better in terms of overall 

accuracy (OA) and kappa coefficient (KC) compared to standard classifiers like decision 

tree (DT), RF, extra trees classifier (ETC), and AdaBoosted random forest classifier 

(ABRFC) for OBC of  IRS R-2 LISS IV images. The highest overall accuracy (OA) of 

96.04% and kappa coefficient (KC) of 0.94 has been noted for a satellite image of the 

Vadodara city with objects based ABETC.  

 

The computational time of the ABETC is found to be much smaller than the RF algorithm. 

The sensitivity analysis showing the effect of the number of training samples used for 

training the supervised machine learning (ML) classifiers has been explored regarding the 

KC and OA with the Shepherd algorithm used as the segmentation step.  



x 
 

 

The process for identifying changes in a certain geographical area over time is called 

change detection. The proposed method is applied for urban built-up area change detection 

of three cities. The change detection findings revealed that Ahmedabad's built-up area 

increased by 87.39 sq km between 2011 and 2020. During the tenure of seven years, 

Vadodara and the Rajkot city's built-up part have grown by 17.24 sq km and 6.79 sq km 

respectively. 
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CHAPTER 1 

Introduction 

1.1 Introduction 

 

Over the last few decades, the world's population has increased dramatically, and our 

economies have been more industrialized, resulting in a major increase in the number of 

people moving to cities. Urbanization is the term for this process. In general, urbanization 

is a crucial component of a country's economic progress and development. Jobs in industry 

and the professions, as well as increasing educational and entertainment options, attracted 

them. When a city's population disperses over a larger geographical area, this is referred to 

as urban sprawl. As cities grow, they typically begin to take up large areas of land that 

were formerly used for farming as they shift from higher-density urban centers to lower-

density suburbs. People's dwellings are likely to be farther distant from where people work 

and the facilities they like; therefore sprawl increases the need for infrastructure 

improvements, such as roads.  

 

Though urbanization is a global phenomenon, it is particularly widespread in India, where 

cities have grown at an unprecedented rate in the last 30 years. Urbanization has created a 

good foundation for the growth of production, revolution, and commerce in the 

infrastructure and service sectors in a country like India. This revolution has employed 

millions of citizens, and there are numerous job prospects in a variety of businesses, 

particularly in the computer and technology sectors in urban regions. However, when 

people migrate in quest of a better quality of life, urban planners and management 

authorities face obstacles such as overpopulation, housing, slum settlements, 

transportation, waste disposal, pollution, and environmental concerns. City planners lack 

the means to measure, monitor, and analyze urban sprawl processes in this uncontrolled 

situation.  
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For analyzing these changes, remote sensing techniques have become a significant 

computation tool. To determine the condition of the available abilities, urban planners 

require a considerable amount of data both during the planning process and when the plan 

is implemented. As a result, remote sensing data provide accurate, ordered, and dependable 

information for town or city planning and management. Change detection analysis can be 

greatly aided by remote sensing techniques. Remote sensing technology combined with a 

vast volume of easily accessible satellite images can be an efficient and easy way to 

research urban sprawl.  

 

The most important approach in remote sensing for the computational study and pattern 

recognition of remotely sensed data is satellite image classification. Satellite image 

classification is a difficult problem that encompasses remote sensing, machine learning, 

and computer vision. The classification process' objective is to sort all of the pixels in a 

digital image into one of the numerous groups. Multi-spectral data are typically employed 

for classification, and the spectral pattern found within the input for each pixel is used as 

the numerical foundation for categorization.  

 

1.2 Remote Sensing Technology 

 

The process of remotely assessing an object to get data about it, at a certain distance, 

without actually touching it is known as remote sensing (RS). In addition, the term "remote 

sensing" describes the collection and analysis of data about the earth as it is perceived from 

space or at a distance using electromagnetic radiation that is reflected, emitted, and 

diffracted by the things being sensed. There is a pressing need for new, quicker ways to 

collect data that improve accuracy and efficiency for better resource management and 

preservation because the current techniques are cumbersome and time-consuming. Due to 

the remotely sensed data's ability to repeatedly provide a synoptic view of a large region in 

different spectral bands and spatial resolution as well as its quick processing and analysis, 

remote sensing techniques have shown their potential in gathering data on resources more 

quickly and accurately. More solutions for remote sensing applications are now 

conceivable because of technological advancements in science and recent technology. The 

mapping of land use and land cover, urban planning and management, agriculture, forestry, 
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geology, and other fields have all prospered from the application of this technology. 

Images that have been remotely detected can be acquired using passive or active sensors. 

For processing and land cover mapping, remotely sensed imageries from various spectral 

resolution thematic sensors of many satellites are used.  

 

The electromagnetic spectrum's distinct wavelength intervals, known as spectral bands, 

serve as the foundation for remote sensing. Remote sensors and satellites use one or more 

spectral bands to create their images. Numerous methods have recently been developed for 

automatically extracting relevant information from intricate high-resolution satellite 

photos, along with higher system accuracy. The science of remote sensing has made 

considerable strides in recent decades, helped along by improvements in supporting 

technologies like Geographic Information Systems (GIS), sophisticated image processing 

methods, and especially strong computing systems. The GIS has the capacity to easily 

store, organize, retrieve, classify, alter, analyze, and show vast amounts of spatial data and 

information. All land and natural resource management applications use integrated RS and 

GIS methodologies. It has been possible to create land use maps at multiple levels 

depicting categories of land under diverse uses in both spatial and statistical forms due to 

remote sensing and GIS techniques. Due to these quick advancements, earth observation 

research and advancement are now at the top of the scientific venture. The specialists in the 

sector must comprehend and absorb a vast array of new approaches and concepts that have 

developed during this advancement in order to perform effectively.  

 

The importance of studying earth system processes has also increased in light of growing 

worries about the earth's ability to support life as we know it as a result of growing human 

intervention with natural systems. It has been of considerable scientific significance to use 

proper modeling and algorithm development to infer information about geophysical 

characteristics from the radiation field detected by satellites when it is reflected or emitted. 

The generalized remote sensing method and its stages are depicted graphically in Fig.1.1. 

 

The material reality under observation is analyzed and examined with the aid of an RS 

system, and the process can be divided into different phases due to the interaction between 

incoming radiation and data collection.  
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FIGURE 1.1 Remote Sensing 

 

A. Energy Source: The first prerequisite for remote sensing that emits 

electromagnetic radiation based on the target of interest is an energy source.  

B. Atmosphere and Radiation: As the energy moves from source to target through 

the atmosphere, it interacts and comes into contact with it. As the energy returns 

from the target to the sensor, this contact occurs once more. 

C. Interaction with Object: After passing through the atmosphere and coming into 

contact with the object, the energy interacts with it based on electromagnetic 

radiation and the object's unique characteristics. 

D. Energy Captured by the Sensor: After the energy is scattered or emitted from the 

target, a distant sensor is needed to collect and record the electromagnetic radiation.   

E. Reception, Processing, and Transmission: The sensor captures the energy that the 

processing earth station transmits and receives. Electronically received energy or data 

is processed at the processing station. 

F. Investigation and Synthesis: This process is carried out at the processing station, 

where the lighted pictorial data is analyzed employing a variety of viewing and 

interpreting tools. Here, digital data can also be investigated using a computer. 

G. Application: The information derived from the processed data is subsequently 

compiled as computer files or on maps. Finally, this information is made available to 

users who employ certain methods to solve a certain problem.   
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FIGURE 1.2 Electromagnetic Spectrum 

 

The sensors, which produce acoustic or electromagnetic (EM) radiation, obtain the remote 

sensing images. Although there are many wavelengths in the electromagnetic spectrum 

(Fig. 1.2), not all of them are equally effective for distant sensing. All substances radiate 

energy in the electromagnetic spectrum based on their properties, which are utilized to 

identify the target items. Any object's reflectance and emittance at various wavelengths 

exhibit a pattern that is unique to it and is referred to as its spectral signature. The true 

distant sensor, the human eye, recognizes objects using the visible spectrum. Ultraviolet 

and infrared rays are used to capture the majority of remote sensing data. Sensors are tools 

that keep track of electromagnetic spectrum-based responses from things. A couple of 

examples of sensors include cameras and scanners. A platform is a type of vehicle that 

contains sensors. A carrier falls under the categories of airborne, space-borne, and ground-

level platforms. A platform could include drones, aircraft, and satellites. One illustration of 

a platform at ground level is the towers and cranes. An illustration of an aerial platform is a 

helicopter, as well as low and medium-altitude aircraft. 

 

1.3 Types of Sensors 

 

Due to their panoramic view of the world, images from satellite-based remote sensing 

systems are a significant source of information about current land use and land cover [1]. 

Passive sensors are those that detect the earth's reflections and radiations, such as those 

caused by the sun. Active sensors are those that use their own energy to illuminate the 
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targets before measuring the radiations that are reflected or scattered off of them. The 

active and passive RS mechanisms are depicted in Fig. 1.3.  

 

Passive Sensor 

Passive sensors detect objects using energy from natural sources, typically the sun. It 

quickly measures the radiation reflected from the target. It makes use of the 

electromagnetic spectrum's visible, infrared, microwave, and thermal infrared 

wavelengths. Examples of passive sensors include accelerometers, sounders, hyperspectral 

radiometers, and spectrometers. It is employed in a variety of industries, including 

agriculture, biodiversity, disaster preparedness, climate change, and forest monitoring. 

 

 
 

FIGURE 1.3 Types of Sensors 

 

Active Sensor 

The active sensor, on the other hand, observes the object using its own power. It waits until 

the object has sufficient time to absorb and reflect the energy provided by the sensor. In the 

electromagnetic spectrum, a microwave is mostly used by an active sensor. Day and night, 

they keep an eye on the thing. Active sensors include scatter meters, radars, and LiDars. 

These kinds of sensors are used for a variety of tasks, including monitoring topography, 

groundwater, soil moisture, vegetation, weather forecasting, and coal mining operations. 
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1.4 Resolution Types 

 

The resolution of the image is defined as the number of pixels per inch. The more pixels 

per inch, the better and more detailed an image will be. Low resolution, medium 

resolution, and high resolution are the primary categories used to describe image 

resolution. While low and medium-resolution photographs have the details of an image's 

greatest feature, high-resolution images have the information of its tiniest feature. A 

sensor's data quality is determined by four fundamental resolutions, which include 

radiometric, spatial, temporal, and spectral resolution. 

 

 Spectral Resolution: Spectral range of the band used to capture the data is 

interpreted as spectral resolution. The human eye can only see the visible spectrum 

of light, but different types of satellites may portray radiation in various spectral 

regions in different ways. The spectral band's bandwidth will be smaller the more 

precise the spectral resolution. The number of spectral bands in an image (e.g., 2, 4, 

8, etc.) or the color of each band (e.g., blue, red, NIR, green, thermal, etc.) 

determine the spectral resolution of an image. Particular ground characteristics can 

be easily recognized using particular spectral bands (or combinations of bands). A 

hyperspectral image has hundreds of bands, whereas a panchromatic image only 

has one band (B&W), a color image has three bands, and a multispectral image has 

four or more bands (e.g., Red, Green, Blue, and NIR). The content that can be 

derived from the data for a specific application depends significantly on the 

selection and number of spectral bands for a specific sensor. 

 

 Spatial Resolution: The sensor's capacity to distinguish between the smallest 

things on the ground of various sizes is referred to as spatial resolution. It specifies 

the image quality in centimeters or meters. The spatial resolution, or level of 

information that can be seen, increases as the number of pixels in a satellite image 

of a given region increases. Each pixel in an image created by a sensor with a 

spatial resolution of 10 meters that is presented at full resolution corresponds to a 

10m x 10m region of the ground.  
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 Temporal Resolution: It describes how frequently a sensor captures an image of a 

specific region of the planet. It is the amount of time needed for the satellite to 

finish one orbit around the planet. It stands for the period of time during which a 

satellite will return to the same location on Earth. It may be measured in days, 

hours, or days per week. Most earth-observing satellites have a repetition rate and 

temporal resolution of 14–16 days. Multitemporal analysis can be performed using 

images of the same location obtained several times. They enable investigation of, 

for instance, seasonal changes in vegetation and the decades-long urbanization 

process. 

 

 Radiometric resolution: The ability of a sensor to distinguish between two 

surfaces based on the energy they reflect or emit is known as radiometric 

resolution. It describes how well the brightness differences in an image may be 

noticed; this is done by counting the amount of different shades of grey levels. The 

better minor changes in reflected or energy radiated can be quantified, the finer or 

better the radiometric resolution is. The radiometric properties represent the actual 

information content of an image, whereas the grouping of pixels reflects the spatial 

pattern of an image. 

 

1.5 Applications of Remote Sensing 

 

Each application has unique requirements for the satellite sensor's spectrum resolution, 

spatial resolution, and temporal resolution. Remote sensing has a wide range of potential 

applications in several domains.  The following describes a few of them. 

 

 Agriculture: The majority of the world's emerging countries are based on 

agriculture. In India, it provides a living for around 70% of the people and 

generates about 35% of the gross domestic product (GDP).  

 Crop production forecasting: The predicted crop production across a 

specified area is forecasted using remote sensing, as is the amount of crop that 

will be harvested under particular circumstances. The amount of crop that will 

be created in a specific farmland over a specific time period can be predicted by 

researchers.  
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 Crop Identification: Identifying crops has benefited greatly from remote 

sensing. The data from the crop's remote sensing photographs are gathered and 

brought to the labs for further analysis.  

 Crop condition assessment: The evaluation of each crop's health status relies 

heavily on remote sensing technology. The crop's quality is then assessed using 

this data. 

 Crop yield forecasting: Using diverse crop variables, including crop quality, 

soil and crop moisture levels, and crop cover of the land, remote sensing 

technologies may provide precise projections of the predicted crop output in a 

planting season. When all of this information is integrated, predictions of crop 

yield are almost always accurate.  

 

 Forestry: The most precious ecological resource with regard to global significance 

is the forest [2-3]. Numerous animal species can live there. They meet all of our 

demands, including those for firewood, lumber, the exchange of O2 and CO2, as 

well as papermaking supplies. But as a result of human intervention, the trees are 

rapidly disappearing. Reduced forest cover can cause major environmental 

problems such as soil erosion, flooding, a rise in CO2, extreme weather, and long-

term climate change. The following list contains the general forestry areas where 

remote sensing techniques can be applied. 

 

 Forest fire damage: Remote satellite data have been useful in locating and 

evaluating regions burned by forest ground fires. Additionally, using satellite 

sensors improves the ability to recognize hot spots in the forests that are yearly 

fire-prone. Such information is crucial for managing forests. 

 Forest conversion investigation: Maps of the forests' spatial change have been 

produced with the use of remote sensing satellites. It has made it easy to 

identify, keep an eye on, and stop forest encroachment and devastation. The 

data obtained from the multitemporal satellite and digit analysis during remote 

sensing have made this possible.  

 Monitoring and assessing forest cover: Through the use of many variables, 

remote sensing observations have made it possible to comprehend the processes 

and functions of the forest ecosystem. Forests can be divided into distinct 

biomass and communities based on factors like vegetation chemistry and 
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wetness, biodiversity, soil qualities, and vegetation structure. Keeping track of 

these characteristics enables experts to create regulations that safeguard forests 

and the environment as a whole. 

 

 Land Cover/ Land Use Mapping: In an urban setting, land is a very rare resource, 

hence mapping of land usage and cover is crucial for making the best possible use of 

the available area.  

 

 Regional Planning: Making land use maps can assist in tracking changes in 

land usage due to a growing population and changing lifestyles. We may use it 

to prepare development plans for rural and urban growth, plan our 

infrastructure, examine environmental risks, and more [2, 3]. Due to the 

population growth that is occurring so quickly and other connected issues, 

planning is essential for the environment. The fundamental data needed to make 

decisions and plans come from remote sensing technology.  

 Urban Planning: The rate at which a town's population is growing is referred 

to as town growth. Town planners can examine and keep track of the expansion 

of cities and the patterns of land use with the use of remote sensing data. 

Remote sensors also aid in the analysis of historical land use and land cover 

imagery time series. The growth of a town affects how people live there 

because of factors like education, urban resident security, and career prospects. 

Urban planners can benefit greatly from information provided by remote 

sensing that will enhance monitoring and provide pertinent data for planning 

and decision-making. 

 

 Water Resources: Remote sensing technology serves as an efficient way to gather 

data as water becomes a necessary resource for human survival. The dissolved organic 

material affects the radiation radiated from water bodies. As a result, the constituents of 

a water body can be understood by analyzing the spectral analysis of the radiant energy 

emanating from the water body. Ocean color, chlorophyll brightness, and the impact of 

ocean breezes can all be studied using the data collected by sensors. Almost all 

elements of the water cycle may now be measured directly and indirectly using 

satellite-based sensors [4-6]. These include the amount of precipitation, evaporation, 

surface water, soil moisture, lake and river levels, snow, and overall water storage. As 
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a result, these sensors are able to deliver crucial data to support managing water 

resources and tracking the development of dangers and their effects [7]. 

 

 Glacier and Snow: During the winter and summer, the areas covered by snow might 

alter significantly [2]. The shift in snow cover has an impact on the rivers that emerge 

from the Himalayas. Climate change also affects snow cover melting. Avalanche and 

hydrological applications can benefit from snow mapping in the Himalayan region. A 

big amount of ice sliding down a slope is what makes up a glacier. Along with the ice, 

it contains water, rock fragments, and ice crystals. RS pictures can be used for 

applications such as measuring glacier mass balance and glacial retreat. 

 

1.6 Digital Image Processing 

 

The method of creating digital pictures, such as photographs, printed texts, or artwork, 

using a digital camera, imaging equipment, or by scanning them as documents are known 

as digital imaging. A fixed number of pixels make up each image, which is subsequently 

allocated to a matrix and sequentially recorded by a computer. An image is a two-

dimensional geometric arrangement of dots called pixels, where each pixel represents a 

functional value proportional to the number of channels that are accessible [8-9]. This 

functional value that corresponds to a pixel position can be thermal radiation, radio wave 

intensity, depth, or light intensity. Beginning in the late 1960s, the treatment of digital 

images was done for a variety of uses, including astronomy, earth observation, and medical 

science [8].  

 

Image processing is the process of translating a physical image into digital form and 

applying various operations to it to produce a better digital image. The application of 

algorithms to image data for processing, assessment, and information retrieval is known as 

digital image processing. In visual band imaging, for example, a grayscale image has only 

one light reflectance channel, depicting one intensity value (from 0 to 255) per pixel for the 

grey value; in contrast, a color image usually has three channels, representing three 

intensity values, which correspond to red, green, and blue colors per pixel. The most 

notable benefit of digital recordings is the ability to do a wide range of alterations to the 
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observational data using digital image analysis and pattern discovery techniques. This is 

 

 

 

FIGURE 1.4 Techniques of DIP 
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 accomplished by using a set of image analysis algorithms. Despite the fact that there are 

numerous digital image processing (DIP) and analysis methods, in remote sensing, the 

operations of Image Preprocessing, Image Enhancement, Image Classification, and Image 

Analysis are most frequently utilized. Fig. 1.4 displays the different techniques of digital 

image processing.  

 

1.6.1 Preprocessing  

 

Preprocessing operations include those that are typically necessary before the major data 

analysis and information extraction, and they are typically categorized as radiometric 

and/or geometric modifications.  

 

The image in remote sensing can be impacted by the geometrical and radiometric 

variables. The earth's curvature, variations in altitude, air refraction, and many other factors 

contribute to the geometric mistakes. By converting the image into geographical 

coordinates and then geo-coding it, it is possible to make the necessary geometric 

corrections. A new image is created with all of the pixels placed correctly inside the 

coordinate system. The digital values are finally calculated in the new pixels of the 

restored image during re-sampling.  

 

Radiometric corrections include transforming the data so that it appropriately represents 

the reflected or released radiation detected by the sensor, correcting the data for sensor 

abnormalities, undesirable sensor or atmospheric noise, and so on. The detected energy 

does not match the energy that is released or reflected from the same object when it is 

viewed from a close distance by a sensor. This is a result of the sun's angle and elevation, 

atmospheric factors like fog or aerosols, sensor sensitivity, etc., all of which affect the 

energy seen. The radiometric distortions must therefore be adjusted in order to obtain the 

true irradiance or reflectance. 

 

1.6.2 Image enhancement 

 

It refers to methods for adapting an image for a certain application, and the methods used 

to do so vary depending on the application—for example, text detection, medical imaging, 

remote sensing, etc. [8]. Devices for remote sensing, especially those used from satellite 
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platforms, must be built to withstand levels of target and background energy that are 

characteristic of all situations that are expected to arise during normal operation. No 

general radiometric correction could display the ideal brightness band and contrast for all 

objects due to the wide variances in spectral response from a variety of targets.   

 

Either the spatial domain, where modification is done directly on the pixels, or the 

frequency domain, where adjustments are made to the image's Fourier transformation, is 

used for image enhancement. To improve an image in the frequency domain, all that is 

needed to do is perform the Fourier transform of the target image, add a filter to the output, 

then take the inverse transform to create the enhanced image [10]. Contrast enhancement, 

gamma correction, log transformation, and other image-related examples fall under the 

first category, whereas masking and temporal filtering go under the latter. The 

enhancement technique often aims to convey the image's inherent information content in 

an appropriate way for quick assessment rather than increasing it. It is possible to apply a 

variety of improvements to the data by adjusting the image's histogram, which graphically 

displays the image's range of digital values. Enhancing contrast and clarity in an image can 

be done using a variety of various ways and techniques. 

 

1.6.3 Image transformation 

 

It entails the alteration of numerous bands of data, ranging from a single multi-spectral 

image, from two or more photographs of the same region collected at various times, or 

from two or more images of the identical area acquired at distinct spatial resolutions. In 

any case, image transformations create "alternative" images from a variety of sources that, 

in comparison to the original input images, better accentuate certain traits or properties of 

interest.  

 

Basic image transformations involve applying simple mathematical operations to visual 

data, such as addition and subtraction. Image ratioing is used to draw attention to minute 

differences in the spectral responses of different surface covers. The resulting image 

accentuates changes in the inclinations of the spectral reflectance curves between the two 

separate spectral ranges that could otherwise be hidden by the pixel intensity variations in 

each of the bands by ratioing the data from different spectral bands. The reduction of 

topographically-related changes in scene illumination is one of the key advantages of 
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spectral ratioing. As a result, even if the slopes covered in forests may have different 

absolute reflectance depending on how they are oriented in relation to the sun's 

illumination; the ratio between their reflectance of the two bands ought to remain quite 

close.  

 

The normalized difference vegetation index (NDVI), which has been used to track 

vegetation conditions on a continental and global scale, is one frequently used image 

transformation. Multispectral data's various bands frequently have high correlations and as 

a result, share similar information. For instance, the visual appearance of Landsat  Bands 4 

(green) and 5 (red) is often similar since reflectance for the same surface cover types is 

nearly identical. To lessen this data duplication and band correlation, image transformation 

approaches based on intricate processing of the statistical properties of multi-band data sets 

can be applied. Principal components analysis is one such transformation. 

 

1.6.4 Image classification 

 

It is a method that is used to identify different feature types on the surface of the earth 

based on the theory that these feature types have various spectral reflectance and 

remittance properties. The technique of categorizing every pixel in an image or the raw 

data from remotely sensing satellites in order to produce a certain set of labels or land 

cover themes is known as image classification [11]. The main goal of image categorization 

is to automatically assign land cover classes or themes to all of the pixels in an image. The 

spectral pattern found in the data for each pixel is employed as a quantitative basis for 

categorization when multispectral data are used to do the classification. Depending on the 

intrinsic spectrum reflectance and emittance characteristics of each feature type, different 

digital number combinations are manifested. Change detection (CD) is a process for 

identifying changes in a certain geographical area like built-up, vegetation etc. over time. 

 

In the four areas listed below, image classification had achieved significant strides during 

the last few decades: The creation of regional and global land cover maps; the creation and 

application of advanced classification algorithms, such as sub-pixel, pre-field, and 

knowledge-based algorithms; the use of numerous remote-sensing features, including 

spectral, spatial, multitemporal, and multi-sensor information; and the incorporation of 

auxiliary data, such as topography, soil, road, and census data, into classification processes.  
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Based on the approach employed, common classification techniques can be divided into 

two major categories: supervised classification and unsupervised classification. The 

unsupervised method makes an effort at spectrum grouping, which may not be evident to 

the user. The analyst then attempts to assign an information class to each group after 

establishing these. The unsupervised method, often known as clustering, generates 

statistics for spectral, statistical clusters. In supervised classification, the observer finds 

representative samples of the distinct surface cover types of concern in the images that are 

homogeneous in nature. Training areas are the names given to these examples. To "train" 

the computer to identify spectrally related areas for each class, numerical data in all 

spectral bands for the pixels making up these areas is employed. The computer determines 

the numerical "signatures" for each training class using a particular method or algorithm. 

In the unsupervised technique, the user first determines spectrally distinguishable classes 

and then defines the classes' informational utility. In the supervised approach, the user 

defines valuable information categories and then investigates their spectral separability. 

 

1.7 Colour Composite in Remote Sensing 

 

Remote sensing technology responds to a significantly greater variety of radiations 

reflected, emitted, absorbed, and transmitted by all surface types of an item. The quantity 

of electromagnetic radiation reflected or emitted from the earth's surface is measured by 

sensors on earth observation satellites. These sensors also referred to as multispectral 

sensors, concurrently measure data in near-infrared, short-wave infrared, visible light, and 

other parts of the electromagnetic spectrum.  

 

A band is the collection of wavelengths that a sensor can measure, and it is frequently 

defined by the energy's wavelength. Any part of the electromagnetic spectrum that isn't 

visible to the human eye, such as the infrared or ultraviolet regions, can be represented by 

bands. A multispectral image's bands can be shown individually as grayscale images or in 

conjunction with three bands at once as composite color images. Red, green, and blue are 

the three fundamental colors that can be used on computer screens to display an image in 

three bands at once. A color composite image is produced when these three photographs 
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are joined. Additionally, Color Composite Images may be shown in any of the following 

combinations. 

 

True or Natural Color Composite (TCC): An image presenting a combination of 

discernible red, green, and blue bands to the corresponding red, green, and blue channels 

on the computer is called a natural or true color composite. The final composite closely 

mimics what the human eye would see in the wild; vegetation seems green, water is navy 

blue to black, and impermeable surfaces and bare ground are bluish-gray and brown. Since 

colors appear natural to human eyes, many individuals favor true color composites but it 

can be challenging to distinguish little changes in characteristics. Due to the atmosphere's 

scattering of blue light, natural color photographs can sometimes have low contrast and a 

hazy appearance. The Natural Color Composite Image's colors closely approximate what 

the human eye would see, such as greenery in green, blue for water, brown or grey 

for open ground, etc. as shown in Fig. 1.5. 

 

 
 

FIGURE 1.5 True Color Composite image 
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False Colour Composite (FCC): Any band of a multispectral image can have its display 

color assigned in any way that the user chooses. In this instance, a target's color in the 

displayed image bears no resemblance to the color of the target in real life. As a result, the 

outcome is referred to as a false-color composite image. False color composite images can 

be created using a variety of different strategies. Nevertheless, other schemes might be 

more suited for identifying specific items in the image. By using false color composites, 

we can perceive wavelengths that the human visual system is unable to see (NIR - near 

infrared). Utilizing bands like NIR enhances spectral isolation and frequently improves the 

data's readability. False color composites come in a wide variety and can emphasize a 

variety of traits.  

 

TABLE 1.1 Band arrangements for TCC and FCC image 

TCC Image FCC Image 
Display / 
Monitor 

Sensor Band Display / 
Monitor 

Sensor Band 

Red B4 - Red Red B8 - NIR 
Green B3 - Green Green B4 - Red 
Blue B2 - Blue Blue B3 - Green 

 

 
 

FIGURE 1.6 False Color Composite image 
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Simple arrangements of bands for Sentinel 2 image data for the generation of TCC and 

FCC images are shown in Table 1.1. With the help of this false-color composite scheme, 

vegetation in the image may be easily identified. Since vegetation has a high reflectivity in 

the NIR band, it appears in varied hues of red depending on the kind and circumstances of 

the vegetation in these false-color composite photos as shown in Fig. 1.6. When compared 

to turbid water, clean water seems dark-bluish, while the latter is cyan. Depending on their 

makeup, bare soils, roads, and buildings may look in a variety of blue, yellow, or grey 

tones. 

 

1.8 Research Motivation  

 

One of the most essential techniques for swiftly and directly gathering data on the Earth's 

surface is the analysis of satellite images. Remote sensing data has, for all intents and 

purposes, played a significant role in a variety of recent research fields, including 

atmospheric science, ecology, land pollution, water contamination, climate geology, urban 

development and planning, environmental geotechnical engineering, and the subtle 

evolution of the earth's crust. The demands of various investigations have essentially 

expanded the diversity and specialization of techniques used to collect and process remote 

sensing data. 

 

 Satellite images are incredibly detailed and frequently serve a crucial role in delivering 

geographic information, which is very important. The intricacy of field labor and study 

time is significantly reduced by both quantitative and qualitative information provided by 

satellite and remote sensing imagery. At regular intervals, data and images are collected 

using satellite remote sensing technologies. The majority of the data received at data 

centers is enormous, and a substantial portion of that data is rising exponentially as a result 

of both the quick pace of technological advancement and the exponential growth of data 

volumes in particular.  

 

The population of India has about doubled over the past fifty years, but most of urban India 

has increased by about five times. India is one of the nations with very little urbanization. 

Because of this, maintaining a healthy urban environment is a challenging task for urban 
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governance. Most urban settlements, in particular, are characterized by deficiencies in 

housing and water system, urban infringements in a fringe area, improper sewerage, traffic 

problems, pollution, poverty, and fairly social unrest. Urban and town administrators in 

India are concerned about the high pace of urban population expansion due to the need for 

effective urban planning. Therefore, there is an urgent need to adopt modern remote 

sensing technology, which includes satellite image processing systems. These systems 

enable us to collect large amounts of physical data quickly, easily, and on a regular basis. 

When combined with GIS, they also enable us to analyze the data spatially, providing 

opportunities for creating different modeling options, which optimizes the planning 

process as a whole. 

 

The requirement for reasonably effective and efficient procedures to primarily extract and 

essentially analyze meaningful information from large satellite images is unquestionably 

extremely great, which is quite crucial. Particularly for the purpose of extracting 

information from a large number of satellite photos, satellite image classification is a 

potent technique. The satellite image classification methods using benchmark machine 

learning algorithms such as k neighbors classifier (KNC), support vector machine (SVM), 

decision tree (DT), random forest etc. have issue of lower classification accuracy or higher 

computation time requirement. 

 

1.9 Research Objectives and Scope of the work  

 

Looking at the complexity of the satellite image classification process and improved 

geometric resolution of new satellite-based sensors there is a kind of need for performance 

improvement of existing methods, which is fairly significant. 

 

The basic objective and scope of the proposed works:   

 Study the existing various methods of object based classification for IRS R-

2 LISS - IV multispectral satellite images of urban areas. 

 Investigate and compare the different object based classification methods 

and algorithms. 

 Implement the modified techniques for performance improvement and 

compare them with existing techniques. 
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 Find the outcomes of modified techniques and compare them with existing 

methods. 

 Use of the proposed method for change detection analysis by obtaining the 

area of built-up, vegetation, and open land class from the classified images. 

 Compare the change detection analysis using the proposed method with 

existing techniques. 

 Generate a change detection map for the built-up area using a highly 

efficient proposed method. 

 

1.10 Definition of the problem 

 

There is a strong need for better urban planning to accommodate human movement while 

also maintaining the ecosystem of the city area. There is a massive number of satellite data 

available, and there is a need for quicker and more effective machine learning (ML) 

algorithms for urban analysis and investigation. For object based satellite image 

classification method, the benchmark classifiers have demonstrated lower classification 

accuracy. This work aims to compare and analyze the existing standard object based 

classification methods and proposed a new method for object based classification of 

satellite images for urban areas with improved performance in terms of classification 

accuracy.   

 

1.11 Original contributions by the thesis 

 
In light of the aforementioned objectives, the thesis' main contribution is as follows: 
 
 

• Analysis of different classification techniques for multispectral IRS R-2 LISS-IV 

satellite images having a resolution of 5.8m. 

• Study and investigate different open source libraries, modules, and software. 

• Analysis of processing steps for object based classification technique for satellite 

images. 

• Work out and calculate accuracy assessment parameters such as overall accuracy 

and kappa coefficient for OBC of the subset of Ahmedabad 2018 image with DT, 

RF, ETC, and ABRFC classifiers. 
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• Analysis of the effect of sample size variation on accuracy statistics for the subset 

of Ahmedabad 2018 image with DT, RF, ETC, and ABRFC classifiers. 

• Proposed a consolidated OBC method in which extra trees and AdaBoost SAMME 

classifiers were integrated with dual parameter optimization and with the Shepherd 

algorithm as a segmentation step.   

• Investigation of comparative analysis for object based DT, RF, ETC, AdaBoosted 

RF, and proposed method for classification of LISS -IV satellite images of 

Ahmedabad, Vadodara, Surat, and Rajkot cities.  

• Overall 1 - 2% improvement for the proposed method in terms of classification 

accuracy is obtained compared to RF and ABRFC. 

• The change detection investigation of Ahmedabad, Vadodara, and Rajkot cities has 

been conducted with a highly efficient object based proposed method and 

compared with existing methods. 

• A highly effective object-based proposed method was used to create change 

detection maps for the built-up area. 

 

1.12 Organization of the Thesis 

 

Chapter 1 covers the introduction of remote sensing technology, various sensor kinds, and 

resolution types.   TCC and FCC images, as well as fundamental principles in digital image 

processing, are also included. At the end of the chapter, the objectives and scope of the 

research work, problem definition, and original contribution are described. 

 

Chapter 2 presents an exhaustive literature survey of satellite Image Classification 

Methods and includes both unsupervised and supervised techniques. Additionally, it 

reviews and discusses the methods for classifying data that are based on pixels and objects. 

In the last section, two categories of change detection techniques pixel-based and object-

based change detection were examined and reviewed in detail for various land cover 

applications and diverse VHR satellite data. 

 

Chapter 3 describes the study area selected and details of the satellite images utilized for 

classification and change detection application for the urban area of Gujarat state. The 

middle section of the chapter describes the IRS satellite data sets used and the attributes of 
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the LISS-IV sensor. In the end, the process of band stacking, FCC image generation, and 

spectral signature plot of LISS - IV image is delineated. 

 

Chapter 4 discusses the first and most crucial stage of object-based picture categorization 

called image segmentation in detail. Various methods of image segmentation are also 

explored in this chapter. The numerous classification accuracy evaluation techniques, 

including confusion matrix or error matrix, overall accuracy, producer accuracy, user 

accuracy, and kappa coefficient, are explained at the conclusion of this chapter. 

 

Chapter 5 briefly covers the theoretical foundation of machine learning and several of its 

important concepts in the first section. Then, a theoretical overview of six machine 

learning classifiers (KNC, SVM, GNB, DT, bagging, and RF) has been discussed with 

object-based classification results obtained for a VHR image of Surat 2020. At the end of 

the chapter, a comparative evaluation of six machine learning classifiers for the object-

based classification of the aforementioned image is provided. 

 

Chapter 6 discusses the proposed AdaBoosted extra trees classifier method for object based 

classification of VHR satellite images. The performance of the DT, RF, ETC, ABRFC, and 

the proposed method is evaluated and compared using a subset of a very high-resolution 

LISS - IV image of Ahmedabad 2018 in the middle of the chapter. In the last part, the 

sensitivity analysis for various training samples for the subset of the LISS-IV picture of 

Ahmedabad in 2018 using the aforementioned classifiers is shown.  

 

Chapter 7 briefly describes different change detection techniques utilized for remote 

sensing images.  The exploration of comparative analysis for the object-based DT, RF, 

ETC, ABRFC, and ABETC methods for the classification of LISS - IV images of 

Ahmedabad, Vadodara, and Rajkot cities of Gujarat are incorporated in the center part of 

this chapter. Using object-based DT, RF, ETC, ABRFC, and ABETC algorithms, a 

thorough change detection comparison analysis for the Built-up, Vegetation, and Open 

Land classes has been demonstrated in the last section of this chapter. 

 

Chapter 8 contains a summary of all the experimental findings, significant research 

discoveries, and observations. 
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CHAPTER - 2 

Literature Review 

 

2.1 Introduction 

 

The shift of traditional rural economies into contemporary industrial ones is represented by 

the existing indicator of urbanization. The population inside the urban unit is currently 

progressively concentrated there. People are essentially emigrating from rural areas in 

developing nations, where population growth is gradual but accelerating. The majority of 

urban expansion notably occurs without any planning constraints, which exacerbates issues 

with hygiene, health, and economic as well as social pressures. Since urban land use in big 

urban centers, such as metropolitan areas, is constantly changing over time and space, local 

governments must be able to update their databases to reflect the most recent land use. To 

keep up with rapidly expanding cities, however, standard approaches for gathering data on 

the urban land cover now cost a lot in terms of time, effort, and money. In order to map 

urban land use and land cover and to monitor the environment, remote sensing can offer an 

important source of data that already exists. Remote sensing, a rapidly developing 

technology that will be used to collect environmental data utilizing a variety of satellite 

platforms, is already playing a significant part in the spatial monitoring of the earth's 

surface. The tools used in image processing and remote sensing applications are always 

getting better, and the spatial resolution of sensors used in these fields is creating new 

demands for the applications that use this data. 

 

This chapter discusses the background overview of various satellite image classification 

schemes as well as change detection techniques that fall under the category of land use 

classification. Image classification is taken into account while processing satellite images, 

which is a crucial procedure in itself. In the topic of classification that pertains to land use 

land change (LULC), a current, in-depth review of the many current classification 
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approaches provides a current understanding of both their advantages and drawbacks. This 

aids in the advancement of a better LULC categorization algorithm that will be responsible 

for obtaining the most recent LULC information. Chapter 1 discusses an introduction to 

remote sensing technology, various sensor types and resolutions, remote sensing 

applications, the fundamentals of digital image processing, and the classification of 

satellite images. As a result, chapter 2 provides an existing concept related to the current 

classification methods in use that are going to belong to the LULC classification as well as 

their benefits and drawbacks, exhibiting how to select the best classification methods for 

the analysis of LULC. 

 

2.2 Satellite Image Classification Methods 

 

The ultimate goal of image classification processes is to automatically classify every pixel 

in an existing image into different categories or themes related to land cover. The process 

of classifying satellite images now in use involves both information extraction and spectral 

analysis to categorize the pixels into different groups based on informational similarities. 

In essence, retrieving information from large quantities of satellite photos is what satellite 

image classification, which is unquestionably very important, refers to as a multi-step 

approach [12]. In addition to their effectiveness in classifying sensor images, these 

methodologies and techniques can be divided into certain groups. Unsupervised and 

supervised classifications are the two main methods used in satellite image classification.  

 

2.2.1 Unsupervised Classification 

 

Without any prior knowledge of the pixels, unsupervised classification divides the pixels 

into unlabeled classes, allowing the analyst to categorize the classes with the relevant land 

cover type. In the absence of sample data or human intervention, unsupervised 

classification determines the types of natural groups or structures present in the image. 

Unsupervised classification typically just needs a small quantity of very initial analyst 

input in comparison to supervised classification. Contrary to popular assumption, the 

clustering procedure produces a classification map with several spectral classes. After that, 

the analyst makes an effort to a posteriori allocate or effectively convert the spectral 
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classes into relevant theme information classes. When using unsupervised classification, 

the program performs the majority of the processing on its own, frequently producing more 

categories than the user is likely to be interested in. It so happens that this is the moment at 

which the user must decide which categories can be combined into a single land use class. 

Two of the most popular clustering techniques that fall under unsupervised categorization 

are K-means and the iterative self-organizing data analysis approach (ISODATA). These 

two approaches don't take into account any prior information about the traits of the themes 

being examined and only rely on spectrally pixel-based numbers. After image pre-

processing, the ISODATA method was used to classify the Landsat images into various 

land use categories for the Salem city area using the thematic mapper (TM) and enhanced 

thematic mapper (ETM+) data collected from the USGS Earth Explorer website [13]. 

Road, mines, built-up, water sources, fallow land, vegetation, and barren land are the seven 

land use classes that have been accurately recognized, accounting for 83 to 86 percent of 

all the classifications [13]. 

 

2.2.2 Supervised Classification 

 

One of the methods that have been the subject of the greatest research in the area of image 

categorization is supervised learning. This is due to the fact that it has the capacity to make 

precise predictions that will be a part of an existing training set. When using supervised 

classification, the viewer or image investigator provides a representative collection of 

labeled training samples with class-specific data that will be used to learn the classification 

model [14]. 

 

The principle of learning by example has simply been formalized through the practice of 

supervised classification. In supervised learning, a learner (computer program or 

algorithm) is given access to two sets of data: an associated training set and an available 

test set. The idea is for the learner to gain as much knowledge as possible from a collection 

of labeled examples that already exist in the training set in order to accurately identify 

unlabeled instances in the test set. The learner's objective is to create a rule, program, or 

process that categorizes new examples by examining examples that already have a class 

label. This is accomplished by assessing examples that have been provided. With this 

method, the user can take a sample of the pixels from the image that will be classified.  
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The classification algorithm is trained using the sample pixels that were extracted to find 

pixels of a similar type in the image that needed to be categorized. The training pixels will 

later be used to assign the pixels to the specific land cover category during the 

classification procedure. It so happens that the delineation of training areas indicative of an 

existing cover type is most effective when an existing image analyst has knowledge of the 

geography of an actual region as well as familiarity with the spectral characteristics of the 

various cover classes [15]. Both supervised and unsupervised classifications apply to the 

LULC classification approach. By examining how classification algorithms estimate pixel 

similarity, it is possible to establish how different types of classification algorithms differ 

from one another.  

 

Inglada et al. [16] have demonstrated an existing methodology for the fully automatic 

creation of land cover maps at the national scale utilizing high-resolution optical image 

time series. This methodology is based on supervised classification and utilizes existing 

databases while also using reference data for training and validation. Using open and freely 

available imagery, the procedure is effective and allows for quick distribution of the maps 

following the gathering of the image data. It also eliminates the need for costly field 

surveys for the validation and calibration of models as well as for human operators to make 

decisions. 

 

Benoudjit A. et al. [17] suggested a revolutionary automated technique that made use of a 

stochastic gradient descent classifier to quickly map the flood extent. Since the training 

of the supervised classifier was done using water and land masks produced from the 

normalized difference water index (NDWI), and without any involvement from a human 

operator, the methodology presented in this study was totally automated. The supervised 

classifier must be trained using both a synthetic aperture radar (SAR) image and an optical 

Sentinel-2 image in order to recognize the deluge on the flooded SAR image. To solve the 

problem of tiny river channels that cannot be discriminated with the 10 m-resolution 

optical bands of Sentinel-2, the proposed method could benefit from modern commercial 

optical sensors that can produce metric or even sub-metric resolution images. Furthermore, 

it is anticipated that SAR photos with improved spatial resolution will increase the 

categorization accuracy in inundated metropolitan areas. 
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Vibhute et al. [18] used supervised classification for high-resolution (5.8 m) IRS-P6 

Resourcesat-II LISS-IV remote sensing data with three spectral bands employing 

Mahalanobis distance (Mah. D), maximum likelihood, and minimum distance to means 

(MDM). For the purpose of extracting LULC information for agricultural land in the 

Aurangabad Region, this classification was used. According to the performance evaluation 

findings, the maximum likelihood, Mah. D, and MDM classifications' overall accuracies 

were roughly 84.40, 77.98, and 74.31 percent, respectively, with Kappa coefficients of 

0.82, 0.74, and 0.70. It has been observed that maximum likelihood classifiers are more 

effective than Mah.D and MDM classifiers. 

 

Paul et al. [19] looked at the most popular and cutting-edge supervised classification 

systems and investigated how well these methods work for extracting water bodies from 

satellite photos. Support vector machine (SVM), artificial neural network (ANN), K-

nearest neighbor (KNN), discriminant analysis, and random forest are a few of the 

numerous classification methods utilized for this. In order to examine how well each 

classification algorithm performed on various data sets from three separate research 

locations, it was applied to input data from three distinct satellite sensors with differing 

spatial and spectral resolutions [19]. According to the study, even with fewer labeled data, 

supervised classifiers can accurately extract water bodies from remotely sensed photos. 

 

By skipping the crucial step of thresholding, M. Huang et al. [20] have suggested a unique 

method for quickly mapping flood zones and estimating the flood degree. It transforms 

land cover backscatter categorization from change detection of thresholds. Sentinel-2 

optical pictures and a random forest classifier are used to classify the land cover 

backscatter in Sentinel-1 SAR images.  For a flood study, a prior understanding of the 

backscatter properties and discretization principles of various ground objects is crucial. 

This new approach is evaluated in a case study in Shouguang, and the results are contrasted 

with flood maps obtained using the Otsu thresholding and normalized difference water 

index (NDWI) approaches. The findings demonstrate that the proposed approach is 

effective at locating the flood beneath vegetation. 
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Using a Korea Multi-Purpose Satellite (KOMPSAT) 3A multi-spectral image of the 

southwest region of South Korea, around Buan city, with 2.2 m spatial resolution, land 

cover classification of multispectral data was carried out with four supervised classification 

methods: Mahalanobis Distance (Mah. D), MD, SVM, and maximum likelihood 

[21]. While the MD demonstrated lower overall accuracy and remained constant, the 

MahD and SVM demonstrated greater prediction performance and enhanced with the 

introduction of derived bands [21]. Due to seasonal variation in the applied example, the 

classification does not appear to be consistent in differentiating agricultural and vegetation, 

bare and built-up regions [21]. 

 

For identifying salt-affected areas in two very different irrigation schemes in South Africa, 

namely, Vaalharts and Breede River, Muller et al. [22] examined a range of 2.5 m pan-

fused SPOT-5 derived features (vegetation indices, picture textures, spectral bands, and 

image transformations). maximum likelihood, KNN, decision tree analysis, SVM, and 

random forests (RF) were used in regression modeling and supervised classification to 

examine the link between the input features and electro-conductivity values. The findings 

indicated that the supervised classifiers created stronger models than the regression 

analyses did, but that the algorithms tended to overestimate salt-affected areas. 

 

In order to compare buildings from pre- and post-disaster photographs to their shapes and 

determine the extent of damage to such buildings, Dubois et al. [23] provided a novel 

mixture of object attributes. The newly developed method using multilayer back-

propagation perceptron neural network required only two panchromatic photos as opposed 

to multispectral images or many images taken from various viewing angles, making it 

faster than the majority of existing damage evaluation techniques. In general, the suggested 

method outperforms supervised correlation classification while consuming less processing 

time. 

 

2.3 Pixel based Classification 

 

The pixel is the primary (spatial) unit of a satellite image, thus this is the usual method of 

classification because it feels right and is frequently simple to use. Pixel-based 

classification employs a number of different algorithms; including Maximum-likelihood, 
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Minimum-distance-to-mean, and Minimum-Mahalanobis-distance. It is assumed that the 

classes have been statistically described, for example, by knowing their means and 

variances. To determine which class to allocate pixels in the three systems mentioned 

above, each scheme makes use of some concept of "distance" to the class mean. 

 

Some courses in land cover studies will permit concepts that are continuous and stable 

(such as water bodies, roadways, and rooftops), but when it comes to the specifics, issues 

arise. Asphalt can be used to build roads, parking lots, and rooftops, thus if these three 

were to be segregated into different classifications, issues might result. The fact that nearby 

pixels' information is not employed to determine the class of the target pixel is a basic 

drawback of pixel-based classification. As a result, pixels belonging to a class with 

substantial spectral heterogeneity might have distinct class labels. The salt-and-pepper 

effect is undesirable.  

 

The simplicity and great efficiency of pixel-based image classification have made it a 

popular technique for classifying satellite images [24]. In the Bohai Sea, where the sea 

water is essentially characterized by a kind of high concentration of sediment in coastal 

regions that is generally quite significant, an inversion method based on the classification 

and regression tree (CART) has been formed to genuinely fetch sea ice from moderate 

resolution imaging spectroradiometer (MODIS) images [25]. Further testing of the model 

using data on sea ice from better spatial resolution satellites shows that the CART method 

can successfully extract sea ice in high silt conditions in the Bohai Sea [25]. The algorithm 

is also contrasted with the ratio-threshold segmentation (RTS) method, a widely used 

technique for extracting sea ice from satellite data in open oceans, and the comparison 

shows that the algorithm created in the presented work is more effective than the RTS 

technique in high sediment surroundings [25]. 

 

The transparent plastic-mulched land cover, a significant agricultural landscape, is 

extracted from Landsat-5 TM pictures using a decision-tree classifier by Lu et al. [26]. The 

rules for the classifier were developed by examining the spectral properties of transparent 

plastic-mulched field cover in Landsat-5 TM pictures of the Chinese region of Xinjiang. In 

accordance with the results, the classifier was able to successfully extract the plastic-

mulched land cover from Landsat-5 TM images with overall accuracies of 97.82 percent, 
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85.27 percent, and 95.00 percent, and Kappa coefficients of 0.9782, 0.80, and 0.93 for the 

years 2011, 2007 and 1998, respectively. 

 

For the VHR image of the city of Calgary, Alberta, Canada, Griffith et al. [27] have 

assessed operational approaches for producing a specific sort of urban vegetation map that 

is focused on vegetation over rooftops, particularly trees that reach over urban apartment 

complexes. Using ENVI FX, a segmentation process was carried out to produce image 

objects. They have calculated all 86 features for each image-object after computing all 

attributes for each of the 9 bands. They compared the efficacy of one model M86, which 

was trained using a large number of 86 attributes, to the performance of a different model 

M9, which was trained using only a small set of 9 attributes taken from the spectral means 

of images of objects. According to the classification results, the overall accuracy attained 

for detailed classification was 69.2% for the M9 model and 67.9% for the M86 model. The 

findings also revealed that the M86 model's overall accuracy for simplified categorization 

was 90.9% and the M9 model's accuracy was 90.2%. 

 

Using airborne hyperspectral images from the Airborne Prism EXperiment sensor, Raczko 

et al. [28] evaluated the effectiveness of three classification algorithms: SVM, RF, and 

artificial neural networks (ANN). The three non-parametric classification methods were 

evaluated in this work to categorize the five most prevalent tree species in the Szklarska 

Porba region: alder, spruce, birch, larch, and beech. Adding further data would increase 

ANN training times to intolerable levels, making it exceedingly unfeasible to use them in 

situations where they need to operate relatively quickly [28]. For ANN, larger input data 

sets will result in longer categorization times than for SVM and RF. 

 

Chen Y. et al. [29] used a multiple classifier systems (MCS) to assess a time series of 

cloud-free Landsat-5 TM, Landsat-7 enhanced thematic mapper plus (ETM+), and 

Landsat-8 operational land imager (OLI) sensors to map LUC changes in Guangzhou, the 

capital city of Guangdong province in China, from 1987 to 2015. SVM, C4.5 decision 

trees, and artificial neural networks (ANN) were employed as the training algorithms of the 

base classifiers for the novel MCS classification approach, which resulted in a higher 

Kappa coefficient (0.87) than any base classifier. The best overall accuracy was attained by 

MCS based on Weight Vector enhanced by AdaBoost, which scored 88.12%. SVM, ANN, 
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and C4.5 came in second, third, and fourth, respectively, with 82.85%, 81.77%, and 

80.20% overall accuracy. 

 

Using Sentinel-2 picture data, Thanh et al. [30] evaluated and contrasted the capabilities of 

the RF, kNN, and SVM algorithms for the categorization of LULC. Six land use/cover 

types were identified in an area of 30 x 30 km2 in the Red River Delta of Vietnam using 14 

various training sample sizes, including balanced and imbalanced samples, ranging from 

50 to more than 1250 pixels/class. All classification performances (OA) were excellent, 

roughly 90 to 95 percent, with the SVM classifier, followed by RF and kNN classifiers, 

yielding the greatest OA with the lowest sensitivity to training sample size [30]. When the 

training sample size was increased, there was a significant OA difference between kNN 

and RF. 

 

2.4 Object Based Classification  

 
In contrast to pixel-based classification (PBC) techniques, which categorize each image 

element separately, object-based classification (OBC) techniques first merge image pixels 

using an image segmentation algorithm to create spectrally uniform image objects before 

categorizing each object separately [31]. Object-based categorization methods have been 

used as an alternative to pixel-based methods for LULC mapping as a result of the 

accessibility of satellite data with high to extremely high spatial resolution [32, 33]. The 

main concept of object based image classification (OBIC) is the use of an object in place of 

a pixel as the basic processing unit [34]. Objects are generated by grouping the pixels 

having similar features. With regard to below two factors, the object-based strategy is 

superior to the pixel-based one. The first benefit is a reduction in spectral variation within 

classes due to the switch from pixels to image objects as classification units. Second, in 

addition to direct spectral observations, a substantial collection of features describing the 

spatial and contextual characteristics of objects can be obtained to possibly increase 

classification accuracy [35]. 

 
Traditional classification techniques known as "pixel-based methods" have been found to 

be fairly effective for low to medium-resolution satellite data, where the size of the pixels 

is comparable to the dimensions of the objects. However, for very high-resolution satellite 



 Literature Review 
 
 

33 
 

images, it is basically necessary to combine the pixels with similar spectral attributes and 

form the objects, which is fairly significant [24], [36]. 

 

The implementation of object-based classification involved three key steps after the initial 

confirmation of prospective land use classes in the study area: segmentation of 

image layers, identification of sample areas from segmented images as the representative 

of various land use classes, and supervised classification are the initial three steps. In the 

subsequent processing phases of the object-based classification technique, the objects 

produced by the segmentation process are used in place of pixels. The OBC process 

involves several key processes like segmentation, training sample selection 

called sampling, extraction of features of objects, and machine learning classification. The 

OBC process must choose the right machine learning classifiers and fine-tune those 

classifiers' parameters in order to boost prediction accuracy. Various machine learning 

(ML) techniques have been employed in recent years for the object-based classification of 

various LULC applications from variegated satellite data [37, 38]. 

 

To test OBC and pixel-based image classification algorithms in an urban fringe area, Shang 

et al. [39] looked into the impact of repeated sampling on the classification findings and 

evaluated the effectiveness of several classifiers for Landsat-8 imagery. Four machine 

learning classifiers were employed for the OBC: the decision tree (DT), the support vector 

machine (SVM), the naïve Bayes (NB), and the random trees (RT), and the maximum 

likelihood classifier (MLC) was used for the PBC. In particular, for the DT and NB 

classifiers, they discovered that repeated sampling significantly impacted classification 

accuracy, with SVM achieving the highest level of classification accuracy. 

 

In the Langat basin of tropical Malaysia, Memarian et al. [40] showed that object-based 

classification (OBC) outperformed standard pixel-based classification (MLC) in terms of 

performance and usability. The two main sources of disagreement, quantity disagreement, 

and allocation disagreement are used to measure accuracy. In comparison to object-based 

picture classification using kNN, the MLC produces a larger overall level of disagreement 

in the landscape. 
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Goodin et al. [41] investigated whether medium spatial resolution data from object-based 

image analysis (OBIA) can enhance the classification of the land-cover and land-use in a 

complicated agricultural environment along the Polish-Ukrainian border. For both land 

cover and land use, they quantitatively evaluated the outcomes of OBIA-based vs per-pixel 

classifications. Their findings demonstrate that when OBIA-based approaches were used 

with spectral and spatial/geometric aspects of picture objects, land-cover classification was 

dramatically enhanced. 

 

Hu Z. et al. [42]'s framework for object-based land cover classification offers a method for 

multi-scale classification and the calculation of the best scale parameter. The multi-scale 

segmentation and categorization outcomes in this framework were organized using the 

scale-sets hierarchy, and the training samples were used to assess the performances at 

various scales. OpenCV was used to construct the SVM method for supervised picture 

classification. The radial basis function (RBF) kernel was used, and the remaining SVM 

model parameters were evaluated using an auto-train model, which minimized the test set 

defect of cross-validation prediction to automatically calculate the best parameters. 

According to the results of the object-based categorization, the overall accuracy and kappa 

rose at fine scales (0–60), held steady at medium scales (60–110), and steadily declined at 

coarser scales (110-300). 

 

In order to boost the productivity of latex, Dibs et al. [43] assessed the effectiveness of 

pixel-based and object-oriented classifiers using SPOT-5 satellite images for Malaysian 

rubber growth categorization. Using Mahalanobis distance (Mah. D), k-NN, and Support 

Vector Machine (SVM) classifiers, the general land cover was divided into eight land 

cover types, including urban areas. Overall accuracy for the k-NN, SVM, and Mah.D 

classification methods was 97.48%, 96.90%, and 96.25%, respectively. The finding is that 

pixel-based approaches for mapping rubber tree growth are inferior to object-oriented 

classifiers. Among all the techniques employed, the object-based method k-NN categorized 

rubber trees in the study region most accurately into mature, middle-aged, and young 

plants.  

 

Three supervised machine learning algorithms DT, RF, and SVM were used with medium 

spatial resolution multispectral SPOT-5 HRG earth observation images to evaluate pixel-
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based and object-based image analysis (OBIA) methods for categorizing broad land cover 

classes over agricultural landscapes [44]. There was a statistically remarkable distinction in 

classification accuracy using object-based image analysis between maps created using the 

DT method in comparison to maps created using either the RF or SVM algorithms. 

 

In comparison to per pixel technique, the object based method is superior not only for 

high-resolution images but also in the complex built-up environment and pattern 

landscapes [45-47]. Object based classification (OBC) methods overcome the salt and 

pepper effect found in the traditional pixel based approach for high-resolution satellite data 

[48]. In OBIC, characteristics of objects like geometric and spatial relations are also used 

in addition to spectral properties for classification [44, 49]. 

 

The elements introducing uncertainty in the OBC process include the segmentation method 

and its parameters, sampling strategies, feature extraction, and its selection method, and 

supervised classifiers and their parameters [50]. The author has provided a summary of the 

improvements in the most recent supervised object-based classification techniques, 

examined the prospects for their future growth, and provided scientific recommendations 

for particular readers regarding the use of these techniques for mapping land cover. They 

also pointed out that categorization accuracy in urban research areas is often lower than in 

study areas with other land-cover types because of the diversity of the land-cover types 

there. 

 

California's complex and heterogeneous woods were examined using a comparative 

classification approach by Ballanti et al. [51]. It is also investigated how segmentation size 

and object or pixel-based training samples affect object-oriented categorization. To 

determine any benefit connected to a larger training sample or larger object segmentation, 

each classifier was also evaluated separately. All classes had overall accuracies of more 

than 90%. When more training samples were used, SVM outperformed RF, and the 

segmentation dimension alone had no statistically consequential impact on classification 

performance. 

 

To improve the categorization of very high-resolution satellite data of Xuzhou City, China, 

derived from a QuickBird sensor, P. Zhang et al.  [52] have introduced a novel spatial 

feature termed object correlative index (OCI). This innovative approach takes into account 
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an image object's spectral similarity property to create a valuable object correlative index 

that can be used to objectively define spatial information. The reliability of the OCI feature 

for object-based VHR image classification was evaluated using the neural net algorithm 

(NN), SVM, and maximum likelihood classifier (MLC). The suggested method of 

combining OCI with spectral data has improved each classifier's accuracy. The results for 

the OCI feature's overall accuracy for NN, MLC, and SVM were 92.48%, 91.11%, and 

90.85%, respectively. These accuracy statistics have been demonstrated to be greater than 

those of the equivalent classifiers' pixel shape index (PSI), morphological profile (MP), 

and spectral feature alone. 

 

The impervious surface areas (ISA) across a Mediterranean coastal region of Almeria, 

Spain, have been extracted using two very high-resolution (VHR) satellite data from the 

GeoEye-1 (GE1) and WorldView-2 (WV2) sensors using an object-based classification 

method by Fernández et al. [53]. The objects for the GE1 and WV2 images were produced 

using the well-known multi-resolution segmentation approach implemented in eCognition-

8 software. When texture was excluded, classification accuracy for both satellite pictures 

was higher than that for the archival aerial orthoimage (ArO). When the object based SVM 

classifier was trained on the whole study region using the largest and most evenly 

distributed training samples, GeoEye-1 classification accuracy outperformed that of the 

archival orthoimage by a substantial margin. 

 

Amini et al. [54] introduced a novel multi-resolution segmentation (MRS) and RF based 

classifier framework for object-based categorization of high-resolution hyperspectral data. 

They figured out how important each image band was using the Variable Importance (VI). 

Following that, the image is divided into a few homogeneous sections based on this 

parameter and other necessary characteristics. On three different hyperspectral data sets 

with various spectral and spatial properties, the proposed approach as well as the 

traditional pixel-based RF and SVM classification method were both used. The results of 

the experiments demonstrate that the suggested method is more reliable for mapping land 

cover in different regions. For the HyMap, Airborne Prism Experiment (APEX), and 

Compact Airborne Spectrographic Imager (CASI) data sets, the suggested method's overall 

classification accuracy (OA) was 95.48%, 86.57%, and 84.29%, respectively. 
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With the help of Sentinel-2 MSI images and time series Sentinel-2 NDVI, an object-based 

RF classifier was utilized to extract paddy rice in China from time series Sentinel-1 and 

Sentinel-2 data [55]. The outcome demonstrated a strong connection between the original 

Sentinel-2 picture and the fused Sentinel-2 NDVI time series. When the ideal feature 

combination and object-based RF approach were used, the classification results have an 

accuracy rate that is greater than 95% and a Kappa coefficient of 0.93, respectively [55]. 

 

Stefanski et al. [56] introduced a method for object-based categorization of multitemporal 

data utilizing Random Forest (RF) and a cutting-edge segmentation algorithm. Using a 

different blend of parameters in a user-defined range, the Superpixel Contour (SPc) 

algorithm generates a set of distinct levels of segmentation. The results of the experiments 

demonstrate that the two segmentation algorithms, SPc and MRS, perform similarly in 

terms of accuracy and readability. The suggested approach is practical and manageable, 

which helps to save the results of the Super-pixel Contour algorithm's best segmentation 

settings. 

 

To map plastic-mulched land-cover, Wang et al. [57] used an object-based random forest 

classification (OBRFC) technique, which combines object-based image analysis (OBIA) 

technology with a random forest (RF) model. The best overall accuracy (OA) of the 

OBRFC approach, according to results from using it in the study area, is achieved by 

setting the number of decision trees (T) to 50 and the number of split nodes (F) to 5 in the 

parameter optimization of RF classifier. 

 

Belgiu et al. [58] have examined how RF classifiers are used in various remote sensing 

applications. This analysis has shown that RF classifiers are quick and inconsiderate to 

over-fitting, and they can auspiciously handle large data dimensionality and multi-co-

linearity. Nonetheless, it is susceptible to the sampling strategy. The RF classifier's 

variable importance (VI) evaluation has been widely used in a variety of scenarios, 

including reducing the number of dimensions in hyperspectral data, locating the most 

pertinent geographic and remote sensing data from multiple sources, and determining the 

best period of a year to categorize specific target classes. 
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Mountrakis et al. [59] studied SVM implementations for remote sensing, a potential 

machine learning methodology, and presented an overview of empirical findings for a 

variety of remote sensing application areas and sensors from more than one hundred 

published studies. The majority of the results demonstrate that the theoretical justification 

and use of SVMs are supported by empirical data. The capacity of SVM to generalize 

effectively from a little quantity and/or poor quality of training data is its most crucial 

quality. Most of the investigations revealed typical SVM methodology shortcomings, such 

as the choice of important SVM parameters like the kernel functions. 

 

In an object-based categorization utilizing a RF algorithm, Laso et al. [60] paired the high 

spatial resolution of PlanetScope photos with the high spectral resolution of Sentinel-2 

images. Our classification produced useful results of overall Kappa to 0.7 and showed that 

across all four inhabited islands, invasive plants cover the greatest fraction (28.5%) of the 

agriculture field, accompanied by pastures (22.3%), native vegetation (18.6%), food crops 

(18.3%), mixed forest and pioneer plants (11.6%), and so on. This is despite the incredible 

diversity and heterogeneity of the hill's landscape. 

 

Rapid and broad urban developments in recent years have imposed a myriad of issues in 

land-use planning and preservation management, notably for the heritage conservation of 

historic places. The analysis of the prospective environmental effects of urbanization, 

which has significantly changed land use and cover in Vietnam, is presented by Pham et al. 

[61]. In this method, satellite images are categorized, urbanization characteristics are 

examined using land-cover and land-use change and urbanization indices, and 

environmental impacts are measured using ecosystem service values. The support vector 

machine approach obtains an optimal overall accuracy of 84.78–86.5% according to the 

results of object-based classification, and a Kappa coefficient of 0.82-0.84. 

 

França et al. [62] used the integration of a high spatial resolution image from the 

Worldview-2 sensor and its panchromatic band to evaluate the outcomes of an object-

oriented analysis technique in an urbanized area of the city of Campinas, Brazil. Using a 

decision tree method as a data mining tool, the author investigates and illustrates the ability 

of object-oriented analysis classification of urban regions in the image. They used the 

programme eCognition Developer 8.7 to carry out the image segmentation and 
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classification processes. With a decision tree produced by the J48 algorithm in the WEKA 

programme, the kappa statistics achieved with three alternative filter methods—the 

wrapper technique, correlation feature selection (CFS) method, and manual empirical 

selection method—were 0.94, 0.91, and 0.84, respectively. 

 

Using very high-resolution (VHR) remotely sensed aerial pictures, landslides detected 

using pixel-based and object-oriented analysis (OOA) approaches were compared by 

Keyport et al. [63] for the San Juan La Laguna, Guatemala. In both the landslide and non-

landslide classes, overall accuracy for OOA methods beat pixel-based classification 

techniques. OOA classification overall accuracy was 96.5%, while pixel-based 

classification accuracy was 94.3%. The biggest flaw in this approach is shown by the poor 

accuracy values for landslide prediction using pixel-based classification. 

 

Significant repercussions may result from the extension of urban development into 

wildland areas, including a rise in the possibility of structural wildfire damage. When 

categorizing high spatial resolution data for urbanizing landscapes, some image processing 

techniques may be more suitable than others for differentiating between LULC categories. 

Cleve et al. [64] compared the precision of the pixel-based ISODATA and object-based 

nearest neighbor (NN) supervised classification methods for mapping in the wild-land-

urban interface (WUI) using VHR urban imagery, and found that the object-based 

classification approach has a 17.97% higher overall accuracy than the pixel-based 

approach. 

 

The QuickBird data set of agriculture environment was used by Castillejo González et al. 

[65] for the comparative analysis of multispectral and pan-sharpened image classification 

with pixel and object-based methods using five supervised classifiers (parallelepiped (P), 

MD, spectral angle mapper (SAM), Mahalanobis Classifier Distance (MC), and MLC. The 

data set contained a single-band panchromatic image with a spatial resolution of 0.7 m and 

a 4-band multispectral data of 2.8m spatial resolution. For all five methods and both types 

of images, the object-based technique has shown greater perfection in terms of 

classification precision compared to PBC. 
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Utilizing bi-temporal ZiYuan-3 multispectral and stereo images, Z. Xie et al. [66] 

conducted a comparative analysis of six classification techniques, including RF, artificial 

neural network (ANN), maximum likelihood classifier (MLC), SVM, decision tree (DT), 

and kNN, for categorizing land cover, forest, and tree species. According to the findings, 

using several sources of data, spectral bands, vegetation indices, textures, and topographic 

features significantly increased the accuracy of classifying land-cover and forests as 

compared to using just spectral bands. They used a variety of data sources and 

classification methods to get high classification accuracy; nevertheless, no single approach 

produced the best accuracy for all classifications of tree species. This study suggests that 

the optimum classification outcomes for various land cover classes cannot be achieved 

using the same data source and classification technique. 

 

For two study areas, Capital Normal University (CNU) and Beijing Normal University 

(BNU), in Beijing, China, D. Li et al. [67] investigated the potential of bi-temporal 

WorldView-2 (WV2) and WorldView-3 (WV3) images for detecting five prevalent urban 

tree species with the object-based SVM and RF algorithms. As both producer and user 

accuracy rates of tree species were quite low (44.7% - 82.5%), their investigation 

demonstrated that the single-date image could not yield satisfactory classification results, 

however, those produced from bi-temporal images were, on average, 10.7 percent higher. 

According to the analysis, spectral features consistently contribute more to categorization 

than textural features, and near-infrared 2, red-edge, and green bands are consistently more 

significant than the other bands. 

 

Using the Chinese Gaofen-1 (GF-1) satellite image with high spatial resolution, L-band 

PALSAR, and C-band Radarsat-2 data, the experiments assessed the efficacy of object-

based versus pixel-based Random Forest (RF) techniques for mapping wetland vegetation 

[68]. Following are some of the conclusions of the experimental investigations [68]: (1) 

GF-1, Radarsat-2, and PALSAR image categorization algorithms using pixel-based (PB) 

and object-based (OB) methodologies revealed statistically consequential differences; (2) 

For both GF-1 and GF-1 fused with SAR images, object-based and pixel-based RF 

categorizations both obtained greater than 80% overall accuracy; (3) When compared to 

pixel-based categorizations, OBCs improved overall precision between 3% and 10% in all 

scenarios; and (4) Object-based classifications generated by the unification of GF-1, 
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Radarsat-2, and PALSAR photos exceeded precision compared to any lone datasets and 

achieved 89.64 percent. 

 

For modeling, mapping, and measuring aboveground biomass (AGB) in the Rio Doce 

basin, part of the Brazilian Atlantic Forest biome, E. M. O. Silveira et al. [69] contrasted an 

object-based strategy with a pixel-based one. They used remotely sensed images of the 

environment, the topography, and the landsat thematic mapper (TM) to train a random 

forest (RF) machine learning algorithm and identified the best variables that fit the best 

model. The mean absolute error (MAE) of the AGB prediction was drastically decreased 

by the RF object-based model, going from 28.64 to 20.95 percent. By reducing AGB 

variability in topographically different and heterogeneous surroundings, they showed that 

object-based modeling is a potential substitute for conventional pixel-based methods. 

 

With the help of data from Maiella National Park's Google Earth Engine (GEE), Tassi et 

al. [70] sought to create a Landsat-8 (L8) data composition and categorization procedure. 

Two pixel-based (PB) and two object-based (OB) techniques were contrasted [70]. 

Through out-of-bag error investigation, they conducted a preliminary RF tuning method to 

figure out the ideal number of decision trees. They dispersed 1200 ground truth points at 

random, of which they utilized 70% to train the RF algorithm and 30% for validation. To 

more thoroughly assess the effectiveness of the various options, this subdivision was 

arbitrarily and iteratively redone. Utilizing the 15 m L8 panchromatic band, the OB 

methods outperformed the PB ones while the addition of textural information did not affect 

the PB approach's performance. 

 

For mapping land use patterns in the tropical Northern Territory of Australia, Whiteside et 

al. [71] evaluated the outcomes of an object-based classification to a supervised per-pixel 

classification. Using training objects and the fuzzy, supervised Nearest Neighbour 

classification technique, classes were assigned to objects. The maximum likelihood 

classifier technique was used for the supervised pixel-based classification, which involved 

choosing training areas and classifying the data. Comparing the data reveals that the 

object-based classification outperformed the pixel-based classification in terms of overall 

accuracy by a numerically substantial margin. When mapping the land cover of tropical 

savanna, the nearest neighbor (NN) algorithm using an OB approach demonstrated 
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quantitatively outstanding greater precision with an overall accuracy of 78.5% compared to 

the maximum likelihood classifier (MLC) using a pixel-based approach with an overall 

accuracy of 69.5%. The findings suggest that object-based analysis has a strong chance of 

successfully extracting information about land cover from satellite data taken over spatially 

heterogeneous land covers in tropical Australia. 

 

Q. Wu et al. [72] investigated and compared the classification accuracy of pixel-based 

decision tree (DT) and object-based SVM techniques using experiment data from an 

unmanned platform carrying a lidar scanner equipment and camera. Object-based SVM 

classification had a better total classification accuracy than pixel-based DT classification; 

the former's total accuracy and kappa coefficient were 92.71% and 0.899, respectively. By 

combining many fusion data sets, object-based SVM and pixel-based DT algorithms 

produced the maximum classification accuracy for the building and water classes. 

Nevertheless, for troublesome classes, such as low vegetation and bare soil, object-based 

SVM classification outperformed pixel-based DT. 

 

The multi-resolution version of the watershed transform-based image segmentation 

technique was utilized by I. A. Rizvi et al. [73], who then classified the segments using a 

modified version of a new kernel function termed the cloud basis function (CBF) of 

QuickBird satellite image, and IRS P6 LISS IV multispectral images of the urban area. The 

CBF has proven to perform better than the traditional radial basis function (RBF) 

employed in ANN, with a classification accuracy increase of roughly 4%. 

 

In the Mediterranean region of Turkey, which has a significant capacity for agricultural 

greenhouse activities, F. Bektas Balcik et al. [74] worked on the identification of 

greenhouses from high-resolution French satellite Pour l’Observation de la Terre  (SPOT)-

7 and Sentinel-2 Multi-Spectral Instrument (MSI) images using an object-based image 

classification (OBIC) technique with three distinct classifiers, kNN, RF, and SVM. The 

results showed that the KNN and RF classifiers had somewhat higher overall accuracy 

(OA) and Kappa statistics (91.43% and 0.88)  for the SPOT-7 image than did the SVM 

(88% and 0.83). For object-based kNN, RF, and SVM classifiers, SPOT-7 image accuracy 

statistics outperform Sentinel-2 image accuracy numbers. 
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T. Novack et al. [75] thoroughly compared the ability of QuickBird-2-simulated (QB-2) 

and WorldView-2 (WV-2) images with eight multispectral bands to classify urban land 

cover based on objects. Four distinct supervised algorithms were used to perform object-

based classifications on each data set, and the accuracy results and model performance 

indices were evaluated. Our findings suggest that using the additional bands of the WV-2 

sensor throughout the object-based classification process can help discriminate between 

spectrally close classes like roofs made with ceramic tile and bare soil, in addition to 

asphalt and dark asbestos roofs. The random forest method, followed by the regression tree 

and the decision tree algorithms, produced classifications with the greatest accuracy scores 

(an average of 0.95). Because of the feature space's high complexity and correlation, the 

SVM classifier scored the worst in every situation. 

 

 

When employed to categorize earth observation (EO) imagery, multi-scale object-based 

image analysis (MOBIA) can produce dozens, if not hundreds, of different variables. D. C. 

Duro et al. [76] classified the land cover in a region undergoing heavy agricultural 

expansion using the MOBIA technique. The RF method is used to categorize the data 

produced from the elevation data and pictures from two EO satellites. The RF classifier 

developed a useful representation of the land cover in the chosen study area using this 

feature-reduced data set, and it obtained an overall classification precision of more than 

90%. The RF algorithm's variable significance measures revealed which object traits were 

comparatively more crucial for categorizing the various land-cover kinds. 

 

To choose the ideal blend of spectral and structural features, Naeini et al. [77] employed 

the object-based feature selection approach to two satellite pictures taken by a WorldView-

2 sensor with a 2m resolution in eight multispectral bands and 0.5m 

resolution panchromatic band. Using the technique for order of preference by similarity to 

the ideal solution (TOPSIS) assessment method, the performance of the particle swarm 

optimization (PSO) algorithm has been evaluated to the three other algorithms, namely, 

 GA, honey-bee mating (HBM), and artificial bee colony (ABC). This TOPSIS analysis 

has indicated that PSO and GA exhibited the highest and poorest performances, 

respectively. 
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To map salt cedar in the area of Ejina city, China,  L. Xun et al.  [78] have contrasted three 

distinct classification techniques: object-based SVM, SVM at the pixel level, and nearest-

neighbor at the object level. They created a novel two-step object-SVM technique that uses 

objects formed from two perfect segmentation scales, which were acquired using the 

Bhattacharyya distance. According to the classification results for salt cedar, the object-

SVM approach produced the best performance when compared to the other two classifiers. 

Due to salt and pepper noise, SVM at the pixel level scored less well than the object-SVM, 

but it has shown greater accuracy than the nearest-neighbor technique. 

 

In order to categorize extremely high-resolution WorldView-2 satellite images using an 

object-based classification method for categorizing urban areas located in the Haidian 

District of Beijing, China, Y. Qian et al. [79] assessed and compared the performance of 

four machine learning classifiers: SVM, kNN, normal Bayes (NB), and classification and 

regression tree (CART). With the help of eight training sample subsets drawn at random 

from the entire training sample set, they also looked into the classifiers' sensitivity levels 

and they discovered that NB and kNN were more sensitive to training sample sizes. In 

comparison to the CART and kNN classifiers, the object-based SVM and NB classifiers 

have shown greater performance with a total accuracy of more than 90%. 

 

In Jishan County, Shanxi Province, China, Z. Tang et al. [80] suggested a classification 

approach that uses the multi-scale object-based weighted technique that incorporates 

manually digitizing crop distribution using multispectral 4 band Gaofen-2 (GF-2) pictures. 

They used the estimate of scale parameter (ESP) tool, which calculates the rates of changes 

(ROC) of local variance (LV) of picture object homogeneity at various segmentation scale 

parameters to demonstrate the effects of object segmentation. Their study's findings show 

that when varied scales are paired with SVM, RF, and multilayer perceptron (MLP) 

classifiers, accuracy differences become apparent and it can be challenging to choose the 

"best" single appropriate scale; additionally, multi-scale weighted classification methods 

have higher accuracy than single preferred scale approaches. 

 

S. Talukdar et al. [81] used multispectral Landsat-8 operational land imager (OLI) datasets 

to investigate SVM, RF, ANN, Mahalanobis distance, fuzzy adaptive resonance theory 

supervised predictive mapping (Fuzzy ARTMAP), and spectral angle mapper (SAM) 
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methods for LULC classification of the Ganga river. All of the classifiers have a 

comparable accuracy level with just minor variations, according to the comparative Kappa 

coefficient values, although the RF algorithm has the best accuracy (0.89), while the 

Mahalanobis distance method has the lowest accuracy (0.82). 

 

M. Li et al. [82] employed statistical techniques and visual inspection to compare SVM, 

RF, DT, and Naive Bayes algorithms utilizing 0.2 m spatial resolution photos of the 

agricultural area taken by the unmanned aerial vehicle in Deyang city, Sichuan Province, 

China. The findings show that RF and SVM are excellent tools compared to DT and Naive 

Bayes algorithms for object based classifications in rural areas, and they also support a 

widely anticipated general trend—namely, that overall accuracy decreases with a rise in 

segmentation scale. 

 

Using multispectral Landsat ETM+ and WorldView-2 data, B. Melville et al. [83] 

described an RF classification strategy for detecting and classifying three distinct kinds of 

lowland grassland communities observed in Tasmanian Midlands, Australia. All classes 

displayed good levels of consistency in terms of categorization and training efficiency, and 

all classes had small standard deviations. Landsat ETM+ data and WorldView-2 datasets 

both have overall mean classification accuracy results of 76.72% and 78.26%, respectively 

for object based classification. They demonstrate the value of larger spatial scale datasets 

as a resource of reference data owing to the statistical methods they used, which offer a 

clear way of evaluating and evaluating sampling bias within both validation and training 

datasets. 

 

For object-based urban land use land cover application, Georganos et al. [84] accomplished 

the extreme gradient boosting (Xgboost) classifier in a very high resolution (VHR) data set 

over the cities of Dakar of Senegal and Ouagadougou of Burkina Faso as well as the 

village of Vaihingen of Germany. A Bayesian-based optimization technique using the 

R "rBayesianOptimization" package was utilized to fine-tune the Xgboost parameters to 

enhance classification performance. The performance of Xgboost compared with 

benchmark classifiers such as RF and SVM. The findings show that optimized Xgboost 

consistently outperforms RF and SVM in a variety of VHR data sets and classification 
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schemes but at the expense of longer calculation times. As there are more training data 

available, Xgboost's improvement capabilities grow. 

 

Using object-based image analysis methods on unmanned aerial vehicles (UAV) 

hyperspectral pictures acquired from a commercial hyperspectral imaging sensor mounted 

on a UAV platform, J. Cao et al [85] have categorized mangrove species on Qi'ao Island, 

Zhuhai City, Guangdong Province, China. Based on the variations in their spectral and 

spatial properties, objects were categorized into various species of mangroves and other 

land covers. By combining all the features collectively, the SVM classifier demonstrated 

greater accuracy for classifying mangrove species when contrasted to KNN. According to 

the OBC classification findings, k-nearest neighbor (kNN) and SVM had the highest 

overall classification performance, with respective values of 82.06% and 88.66%. 

 

The large-scale mean shift (LSMS), Shepherd algorithm, and multi-resolution 

segmentation (MRS) algorithms have been evaluated by G. Modica et al. [86] for the 

segmentation of OBC, and kNN, RF, Normal Bayes (NB), and SVM machine learning 

classifiers have been analyzed in terms of overall, user, and producer accuracy for UAVs 

multispectral images of the orchard-study site located in Calabria, Italy and onion crop-

study site located in Cosenza, Italy. They found that even when over-segmentation levels 

are high, good classification precision results can be obtained. With OA values ranging 

81.0% and 91.20%, the SVM and RF were found to be the most reliable classifiers 

compared to kNN and NB and were less affected by the software employed and the scene's 

properties. 

 

For the classification of the Brazilian tropical savanna's land use and land cover (LULC) 

using the advanced land observing satellite-2 (ALOS-2) and phased array type L-band 

synthetic aperture radar-2 (PALSAR-2) Images, the F. F. Camargo et al. [87] suggested a 

workflow that combines polarimetric features, picture segmentation, and machine learning 

techniques. The RF, Naive Bayes (NB), decision tree J48, multilayer perceptron (MLP), 

and SVM machine learning approaches were employed to categorize the aforementioned 

satellite images using the suggested approach. The highest accurate results were from the 

RF, MLP, and SVM classifiers, whereas the NB and DT J48 classifiers performed worse. 
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To detect plastic-covered greenhouses, data from the multi spectral instrument (MSI) 

Sentinel-2 (S2) and Landsat 8 (L8) operational land imager (OLI) satellites were evaluated. 

Two closely linked in-time images, one for each sensing element, were categorized using 

an object based image analysis (OBIA) process with an RF machine learning algorithm 

[88]. Since the RF classifier produced excellent classification outcomes in numerous 

remote sensing investigations, proving its stability against a wide range of variables, A. 

Novelli et al. [88] employed it as a tool to compare the S2 MSI and L8 OLI scenario in 

plastic-covered greenhouses detection. The results of this analysis supported the notion that 

the optimum greenhouse segmentation for atmospherically adjusted S2 and L8 data is 

significantly correlated with the blue, green, and near-infrared (NIR) bands. When the best 

common segmentation was utilized for both data sets, the final findings showed that S2 

and L8 had the highest overall accuracy, each scoring 93.4%, and 89.8%. 

 

Kavzoglu et al. [89] examined the performance and efficacy of a novel ensemble learning 

algorithm, rotation forest (RotFor), in land use land cover object-based categorization 

using a VHR WV-2 satellite image of the Gebze district of Kocaeli province, 

Turkey. Using the Definiens eCognition 9 programme, segments were created using a 

bottom-up method called the multiresolution segmentation algorithm. The best scale 

parameter for better discriminating the targeted LULC classes was estimated using a tool 

called estimation of the scale parameter. Using the five different band combinations, the 

performance of the RotFor algorithm in contrast to SVM, RF, and NN was examined for 

the OBC. The RotFor algorithm was found to have the highest classification accuracy 

estimates for all band combinations taken into consideration at the cost of maximum 

computation time. 

 

Y. Tang et al. [90] suggested multiple-point statistics (MPS) as a new multiple-point k-

nearest neighbor (MPk-NN) categorization process for improving object-based 

categorization. To investigate the new approach, two satellite sensor images with high 

spatial resolution were chosen. One was a WorldView-2 image with a spatial resolution of 

2m of the Wolong mountainous area in the Sichuan Province of China, while the other is 

an IKONOS image with a geographical resolution of 4m of the Beijing urban area. In 

comparison to other well-known classification techniques including Bayesian, k-
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NN, decision tree classifier (DTC), and SVM techniques, the MPk-NN method generated 

the highest overall accuracy and Kappa coefficient for both datasets. 

 

According to the studies described above, pixel one is less appropriate for classifying VHR 

satellite images than the object-based categorization technique. To compare different 

supervised classifiers with object-based approaches, numerous studies were conducted. 

The most state-of-the-art classifiers employed for OBC are decision tree (DT), random 

forest (RF), and support vector machine (SVM).  

 

2.5 Change Detection Methods  

 

Disasters, deforestation, changes in river course, urbanization, etc. all cause changes to the 

earth's surface. Land usage and land cover are the two categories used to classify changes 

to the earth's surface. The term "land use" refers to the use that a particular plot of land is 

devoted to, such as farming, urban development, mining, etc. The phrase "land cover" 

refers to the elements that are found on the earth's surface, such as houses, pavement, 

forests, etc. A variety of groups are interested in change detection in multi-temporal data 

because of its applicability in a number of areas, including remote sensing, analysis of 

medical images, infrastructure observation, etc. The connection and interaction between 

natural events and humans can be better evaluated and understood, leading to better 

resource management and utilization if change detection of the earth's surface is carried out 

efficiently and precisely. In remote sensing, the multi-temporal photographs of a particular 

geographical region are analyzed collectively to determine and quantify how much the 

earth's surface has changed between the two dates. The method of discovering variation in 

a certain land region over time is called change detection (CD) [91]. 

 

Many different change detection methods have been created in the past, and more are 

constantly being created. In order to properly manage and use resources, correlations and 

interactions between the environment and human events must be understood [92]. Timely 

and precise change detection of Earth's surface topography lays the groundwork for this. 

For several CD applications, including agricultural and forest monitoring, environmental 

and landscape tracking, and urban environment research, remote sensing technology can be 

especially significant [92, 93].  
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In a developing nation like India, urbanization and the planning of its development are 

crucial to the country's economic progress [94]. People moving into cities has led to a 

variety of difficult issues with traffic control, water quality, access to fresh air, and loss of 

greenery. Due to the frequent interaction of people, poor spectral discriminating capacity, 

the complexity of real structures, and geometric deformation change detection in the urban 

landscape is a difficult task that requires ongoing monitoring [95, 97]. The measurement of 

temporal phenomena using multi-date imagery, which is most frequently gathered by 

satellite-based multi-spectral sensors, is included in digital change detection [98]. 

 

An affordable method for change identification in a complex urban environment is to 

analyze very high resolution (VHR) satellite photos. The methods for detecting changes 

are largely divided into supervised and unsupervised methods [92, 98]. Changing 

meteorological conditions and variations in brightness that occur at specific acquisition 

times are two external factors that could impair the efficacy of the unsupervised technique 

[99]. Compared to the unsupervised CD method, the supervised CD method is far more 

practical and successful for multitemporal satellite data [100]. 

 

To help users of remote sensing algorithms comprehend and traverse the huge diversity of 

available techniques, Reba et al. [101] evaluated recent and old change detection research 

to look at the urban land transformation. They pointed out that only a few places are seeing 

the development and application of the majority of urban change detection systems. They 

highlighted that the majority of studies (approximately 75%) focus on China or the United 

States and high or upper-middle-income nations. These indicated both the need for 

additional research on cities in low and lower-middle-income nations as well as a 

significant geographic gap in geographic coverage. 

Thresholding, vegetation index differencing, transformation, image differencing, image 

ratioing, and post-classification change detection are only a few of the different categories 

under which the CD algorithms are divided. For estimating urban growth, post-

classification change detection is an extensively utilized method [101]. The numerous post-

classification change detection strategies can be broadly categorized into pixel-based 

change detection (PBCD) and object-based change detection (OBCD) methodologies 

based on studies from the last few decades [102].   
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2.5.1 Pixel Based Change Detection - PBCD 

 

The main difference between pixel-based change detection (PBCD) and object-based 

change detection (OBCD) methodologies is the kind of image classification strategy 

employed for the classification stage. As mentioned in sections 2.3 and 2.4, the type of 

image classification strategies are pixel based classification (PBC) and object based 

classification (OBC). The pixel-based change detection is a conventional method that 

focuses on the spectral property of a single pixel value, whereas object-based change 

detection operates on a collection of pixels with similar properties known as polygons or 

objects as the fundamental building blocks for image processing [103]. 

 

In PBCD, the change elements from two images are contrasted independently for each 

pixel. Medium and low-resolution remote sensing imagery is the primary application for 

pixel-based change detection approaches, which include two steps: 1) producing the 

difference image pixel by pixel, and 2) processing it to produce the change map [102]. 

Principal component analysis (PCA) [104], Change vector analysis (CVA) [105], and post-

classification are a few of the PBCD approaches that have been explored and implemented 

for the task of change detection. Due to the lack of consideration for spatial-contextual 

characteristics, most PBCD algorithms for VHR satellite data suffer from "salt and pepper" 

noise [106]. 

 

2.5.2 Object Based Change Detection - OBCD 

 

By including spatial and contextual information in the form of objects created by the image 

being divided into spectrally comparable and meaningful polygons, object-based change 

detection approaches get beyond the aforementioned disadvantages of pixel based change 

detection [24, 44]. In terms of classification accuracy, object-based techniques have 

essentially demonstrated greater performance for change detection applications in the type 

of complicated urban terrain [45]. In recent decades, the availability of VHR satellite data 

and powerful computing systems has benefited object-based approaches for change 

detection applications [107]. For multispectral remotely sensed data, the key operations for 

the object based method of classification in the post-classification change detection method 
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include stacking of various image bands, segmentation of the stacked image, sampling of 

segmented objects, extraction of various features, and classification. 

 

The significant components causing uncertainty during OBC operations include supervised 

classifier selection, strategies for choosing training data, feature extraction from segments, 

and parameter adjustment for the segmentation algorithm [50]. The selection of an 

appropriate classifier algorithm and the fine tweaking of its parameters have a significant 

impact on the OBCD process' accuracy performance. For object-based approaches to 

classification, various supervised classifier algorithms have been used recently. 

 

The Amtlich Topographisches- Kartographisches Informations system (ATKIS) datasets 

were used by Walter et al. [108] to introduce a change detection approach based on object-

based categorization of remote sensing data with supervised maximum likelihood 

classification. Each object is defined by an n-dimensional feature set and using supervised 

maximum likelihood classification, it is assigned to the most likely class. The troublesome 

aspect of matching was substituted by a single comparison of the classification 

performance with the GIS database without utilizing any thresholds because the approach's 

output was a classification into the most likely class. 

 

By utilizing image segmentation, image differencing, and stochastic analysis of the 

multispectral signal, a new approach to change detection is provided by Desclée et al. 

[109] for determining changes in forest land cover using SPOT high-resolution visible 

(HRV) images. Using all sequential photos combined, the entire collections of spectral 

bands are used to define the objects in this approach in a single operation. This method, 

referred to as multi-date segmentation, uses spatial, spectral, and temporal data to 

designate appropriate objects. As a result, pixels that are spectro-temporally comparable in 

a collection of successive photographs are grouped together in an n-dimensional space, 

where nb denotes the range of spectral bands used in the collection of consecutive images. 

The results of this object-based method were evaluated using two sets of reference data, 

including an independent forest inventory, and contrasted with a pixel-based method 

utilizing the RGB-NDVI method. Using a 10-year SPOT multidate data set, detection 

accuracy greater than 90% and an overall kappa greater than 0.80 were attained. 
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Hegazy et al. [110] made an effort to evaluate and create a land use/land cover map for 

Mansoura and Talkha cities, two significant cities in the Daqahlia Governorate that have 

seen a rapid increase in urban communities in recent decades. This was done to identify 

changes that have occurred, particularly in the built-up land, and to evaluate the urban 

sprawl of the various time periods. In the cities of Mansoura and Talkha, the total built-up 

area was 28 km2 in 1985; by the years 2000 and 2010, it had increased to 47 km2 and 243 

km2, respectively. This increase in the built-up area was offset by a decrease in the 

agricultural class, which was 610 km2, 588 km2, and 382 km2 in the years 1958, 2000, and 

2010, respectively. 

 

Using QuickBird and WorldView-2 satellite pictures, Z. Zhou et al. [111] proposed high 

accuracy object-based change detection (OBCD) method for the coral reef habitat of the 

Spratly Islands in the South China Sea. Image fusion, object-area-based accuracy 

assessment, RF models, image differencing, and multi-temporal image segmentation are all 

included in the suggested methodological framework. The segmentation was carried out 

concurrently by [111] on all photos from various dates after stacking all of the spectral 

band sets. The OBCD's average overall accuracy was greater than 90%. In terms of change 

detection accuracy and mapping outcomes, the OBCD technique was devoid of salt-and-

pepper effects and less prone to picture misregistration. The OBCD approach, which used 

the polygon as its primary analytical unit, produced significantly cleaner and neater change 

detection maps than the PBCD method.  

 

The traditional pixel-based and (primarily) statistics-oriented change detection methods 

have been discussed briefly by M. Hussain et al. [48]. These methods primarily focus on 

spectral values and mostly disregard the spatial context, and the author has highlighted the 

limitations of these traditional methods. They also emphasized the significance of the 

exponential growth in satellite image data volume, the use of many sensors, and the 

concomitant difficulties in developing change detection systems. Due to their superior 

performance compared to traditional PBCD approaches for VHR satellite data, object-

based image analysis techniques are frequently used for change extraction applications for 

various terrain types. 
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X. Wang et al.  [99] proposed a novel object-based change detection strategy incorporating 

numerous features and ensemble learning to enhance the precision of change detection in 

urban environments utilizing bi-temporal high-resolution remote sensing images. They 

used VHR QuickBird satellite images of the experimental area in Xuzhou, China, as well 

as Ziyuan-3 and Gaofen-1 high-resolution images of the experimental area in Jiangyin 

County, China, to apply the ensemble method to incorporate the output of several 

classifiers for object-based change detection in an urban area. Comparing ensemble 

learning to single classifiers such as extreme learning machines (ELMs), k-nearest 

neighbor (KNN), SVM, and RF for the OBCD process, the ensemble learning technique 

has produced better results with various segmentation scales regarding classification 

accuracy. When compared to a single supervised classifier, change detection performances 

with the ensemble learning technique were found to be more consistent for different 

segmentation scales. 

 

For change detection applications using remote sensing data from Landsat-5 photos of 

Sardinia Island, Italy, and Landsat-7 images of the area in Mexico, Khurana et al. [112] 

presented an adaptable ensemble of extreme learning machines (ELMs). Extreme learning 

machine (ELM) was employed as the base classifier in the recommended approach of an 

adaptive ensemble of ELMs; as a result, various ELMs were trained and tested, and their 

configuration was retained. Further, an adaptive ensemble was built by combining these 

ELMs. With the aforementioned data sets, the performance of the suggested adaptive 

ensemble approach utilizing ELMs was examined, and the results were better, with an 

average accuracy of 90.5% in detecting the change compared to one ELM for change 

detection. Weights and biases were assigned randomly to the hidden layer neurons for each 

ELM's training, and the weight matrix for the hidden to output layer was calculated using 

Penrose-Moore generalized inverse methods [113]. 

 

To obtain results with a better degree of accuracy, Avashia et al. [114] used numerous 

categorization techniques. Using Landsat images, they investigated the evaluation of 

various classification algorithms, including hybrid, unsupervised, decision tree 

categorization, and object-based image analysis (OBIA), for mapping out the changes in 

land usage in Indian cities. The findings imply that employing multi-level classification for 

various Indian cities at various stages of the classification process will increase accuracy 
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levels. They employed DTC and OBIA classification methods for difficult classes. For 

multi-temporal datasets, the hybrid classification strategy, which combines the benefits of 

both supervised and unsupervised classification techniques, significantly improved 

accuracy outcomes. 

 

Wang et al.  [115] have identified LULC changes in Nepal's capital city of Kathmandu 

using remote sensing and geographic information systems. They discovered that 77% of 

the district's water bodies, 9.80% of its agricultural land, and 9.28% of its forest area had 

disappeared between the years 1990 and 2010. The growing urbanized regions, which have 

gained 52.47% of the total land area, have absorbed a sizeable portion of these losses. 

Landsat-5 (TM) and Landsat-8 Operational Land Imager (OLI) images with a resolution of 

30m were applied to quantify the change in land use and land cover for the city of 

Kathmandu. They employed the ERDAS Imagine software's maximum likelihood 

classifier (MLC) algorithm to perform supervised classification on all of the above remote 

sensing images. 

 

Idowu et al. [116] used Landsat 4-5 (TM), Sentinel 2A, and Landsat 7 ETM+ images to 

analyze the LULC of the coastal metropolis of Lagos in south-west Nigeria from 1986 to 

2016 adopting an object-based image analysis methodology using post-classification 

comparison technique. On the aforementioned datasets, they carried out object-based 

image analysis utilizing the eCognition programme and a multi-resolution segmentation 

approach. To get 200 validation points for each image that was categorized, a point-based 

random stratified sampling procedure was used. For images of the years 1986, 2001, and 

2016, respectively, the results demonstrate high overall classification precision of 83.5%, 

85.5%, and 87.5% and equally high kappa statistics of 0.78, 0.80, and 0.85. Built-up and 

barren areas had extraordinary gains between 1986 and 2016, going from 9% to 26% and 

0.2% to 0.9%, respectively. From 1986 to 2016, the percentage of land covered by forests 

decreased from 63.6% to 40.2%. 

 

According to the literature review mentioned above, the benchmark classifiers utilized in 

the object-based technique of classifying satellite data are the Random forest (RF) [56- 58], 

and the Support Vector Machine (SVM) [30, 59-61]. 
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With the use of rotation forests (RoF) and coarse-to-fine uncertainty studies of multi-

temporal high-resolution remote sensing pictures, Feng et al. [117] discussed an object-

based method for urban area change detection. Ortho-rectified bi-temporal GF2 multi-

spectral photos of Liuzhou, China, utilized in tests mostly consist of the three bands R, G, 

and B. Because of the initial images' high resolution, pixel-based CD approaches based on 

spectral data are unable to match the criteria for change information retrieval, and the 

results are inferior. To produce final findings, CD results at the three ideal scales are 

combined using the majority voting (MV) method. The Rotation forest (RoF) MV method 

has the greatest kappa coefficient among the three supervised classifiers in comparison to 

the RF MV and Extreme learning machine (ELM) MV approaches. 

 

Du et al. [118] examined the effectiveness of two cutting-edge machine learning 

techniques, Random Forest and Rotation Forest, for classifying PolSAR remote sensing 

images from Radarsat-2 satellite in terms of classification accuracy, computational 

efficiency, the effects of training size of the sample, and the number of base classifiers in 

an ensemble. The outcomes of the benchmark-supervised Wishart classifier and SVM are 

compared with the classification results of the RF and rotation forest algorithms in terms of 

classification precision. The total accuracy of both rotation forest and RF rises as the size 

of the training set grows, and rotation forest typically produces better results than RF while 

always taking significantly longer to complete. 

 

Canonical correlation forest (CCF), a novel ensemble technology, and the capability of 

Sentinel-2 (S2) images of the Ferizli district of Sakarya province, Turkey for crop 

categorization were both examined by Colkesen et al. [119]. The approach is based on 

creating an ensemble model resembling a forest from many canonical correlation trees. For 

the categorization of 4-band and 10-band S2 and Landsat-8 (L8) OLI datasets, its 

performance was contrasted with that of popular RF and rotation forests methods. The 

stratified random sampling method was employed to provide mutually exclusive training 

and testing samples, and the decision tree classifier served as the foundation classifier for 

the development of ensemble models. For the 6-band OLI dataset, the CCF classifier beat 

the rotation forest, but for the 4 and 10 band S2 dataset, both classifiers gave equal 

classification outcomes. The best classification accuracy for the 10-band S2 dataset was 

assessed by CCF to be 93.16%, which is marginally better than the accuracy attained by 
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the rotation forest (92.82%). For the L-8 OLI dataset, the CCF outperformed the RF and 

RotFor classifiers in terms of classification performance, but a review of the computational 

costs revealed that the RotFor and CCF need higher time for ensemble model generation, 

which can be viewed as one of their key disadvantages. 

 

Many individuals in developing nations like India are moving from rural to urban areas in 

search of improved infrastructure, healthcare, and other amenities. To accommodate 

migration and preserve the ecosystem, there is a critical need for smarter urban design. 

This task frequently makes use of remote sensing technology. There is a huge amount of 

satellite data available, and there is a demand for machine learning (ML) algorithms that 

are quicker and more accurate to analyze and investigate metropolitan regions for urban 

development planning. 

 

The idea behind the ensemble learning technique is to combine many predictions from 

different classifiers to forecast the final result in order to improve classification accuracy. 

When compared to individual classifiers, ensemble learning methods have demonstrated 

greater performance regarding classification accuracy for VHR remotely sensed data [120]. 

The extra trees classifier (ETC), one of the supervised classifiers, is a much faster and 

more effective ensemble classifier. It uses a tree-based ensemble ML method with several 

node-splitting concepts that are chosen at random from data and cut points [121]. 

 

An overview of the foremost aforementioned literature review work on several machine 

learning classification algorithms and change detection strategies is shown in Table 2.1. It 

contains various types of satellite data used, methods adopted, classification or other 

machine learning algorithms used, and conclusions or outcomes of the research work. 

 
 

TABLE 2.1 Summarization of Literature Review 
 
 

Research 
Work  

Images  / Data 
used 

Methods  Classification or ML 
Algorithms 

Remarks / 
Conclusion 

I. A. Rizvi 
et al. 2011 
[73] 

1) QuickBird 
(NIR, R, G)   
2) IRS P6 LISS 
IV (NIR, R, G) 
with resolution 
5.8m 

A modified version of 
the cloud basis function 
(CBF) was implemented 
as a kernel in a neural 
network. 
 

Multi-Resolution 
Watershed  
segmentation,  
Classification using 
radial basis function 
(RBF) NN, CBFNN, 
Modified CBFNN, 

Modified CBF 
(89%) has 
demonstrated 4% 
higher classification 
accuracy compared 
to RBF NN (86%)  
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Modified CBFNN + 
RLP compared.   

P. Zhang et 
al.  2013 
[52] 

1) QuickBird 
RGB bands 
with a 
resolution of 
0.6m     
2) Airborne 
ADS80 sensor 
0.32m aerial 
image at a 
flying height of 
3000m 

Proposed object based 
Spatial / Index: Object 
Correlative Index - OCI.  
 
Pixel Shape Index - PSI, 
Mathematical 
Morphology - MP  

Multiscale segmentation 
(Scale = 10, shape = 0.8, 
compactness = 0.9).            
Shape processing filter 
tool in eCognition. 
  
E- Cognition: neural 
network - NN, 
Maximum Likelihood 
classifier - MLC, SVM 
with RBF kernel used 
for classification.      
Compared the accuracy 
of PSI, MP, and OCI.  

The proposed OCI 
approach coupled 
with spectral 
features improves 
OA in each (NN, 
MLC, SVM) 
classifier. (OA) is 
more than 90% and 
Ka reaches 0.88  
 
Accuracy statistics 
were found higher 
for OCI than that of 
PSI, MP, and 
spectral feature only 
of the corresponding 
classifiers. 

Fernández 
et al. 2014 
[53] 

GeoEye-1 & 
WV-2 images, 
with pan band  
0.5m and  MS 
bands  2.0m, 
GE-1(R, G, B, 
NIR), WV-2 
(R, G, B, NIR,  
coastal blue, Y, 
R edge, NIR2)  
 

One Archival aerial 
Orthoimage (ArO) and 
two satellite images 
(GE-1 & WV-2 ) were 
compared for ISA 
classification. 
 

MRS in eCognition 8 
software. 
 
For both GE-1 & WV-2 
shape= 0.3 and 
compactness = 0.7.  
Scale for GE-1 = 50 & 
for WV-2 = 40  
 
Classification using 
SVM with RBF kernel- 
LIBSVM library used. 

Compared different 
feature sets for OA, 
UA & PA.  
 
Compared OA of 
ArO, GE1, and WV2 
with diff. % of total 
training samples.  
 
GE1 & WV2 led to 
higher OA than ArO 
when the texture 
feature set was not 
included. 

França et 
al. 2015 
[62] 

1) WV- 2 with 
a resolution of 
1.85m,  
 8 bands 
(coastal blue, 
B, G, Y, R, R 
edge, NIR-I, 
NIR-II)       
2) 
panchromatic 
image 0.5m  
 

Fusion of two images (1) 
& (2) using ENVI 4.7 
called Principal 
Component Spectral 
Sharpening (PC 
Sharpening).  
 
Data mining processes 
are carried out with 
Wrapper, CSF & manual 
empirical selection.  

Multi-Resolution 
Segmentation 
eCognition Developer 
8.7,  compactness = 0.5, 
Scale = 0.1, band weight 
= 1 for all bands. 
 
Decision tree generated 
by J48 (C4.5) algorithm 
on the software WEKA 
3.6, eCognition 
Developer 8.7 

Wrapper filter shows 
better Kappa than 
CSF. So it was used 
for the data mining 
process.  
 
The wrapper 
approach was best 
suited for attribute 
selection. Kappa 
obtained for 
Wrapper=0.94  & 
CSF = 0.90  

T. Novack 
et al. 2011 
[75] 

1) WV-2 image  
with 8 MS 
bands, and 
 
2) QuickBird-2  
(QB-2) with 4 
MS bands 
 

Segmentation by MRS 
algorithm in the 
Definiens Developer 7.0. 
 
Used genetic algorithm 
(GA) of Segmentation 
Parameter Tuner (SPT) 
system for selecting 
parameters of MRS. 

Four classifiers were 
compared for accuracy 
statistics. 
1) Decision Tree by the 
C4.5 method ;  
2) Random Forest;  
3) Support Vector 
Machines; and  
4) Regression Tree 
Classifiers 

RF algorithm 
obtained the highest 
accuracy values 
(average of 0.95), 
followed by the 
Regression Tree and 
the Decision Tree 
algorithms (averages 
of 0.85 and 0.77) 
respectively.  
 
SVM performed the 
worst in all cases 
(average of 0.57) 
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Chen Y. et 
al. 2017 
[29] 

1) Landsat 5 - 
TM 30m,    
2) Landsat 7 
ETM+  30m,  
3) Landsat 8 - 
OLI 30m  

Multiple Classifiers 
System (MCS) Based on 
Weight Vector Improved 
by AdaBoost. 

Classification results 
were compared with 
Support vector machine 
(SVM),   C4.5 Decision 
Tree, and Artificial 
Neural Network ANN 
classifiers 
 

With MCS-WV-
AdaBoost Average 
OA = 88.12 %, 
Kappa = 0.868 
which is higher than 
SVM (82.85%), 
C4.5 (80.2%), and 
ANN (81.77%) 
classifiers. 

Naeini et 
al. 2018 
[77] 

WV-2  at a 
resolution of 
2m in 8 MS 
bands and 0.5m 
in the pan 
band.  
 
Gram–Schmidt 
pan-sharpening 
technique 
applied for 
fusing pan and 
MS bands 

Particle Swarm 
Optimization (PSO) 
combined with 
Minimum Distance 
(MD) classifier 
compared with GA, 
Artificial Bee Colony 
(ABC) & Honey-Bee 
Mating (HBM) 
algorithm. 
 

Multi Resolution 
Segmentation (MRS) in 
eCognition software  
with scale = 48, shape = 
0.3, compactness = 0.5  
 
OBC performed with 
Minimum Distance 
(MD) classifier. 
 

TOPSIS analysis for 
comparison. 
PSO has shown the 
best performance 
and  
GA has shown the 
worst performance.  
 
The proposed 
method has low 
computational cost 
as a result of using 
the MD classifier. 

Georganos 
et al. 2018 
[84] 

1) pansharp  
WV-3 Visible 
& NIR,0.5m, 
normalized 
Digital Surface 
Model 
(nDSM); 
 2) VNIR, 
0.5m, nDSM; 
3) Vaihingen: 
orthophotos at 
9cm (NIR, R, 
G)  

Xgboost parameters are 
optimized with Bayesian 
optimization (BO) 
through the 
"rBayesianOptimization” 
package in R  
 
 

Open-source, 
semiautomatic 
processing chain, 
recently developed in a 
Python environment, 
exploiting GRASS GIS. 
 
Compared the 
classification of 
Xgboost (Extreme 
Gradient Boosting) with 
RF and SVM (R 
implementations)  

Xgboost classifier 
outperforms RF and 
SVM for all data 
sets but at cost of 
increased 
computational time.  
 

Hu Z. et al. 
2019 [42] 

WorldView3 
Images:  
1) multispectral 
8 bands with 
resolution 1.2m   
2) pan. with a 
resolution of 
0.3m.  
 

A novel framework for 
OBC, which provides a 
solution for multi-scale 
classification and 
optimal scale parameter 
estimation. 
 

The graph-based method 
was used to produce the 
initial partition, and then 
a hierarchical stepwise 
region merging process 
was employed for 
segmentation. 
OBC using Support 
Vector Machines (SVM) 
with RBF kernel. 

Accuracy stayed 
high on a scale of 60 
to 110, and the 
highest accuracy can 
be obtained around a 
scale of 99. 
 

Kavzoglu 
et al. 2015 
[89] 

WV-2 image 
with eight 
spectral bands 
having 2m 
spatial 
resolution and 
panchromatic 
band with a 
resolution of 
0.5m  

Five object features like 
mean, std. Dev., band 
ratio, and maximum and 
minimum pixel values of 
8 bands of WV-2 and 
NDVI were computed 
for each segment. 
  

Multiresolution 
segmentation 
algorithm of eCognition 
9 software (Scale = 38, 
shape = 0.3, 
compactness = 0.5) 
Compared Nearest 
neighbor (NN), SVM, 
RF, and Rotation Forest 
classifiers.  

The computation 
time of the Rotation 
Forest was found 
much higher. 
 
OA of the Rotation 
forest was better 
than NN, SVM, and 
RF classifiers. 
 

Colkesen 
et al. 2017 
[119] 

1) S-2 data set 
with band-2,3,4 
and 8 with 
resolution 
of10m, 

stratified random 
sampling approach for 
splitting data. 
 

Compared the 
classification 
performance of RF, 
Rotation Forest  
(RotFor), and canonical 

CCF outperformed 
compared to RF and 
RotFor for the L-8 
OLI data set. 
CCF and RotFor 
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2) L-8 OLI 
image with 6 
band 30m 
resolution 
 

Correlation forest  
(CCF) algorithms. 
 

showed similar 
results for S-2 data. 
  
CT of RF was found 
much smaller 
compared to CCF 
and RotFor. 

M. Li et al. 
2016 [82] 

UAV image 
with (R, G, B) 
bands with 
0.2m spatial 
resolution  

Stratified random 
sampling technique  
 

Multiresolution 
segmentation 
algorithm of eCognition 
(Scale = 20-200, shape = 
0.1, compactness = 0.5) 
  
Compared classification 
results of DT, RF, KNN, 
naive Bayes, and 
AdaBoost.M1  

RF was found better 
than all for varying 
scale parameters. 
 
RF and 
AdaBoost.M1 
showed the almost 
same accuracy for 
medium scale and 
overall training 
sample size. 
 
KNN showed the 
worst accuracy. 

Samat et 
al. 2018 
[120] 

Pansharpened 
QuickBird-2 
images 4 bands 
(NIR, R, G, B)  
 

10-fold CV using grid 
search for parameter 
selection and 
morphological profiles 
for spatial feature 
extraction. 
 

Compared the 
classification outcomes 
of DT, RF, Rotation 
Forest (RoF), Extremely 
randomized decision 
trees (ERDT), and 
Extremely randomized 
rotation forest (ERRoF) 
algorithms.  

ExtraTrees and 
ERRoF were found 
more suitable for 
handling high-
dimensional 
features. 
 
RoF has a higher 
computation time 
compared to DT, 
RF, and ERDT. 
ERDT has obtained 
the highest OA  

Griffith et 
al. 2018 
[27] 

Digital airborne 
orthomosaic  
data with (NIR, 
R, G, B) 0.5m 
resolution  
 

Simple random sampling 
technique to select test 
data. 
One model was trained 
on a comprehensive set 
of 86 (M86) attributes & 
the second model was 
trained on a set of 9 
(M9) spectral attributes  

Edge Method in ENVI 
FX software  
Scikit-learn, SVM with 
RBF kernel. 
 

OA for detailed 
classification was 
67.9% for M86 and 
69.2% for M9. 
 
For simplified 
classification, OA 
was 90.9% for M86 
and 90.2% for M9 

Avashia et 
al. 2020 
[114] 

Lansat 
Thematic 
Mapper Images 
from USGS  
 

Proposed hybrid 
approach with the 
advantage of supervised 
and unsupervised 
classification. 
 
ENVI 5.4 Software 
utilized for segmentation 
and classification in 
OBIA  

Compared the 
classification accuracy 
for decision tree 
classification(DTC), 
OBIA, Supervised, 
Unsupervised, and 
Hybrid methods. 
 

The hybrid 
technique has 
provided 
improvement in 
accuracy results.   
 
For problematic 
cases, DTC, OBIA, 
and unsupervised 
methods were used.  

F. Bektas 
Balcik et 
al. 2020 
[74] 

1)Sentinel-2 
MSI (NIR, R, 
G, B) 10m 
resolution 
  
2) SPOT-7 
(NIR, R, G, B) 

ESP-2 tool is used to 
determine scale 
parameters for the MRS 
segmentation algorithm. 
 

Multiresolution 
segmentation (MRS) 
eCognition  
Developer 9.0  
 
Compared the OBC 
accuracy with 

KNN and RF have 
higher OA and KC 
compared to SVM 
for the SPOT-7 data 
set 
 
The accuracy of the 
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6m resolution k-nearest neighbor  
(kNN), RF, and SVM 
classifiers. 

SPOT-7 image 
classification was 
better than the 
Sentinel-2 image. 

 

2.6 Summary 

 

This chapter reviews change detection methods that fall under the topic of land use 

classification, as well as a background overview of several satellite image classification 

approaches. The two primary classification techniques for satellite images, supervised and 

unsupervised classifications, are discussed and reviewed in section 2.2. It presents the 

fundamental concepts of the supervised and unsupervised categorization processes for 

applications involving land use and land cover. Additionally, it discusses the various 

supervised and unsupervised machine learning methods utilized for diverse applications. 

The pixel-based categorization method for remote sensing images was investigated and 

reviewed in section 2.3. It describes the numerous applications for which different 

classifiers were put into place for distinct satellite images. Due to the availability of 

satellite data with high to extremely high spatial resolution, object-based categorization 

techniques have been surveyed and investigated in detail in section 2.4 as a successor to 

pixel-based techniques for LULC mapping. If change detection of the earth's surface is 

done effectively and precisely, the relationship and interaction between natural events and 

humans may be properly assessed, leading to better resource management and usage. In 

section 2.5, two categories of change detection techniques pixel-based and object-based 

change detection were examined and reviewed in detail for various land cover applications 

and diverse VHR satellite data. A variety of satellite data from different satellites, distinct 

resolution, dissimilar number of bands used with different classification methods and 

approaches. There is a need to compare and analyze standard OBC techniques and suggest 

a new method for object based classification of satellite images for urban areas with 

improved performance. In conclusion from the above literature survey for various satellite 

data, DT, SVM, and RF algorithms were found as benchmark classifiers and used for 

comparison and performance evaluation of various novel techniques for object based 

classification and change detection methods. 
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CHAPTER 3 

Study Area, Data Sets, and Spectral Signature 
Analysis 

 

3.1 Introduction 

 

Urbanization is the term used to describe the population shift from rural to urban areas as a 

result of people seeking better job prospects, a great infrastructure, and quality educational 

institutions. It is a long-term, ongoing process that involves the social change of traditional 

rural regions into the contemporary, industrialized, commercialized and urban 

environment. Although urbanization raises living standards, it also brings up issues like the 

development of dense, unplanned residential areas, environmental contamination, solid 

waste management, and another social aspect.  

 

Urban and town planners in India are concerned with the rapid growth of the urban 

population and how to build cities effectively. India's urban development complexity is so 

extreme that it requires critical intervention and thoughtful spatial planning of the urban 

area. As a result, there is a pressing need to implement contemporary remote sensing 

technology, which encompasses satellite-based systems and allows us to acquire a large 

amount of data with speed and enable us spatially analyze the data, providing opportunities 

for modeling that improves the entire planning process. The availability of very high-

resolution satellite imagery has been made possible by rapid developments in remote 

sensing technologies. This chapter describes the study area selected and details of the 

satellite images used for classification and change detection application for the urban area.  
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3.2 Study area  

 

Gujarat, one of India's top industrialized states, is situated on the country's western coast 

and boasts the nation's longest coastline at 1,600 kilometers. Gujarat is recognized for its 

high level of industrialization and large mineral reserves. The state is bordered on the west 

by the Arabian sea, and it has borders with Pakistan, Rajasthan, Madhya Pradesh, and 

 

 

 

 
 

 

 
 
 

FIGURE 3.1 Location and band composite image of Ahmedabad study area 

India 

Gujarat 
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Maharashtra to the north and east, east, and south, respectively. The state is the seventh 

biggest in terms of area in India with a total area of 1,96,024 sq. km. With low hills or 

minor ranges ranging from Rajasthan, Madhya Pradesh, and Maharashtra, it primarily 

consists of plain ground. Gujarat generates around 16% of India's industrial output and 

12% of its agricultural production while having only 5% of the nation's population and 6% 

of its landmass. Gujarat is unique in the Republic of India both socially and geographically 

because, in addition to its special significance as a border state with a diverse natural 

environment, it has also emerged as a spectacular state in terms of culture as a result of the 

growth of a variety of folk life and the interpersonal view of assimilation. The wealth of 

the state is mostly attributed to the production of power, construction, and trade. In terms 

of its contribution to the country's overall GDP, Gujarat ranks fifth. The growth of sectors 

including fertilizer, chemicals, engineering, petrochemicals, etc. has gradually led to a 

broadening of the state's industrialization.  

 

In the manufacturing and infrastructure domains, Gujarat is a leading state in India. 

Gujarat, a dynamic destination to live and work, has recently begun implementing a 

number of structural reforms. Gujarat's urbanization has accelerated during the past two 

decades. For object based classification of the urban area, four major cities of Gujarat state 

of India have been selected. Ahmedabad, Surat, Vadodara, and Rajkot are the biggest cities 

of Gujarat state in terms of population. In terms of area, Ahmedabad is the biggest city in 

the state. It is also its main industrial and economic engine. Gujarat state's urban area has 

seen tremendous population growth over the past few decades as a result of urbanization 

 

Ahmedabad: 

Ahmedabad was established in 1411 AD as a walled city on the eastern side of the river 

Sabarmati. Over the times city has expanded on both the eastern and western sides of the 

river with well-planned developed areas for residential and commercial buildings. It is 

currently the 7th largest metropolis in India and the major city in the state of Gujarat. At 53 

meters above sea level in north-central Gujarat, Ahmedabad is situated at 23.03°N 72.58°E 

in western India. One of the cities with the fastest growth rates in the nation is Ahmedabad, 

and Gujarat's prosperity has benefited greatly from the city's financial and commercial 

expansion. Ahmedabad serves as a hub for the manufacturing of goods in the chemical, 
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fabric, pharmaceutical, agriculture, and food processing sectors. All of the important places 

and cities in India are well connected to Ahmedabad via rail, roads, and the air. The entire 

area around Ahmedabad is flat and is located in the region of North Gujarat, which is a 

plain, dry, and sandy terrain. There are no local woodlands or forests and the nearest sea is 

at a distance of 80kms. The location of Ahmedabad is depicted in Fig. 3.1. 

 

 

 

 
 

 

 
 
 

FIGURE 3.2 Location and band composite image of Vadodara study area 
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Vadodara: 

At 39 meters above sea level in central Gujarat, Vadodara is situated at 22.30°N latitude 

and 73.20°E longitude in western India. The cultural center of Gujarat is another name for 

Vadodara. Additionally, it is one of the state's most multicultural communities, housing 

residents from all over the nation. The primary river that splits Vadodara city into its 

western and eastern regions is the Vishwamitri, which flows from east to west across the 

city. The Maratha Leader Sayaji Rao Gaekwad III's vision for Vadodara City was to make 

it a center of advanced learning, business, and industry in India. The city is also home to 

some of the country's most impressive collections of architecture. The city of Vadodara has 

seen several stages of urban development and modernization throughout the course of its 

long history, which spans more than 2000 years. Different Solanki, Maratha, Gupta, and 

Mughal emperors and empires, as well as the Gaekwad family, contributed to the 

construction of Baroda's architectural landmarks. One of India's leading industrial hubs, 

Vadodara city is located along the "golden corridor," which connects Ahmedabad and 

Vapi. It is primarily a center for the manufacturing of machine tools, cotton textiles, and 

chemicals and pharmaceuticals sectors. The location of Vadodara is depicted in Fig. 3.2. 

 

Rajkot: 

In terms of both people and size, Rajkot is one of the biggest cities in Gujarat. Rajkot is the 

28th largest urban area in India. Since its founding, Rajkot has played a significant role in 

the urban landscape. It serves as the hub for all social, political, cultural, business, 

educational, and industrial activities for the entire Saurashtra province. About 245 

kilometers from Gandhinagar, the state capital, Rajkot is situated on the banks of the 

rivers Aji and Nyari. It is situated in the central Saurashtra area of Gujarat at latitude 

22.30°N and longitude 70.80°E. Aji river, one of the main rivers in Gujarat's Saurashtra 

region, is regarded as Rajkot city's lifeline, dividing it from the east to west part. Rajkot's 

economic structure is largely built on the service and manufacturing industries. Worker 

participation in service-related activities is around 42%. Aji and Bhaktinagar are the two 

largest industrial estates where 34% of the labor force is employed in manufacturing. The 

national and state highways provide good access from Rajkot to other cities such as 

Ahmedabad, Mehsana, Vadodara, Bhavnagar, Surat, Jamnagar, and Vapi. There is an 

urgent need to reevaluate and reorient the advancement and expansion patterns in the 

upcoming decade given Rajkot's growth pace and quick development. The location of 

Rajkot is depicted in Fig. 3.3. 
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FIGURE 3.3 Location and band composite image of Rajkot study area 

 

Surat: 

Surat city, previously one of western India's major ports and commerce centers, is located 

on the left bank of the river Tapi. Surat, the second-largest metropolis in Gujarat and the 

ninth-largest in the entirety of India, is well known for its diamond and textile industries. 

India 

Gujarat 
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Nearly 75 percent of the diamonds in the world are cut and polished in Surat. Surat is a city 

in south Gujarat that is situated at a latitude of 21.10°N and a longitude of 72.50°E. It has 

an average elevation of 13 meters above sea level. The gulf of Cambay is situated west of  

 

 

 

 
 

 

 
 
 

FIGURE 3.4 Location and band composite image of Surat study area 

 

Surat and the city is only 16 kilometers from the Arabian Sea. A look back into Surat's 

history shows that the city has always been a significant trading hub, earning the reputation 

India 

Gujarat 
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of being an important industrial hub and commercial center of the nation. With more than 

5,000 diamond manufacturing facilities, including some of the most cutting-edge, 

expansive plants in the world, Surat is also renowned as the largest diamond manufacturing 

hub in the world. With more than 100 publicly traded enterprises, the Surat SEZ is quickly 

becoming a major center for the manufacture of jewelry. Surat is a major producer of 

textiles, accounting for 40% of the country's overall production of man-made fabrics and 

28% of its entire production of man-made fibers. The location of Surat is depicted in Fig. 

3.4. 

 

3.3 Data Sets 

 

The relevance of remote sensing tools in continuous growth was early recognized for a 

nation like India, with its enormous diverse landscape and tremendous variety in its setup. 

An end-to-end functional space system was developed as part of India's expansion of its 

earth observation mission during the past three decades and beyond. Very high resolution 

satellite multispectral data from the Indian Remote Sensing Satellite (IRS) Resourcesat-2 

(R2) were taken over four different metropolitan locations of Gujarat to analyze land use 

land cover, change detection, and verify the efficacy of the proposed approach. These very 

high resolution (VHR) satellite data containing three (Red, Green, and NIR) spectral bands 

were collected using Linear Imaging Self-Scanner (LISS-IV) sensors.  

 

With advanced wide field sensor (AWiFS), LISS-3, and LISS-4 instruments on the 

resourcesat family of satellites, India has created a distinctive three-tier imaging system 

and shown a competitive edge in earth observation. The three payloads LISS-V, AWiFS, 

and LISS-III sensors are all in operation to collect data at multiple resolutions over India 

and its neighbors. The Indian Space Research Organization (ISRO) has built the eighteenth 

remote sensing satellite, resourcesat-2 and resourcesat-2A are follow-up initiatives 

launched in 2011 and 2016, accordingly, to maintain service for resourcesat-1 consumers. 

The increased accessibility of resourcesat-2 & 2A data is beneficial for monitoring 

disasters, particularly for activities like damage assessment and mapping of floods at the 

village level.  
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ISRO has launched a large number of operational satellites for remote sensing or earth 

observation since the launch of IRS-1A in 1988. Now, India has one of the largest 

networks of satellites used for remote sensing applications. It is still in use and still 

expected to continue providing increased multispectral and geographic coverage along 

with the remote sensing data services to existing subscribers that were previously provided 

by resourcesat-1. The enlargement of the LISS-4 spectral band's swath from 23 km to 70 

km and enhanced radiometric precision from 7 bits to 10 bits are substantial improvements 

in resourcesat-2 compared to resourcesat-1. The photos captured by resourcesat-2's 

cameras are stored on two solid-state memory devices, each with a capacity of 200 GBs, so 

they can be handed out subsequently to ground stations. At a height of 817 km from the 

earth's surface, the satellite is orbiting in a sun-synchronous orbit. The orbits of the 

satellites are roughly 14 each day, and they take 101.35 minutes to make one circle around 

the earth. Over the course of a 24-day cycle, 341 orbits circle the entire planet.  

 

3.3.1 Description of LISS- IV Data 

 

Though results from IRS - lA / 1B / P2 gave some national-scale application programmes a 

substantial boost, it was recognized that many urban programs and a detailed inventory of 

small crops needed data with a greater spatial resolution. With the exception of the blue 

band's omission and the SWIR band's insertion, LISS - Ill's spectral bands are almost 

identical to those of IRS-1A/1B/P2. A contemporary multispectral sensor with a 

considerably large resolution, the resourcesat-2's LISS-IV sensor has enormous potential 

for creating high-quality images of land use and land cover. It produces data with a 5.8m 

spatial resolution, high radiometric resolution, and three bands in the visible-near infrared 

spectrum [122]. These LISS-IV data have great potential for managing and mapping land 

use and land cover (LULC), which includes applications in forest management, 

infrastructure & urban planning, snow and glaciers inventory, environmental impact 

assessment, water ecosystem, agriculture, wetland inventory, disaster management and 

other fields [122].  

 

Three spectral bands band 2, band 3, and band 4 are encompassed by the high-definition 

multi-spectral LISS-IV camera. One of the two different modes can be used to control 

LISS-IV. In mono mode, the entire swath of 70 Km can be captured in any one specific 

band and is controllable by ground command, while the multi-spectral mode covers a 
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chosen swath of 23 Km out of the overall swath of 70 Km in three bands. A 5-day repeat 

duration is possible with the LISS-IV camera by tilting it up to ± 26 degrees celsius in the 

crosswise direction of the track. The datasets have high precision and are classified as 

standard products. Path/row-based products, geo-referenced products, shift-along track 

products, and basic stereo products are the components of LISS-IV classic products. 

Products with a path/row structure are produced using the referencing scheme of each 

instrument. Shift Along Track is applicable to items covering a user's region of interest that 

lies between two subsequent scenes that follow the same path then the scene can be moved 

in the alongside track direction to provide the data. Basic stereo products are made up of 

two photographs of the same location taken in pairs at various times and from differing 

viewpoints. Only the mono mode of the LISS-IV supports stereo products, and geo-

referenced products are true north oriented. The mapping of environmental assets would 

now experience an enhancement in quality as more categories would arise or could be 

effectively distinguished using LISS-IV data. A comparison of various parameters of 

LISS-III, LISS-IV, and AWiFS sensors is given in Table 3.1. 

 

TABLE 3.1 Comparison of important parameters of three sensors 

 

Parameter \ Sensor Instrument AWiFS LISS-III LISS-IV 
Spectral bands (µm) B2: 0.52-0.59, 

(green) 
B3: 0.62-0.68, 
(red) 
B4: 0.77-0.86, 
(NIR) 
B5: 1.55-1.70 
(SWIR) 

B2: 0.52-0.59, 
(green) 
B3: 0.62-0.68, 
(red) 
B4: 0.77-0.86, 
(NIR) 
B5: 1.55-1.70 
(SWIR) 

B2: 0.52-0.59, 
(green) 
B3: 0.62-0.68, (red) 
B4: 0.77-0.86 
(NIR) 
B3-default band for 
mono 

Data quantization  10 bits 7 bits 10 bits 
Spatial resolution (m) 56 23.5 5.8 
Swath width 740 km 141 km 70 km in mono 

mode, 23 km in 
Multispectral mode 

Detector line arrays x No of 
elements 

4 x 2 x 6,000 4 x 6,000 1 x 12,288 Mono 
mode; 
3 x 12,288 
Multispectral mode 

Revisit Period 5 days  24 days 5 days 

 

Utilizing linear panels of charge coupled devices (CCDs), all three cameras are monitored 

with the "pushbroom scanning" technique. Every line of the photograph is electronically 

scanned in this type of operation, and consecutive lines are photographed by the satellite's 

forward motion. Data is gathered for the Multispectral (MS) mode of the LISS-IV sensor 
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in three bands, each of which corresponds to 4096 consecutive pixels that have been 

preselected, with a selectable swath width of 23.5 km out of a total swath of 70 km. The 

whole 12,288 pixels of any one single selected band (often band 3), which corresponds to a 

swath of 70 km, can be seen and communicated while the LISS-IV sensor is operating in 

Mono mode. The 12,288 pixel linear array CCDs used in the LISS-4 camera has a pixel 

size of 7 µm × 7 µm and are realized using three mirror reflective telescope lenses. The 

spectral band-pass filters for each of these three CCDs are positioned individually in the 

telescope's focal plane. The central wavelength of band2, band3, and band4 are 0.55 µm, 

0.65 µm, and 0.815 µm respectively. 

 

3.4 Band Stacking  

 

Multispectral images are captured using multispectral scanner sensors by sophisticated 

remote sensing satellites. Using many sections of the electromagnetic spectrum, such as 

visible light, near and short wave infrared, and others, multispectral sensors onboard earth 

observation satellites detect the amount of electromagnetic radiation that is returned or 

emitted from the Earth's surface. A band is the precise wavelength span or range of 

wavelengths detected by a sensor in the continuous electromagnetic spectrum, and it is 

frequently defined by the wavelength of the energy. Band stacking is the technique of 

adding many distinct bands to create a new multiband image. This kind of multiband 

image is helpful in recognizing and visualizing the different land use and land cover 

classes that are accessible.  

 

Multiple image bands should be in the same range in terms of the number of rows and 

columns to execute the band stack operation. Depending on the type of satellite, there are 

different numbers of bands available in multispectral satellite data. Stacking is performed 

with a variety of band configurations based on the particular application. Each band of the 

multispectral satellite image can be shown individually for visual presentation as a 

grayscale image or in conjunction with three bands at once as a color composite image. 

The spectral reflectance signature of the elements in the image must be known in order to 

analyze a multispectral color composite image. Fig. 3.5 exhibits the band stacking 

procedure. 
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FIGURE 3.5 Band stacking of multispectral image 

 

Satellites equipped with scientific equipment possess sensors for electromagnetic light that 

is not visible to us, such as infrared and ultraviolet light. However, even if we were able to 

create a picture from an infrared sensor, infrared is obviously invisible to human sight. 

Using visible colors from our spectrum and projecting them to what infrared sensors 

receive is necessary to visualize what objects appear to be to infrared eyes. An image 

presenting a combination of discernible red, green, and blue bands to the associated red, 

green, and blue channels on the computer is called a natural or true colour composite. The 

final composite closely mimics what the human eye would see in the natural; plants or 

forest appears green, water appears in dark blue to black, and impermeable surfaces and 

bare ground seem light grey or brown. True colour composite images appear as if the 

colours are natural to the human eye, yet small changes in feature elements are frequently 

challenging to distinguish. Due to the atmosphere's ability to scatter blue light, natural 

colour photographs can occasionally have low contrast and appear blurry. 

 

3.4.1 False Color Composite (FCC) Image: 

 

False colour images are approximations of multi-spectral images made with bands other 

than the visible red, green, and blue or applied in a different sequence serving as the red, 

green, and blue elements of an image display. In composite images with false colours, the 

colour of an object in the projected image bears no similarity to the colour of the object in 

reality, and colour assigning for every band of a multispectral image can sometimes be 

done in a completely random way. By using false colour composites, wavelengths that the  
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

FIGURE 3.6 LISS - IV images of Ahmedabad region (a) Band2 (Green), (b) Band3 (Red), (c) Band4 (NIR), 

and (d) FCC image 

 

human eye is unable to see (i.e. near-infrared) can be perceived. Utilizing bands like near-

infrared improves spectral separation and frequently boosts the data's readability. False 

colour composite images can be created using a variety of different strategies or band 

combinations. However, certain approaches might be more suited for spotting specific 

objects in the image. The following illustration illustrates a typical false colour composite 

approach for showing a multispectral image.  

R    = NIR band (LISS -IV band 4) 

G    = Red band (LISS -IV band 3) 

B    = Green band (LISS -IV band 2) 
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Fig. 3.6 (a), (b), and (c) display the green, red, and NIR bands of the LISS - IV image of 

Ahmedabad region respectively. An FCC image generated with these bands with R, G, and 

B sequence as NIR, red, and green bands is shown in Fig. 3.6 (d).  With the help of this 

false-color composite scheme, vegetation parts or segments in the image may be easily 

identified. As per the spectral reflectance graph of different objects, vegetation has a 

more reflectance in the NIR band, it might appear in various hues of red in these types of 

false-colour composite photos relying on the vegetation's types and environmental 

conditions. Below is a representation of yet another typical false colour composite 

technique for presenting an image of the object with a short-wave infrared (SWIR) band.  

 

R    = SWIR band (LISS - III band 5 ) 

G    = NIR band (LISS - III band 4) 

B    = Red band (LISS - III band 3) 

 

3.5 Spectral Signature Analysis 

 

A remotely sensed variable is said to be an object's signature if it either directly or 

indirectly describes the type or state of the thing being monitored. The spectral behavior of 

various earth features varies based on how they interact with electromagnetic radiation. An 

object can be uniquely identified by its combination of reflected, absorbed, transmitted, 

and emitted electromagnetic radiation at different wavelengths. Plotting the intensity of 

reflected radiation or the percentage of reflectance emanating from a material over a span 

of wavelengths results in a curve known as the spectral signature of the substance, or the 

spectral response graph. The spectral signature illustrates the interactions between various 

topographical characteristics, including soils, water, urban areas, and vegetation, and the 

various wavelengths of electromagnetic radiation. Remotely sensed imagery is divided into 

groups according to the kind of landscape characteristics they contain using variations in 

spectral signatures. 
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FIGURE 3.7 Spectral signature plot LISS - IV FCC image 

 

Fig. 3.7 shows the spectral signature plot of earth features like water bodies, built-up, 

vegetation, open land, and road from the LISS - IV FCC image. The centre wavelength of 

the green, red, and NIR bands are 0.55µm, 0.65µm, and 0.82µm. This graph is plotted for 

reflectance value Vs centre wavelength of the three bands of the LISS-IV image. The 

spectral signature of the water feature is displayed in blue, and the plot shows its 

minimum, maximum, and average values. The average values of reflectance plots of 

various features are shown with highlighted colour lines on the spectral signature plot. 

Similarly, spectral signatures of the built-up, vegetation, open land, and road feature are 

displayed in red, green, brown, and purple colors respectively with their minimum, 

maximum, and average values. Spectral signature analysis plots indicate that water and 

vegetation class features are clearly distinguished at the central wavelength of band 4 

(NIR) but they have the same range of values at band 2. Similarly, reflectance values of 

vegetation and open land features have less difference at band 4 but significant separations 

can be observed at band 2 and band 3.  
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3.6 Feature Selection 

 

Shepherd segmentation technique was used to segment the stacked FCC LISS -IV images 

of a selected city area, and RSGISLib, an open-source library, was utilized to extract the 

total of nineteen features from each segment, as shown in Table 3.2. Six different feature 

sets were created using this data, and a feature selection analysis was carried out to 

determine which feature set was the most effective. According to table 3.2, the first feature 

set F19 has all 19 features, while the second feature set F16 excludes three "sum" features. 

Three "min" features from feature set F16 were removed in the third feature set F13, and 

three "max" features from feature set F13 were removed in the fourth feature set F10. 

Likewise, feature sets F7 and F4 were created in accordance with Table 3.2.  

 

TABLE 3.2 Feature sets  

 

Sets  
Number of 
Features  

Method  Features  

Set1  
19 Features – 

F19  
All Features 

'NIRMin', 'NIRMax', 'NIRstdDev', 'NIRMean', 
‘NIRSum’,  'RedMin', 'RedMax', 'RedstdDev', 

'RedMean', ‘RedSum’, 'GreenMin', 'GreenMax', 
'GreenstdDev',  'GreenMean', ‘GreenSum’, 'NDVI', 

'NDVIMode', 'GreenMode', 'RedMode’ 

Set2 
16 Features – 

F16 
'Sum' removed 

'NIRMin', 'NIRMax', 'NIRstdDev', 'NIRMean', 
'RedMin', 'RedMax', 'RedstdDev', 'RedMean', 

'GreenMin', 'GreenMax', 'GreenstdDev', 'GreenMean', 
'NDVI', 'NDVIMode', 'GreenMode', 'RedMode' 

Set3 
13 Features – 

F13 
'Min' removed  

'NIRMax', 'NIRstdDev', 'NIRMean', 'RedMax', 
'RedstdDev', 'RedMean', 'GreenMax', 'GreenstdDev', 

'GreenMean', 'NDVI', 'NDVIMode', 'GreenMode', 
'RedMode' 

Set4 
10 Features – 

F10 
'Max' removed  

'NIRstdDev', 'NIRMean', 'RedstdDev', 'RedMean', 
'GreenstdDev', 'GreenMean', 'NDVI', 'NDVIMode', 

'GreenMode', 'RedMode' 

Set5 
7 Features   –  

F7 
'stdDev' removed  

'NIRMean', 'RedMean', 'GreenMean', 'NDVI', 
'NDVIMode', 'GreenMode', 'RedMode' 

Set6 
4 Features  - 

F4  
'Mode' removed  'NIRMean', 'RedMean', 'GreenMean', 'NDVI' 
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(a) 

 

(b) 

FIGURE 3.8 (a) overall accuracy and (b) kappa coefficient of DT, RF, and ETC 
classifiers for different feature sets for LISS - IV image of Ahmedabad 2018 

 

The comparative analysis of the aforementioned feature sets was performed using object-

based classifiers as DT, RF, and ETC to categorize the 5m resolution VHR earth 

observation multispectral image of Ahmedabad 2018. For object-based DT, RF, and ETC 

classifiers, the graph of OA and KC over F4, F7, F10, F13, F16, and F19 feature sets are 

illustrated in Fig. 3.8 (a) and (b). From these graphs, it can be observed that feature sets F4 

and F7 has shown lower performance compared to other feature sets in terms of both OA 
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and KC for the all three object based classifiers. For feature set F10 to F19, the accuracy 

performance of each classifier remains largely same. The overall conclusion of this 

analysis is that feature set F10 provides efficient accuracy performance compare to other 

feature sets.  

  

3.7 Summary 

 

Urbanization improves living conditions, but it also raises problems with the growth of 

dense, unplanned residential areas, environmental deterioration, solid waste management, 

and other social aspects. In the first section of this chapter, the study area selected and the 

specifics of the satellite images utilized for the urban area classification and change 

detection application for Gujarat, a heavily industrialized state in India, are described. The 

middle section of the chapter describes in detail the IRS data sets used and the attributes of 

the LISS-IV sensor. In the end, the process of band stacking, FCC image generation, and 

spectral signature plot of LISS - IV image are delineated.  
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Chapter 4 

Image Segmentation and Classification Accuracy 
Assessment 

 

4.1 Introduction 

 

Object-based image classification analysis and segmentation of multispectral images have 

been used for around 20 years in remote sensing. Object-based image classification starts 

with the initial and most important phase of image segmentation. In comparison to pixel-

based classification techniques, which categorize each individual pixel separately, object-

based classification techniques first combine image pixels through the use of an image 

segmentation algorithm to create spectrally consistent image objects before categorizing 

each object separately [31]. Using the numerous features retrieved from the segments, 

these visual segments serve as the fundamental unit for further investigation of image 

categorization or change detection. The process of segmenting an image involves breaking 

it up into groups or regions that represent various objects or portions of objects. For the 

comparison of study findings and the proper use of geographic data analysis, thematic 

correctness assessment of a multispectral classified image is a prerequisite [124]. 

 

4.2 Image Segmentation 

 

Image segmentation is a technique that divides a digital image into various subgroups 

known as image objects, which serves to simplify subsequent computation or analysis of 

the image by decreasing the complexity of the original image. By gathering the pixels to 

produce a section of uniformity based on the pixel properties like grey level value, texture, 

intensity, colour, and other parameters, image segmentation can be used used to evaluate 

the image and classify or cluster the image into many distinct portions. Effective 
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segmentation is often one in which neighboring pixels that belong to different categories 

have differing values, while pixels within the same class have close grayscale values and 

create a connected region. Gaining richer detail in an image's region of interest, which aids 

in the identification of the object scene, is the primary goal of the segmentation procedure. 

Its fundamental objective is to split an image into components that are strongly correlated 

with the objects or regions of the actual world that are depicted in the image. The two main 

categories of image segmentation are local segmentation, which focuses on a particular 

area or portion of the image, and global segmentation, which focuses on segmenting the 

entire image, which contains a significant number of pixels.  

 

The majority of segmentation algorithms use one of the two fundamental characteristics of 

intensity values known as similarity and discontinuity [125]. A picture is divided in a 

discontinuity-based technique according to sharp variations in intensity, like edges. The 

main strategy in the second category is focused on dividing an image into sections based 

on similarities determined by predetermined criteria. It is difficult to settle on the 

parameters for segmenting the image since they vary greatly depending on the method 

used to collect the image and from image to image [126]. Segmentation can be done in one 

of three ways: using edge-based methods, thresholding, and region-based methods. 

 

4.2.1 Threshold Based Segmentation 

 

Image thresholding holds a prominent role in applications of image segmentation because 

of its intuitive qualities, ease of use, and computational speed. Threshold-based approaches 

divide a picture into two categories and operate under the premise that pixels within a 

specific range of intensities indicate one category, while the other image pixels represent 

the other category. These techniques separate the pixels of the image according to their 

degree of intensity. These techniques are applied to photographs with lighter items than the 

background. These approaches may be chosen manually or automatically, depending on 

the user's knowledge or information about the characteristics of the image. Thresholding 

can be broadly divided into three categories. 

 

 Global Thresholding: By comparing selected threshold values and segmenting the 

image using the binary partition, global thresholding separates pixels that represent 

objects from those that represent backgrounds. The binary value "1" is given to the 
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pixels that clear the threshold test and are regarded as object pixels, while the 

binary value "0" is given to the pixels that fail the threshold test and are regarded as 

background pixels. When using the global threshold method, the threshold value 

selected serves as a "cut-off point" level for the entire image and does not change. 

With the aid of specialized hardware, threshold-based segmentation approaches are 

affordable, computationally quick, and usable in real-time applications. 

 𝑝(𝑥, 𝑦) =
1,   if  i(x, y) ≥ T

0,   if   i(x, y) < 𝑇
 (4.1) 

 

Where T represents the threshold value, i(x, y) and p(x, y) represents input, and 

output image respectively. 

 

 Variable Thresholding: The value of T can change throughout the image when 

using this kind of thresholding. The threshold value in a local or adaptive 

thresholding technique changes across the image depending on the local 

characteristics of the image's partitioned areas.  

 

 Multiple Thresholding: There are various threshold values used in this sort of 

thresholding, including T0 and T1. The output images can be computed with multi-

thresholding as follows:     

 𝑝(𝑥, 𝑦) =   

𝑎, 𝑖𝑓 𝑖(𝑥, 𝑦) > 𝑇1

          𝑏, 𝑖𝑓 𝑇0 < 𝑖(𝑥, 𝑦) ≤ 𝑇1 

𝑐, 𝑖𝑓 𝑖(𝑥, 𝑦) ≤ 𝑇0

 (4.2) 

     

4.2.2 Edge Based Segmentation 

 

This is one of the initial segmentation methods to segment an image using information 

about its edges, which is performed by a sizable number of methods. The creation of edges 

is influenced by an object's boundaries. Pixel discontinuity is caused by edges, which are 

substantial, sudden shifts in the intensity levels of nearby pixels in a particular direction. 

Edge-based segmentation utilizes edge-detecting operators like the canny operator, 

Robert's operator, and Sobel operator to identify the areas of image discontinuities in 

texture, colour, and other attributes. Techniques for edge detection identify the boundaries 

where either the first derivative of intensity exceeds a specific threshold or the second 
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derivative crosses a zero line. In edge-based segmentation techniques, edges are initially 

identified and then joined to construct object boundaries, which are subsequently used to 

divide the desired regions. Edge presence in areas where there is no boundary, and no edge 

presence where a true border exists are the most frequent issues with edge-based 

segmentation, which are brought on by image noise or inappropriate content in an image. 

 

4.2.3 Region Based Segmentation 

 

The segmentation techniques that divide an image into groups of regions with related 

properties are known as region-based segmentation techniques. Based on this approach, 

there are two fundamental strategies. 

 

 Region growing methods:  

The approaches that divide the image into different groups depending on the 

growth of seeds or baseline pixels are known as region-growing based 

segmentation techniques. In region growth, the goal is to divide a picture into zones 

of the highest homogeneity. Homogeneity is a key characteristic of regions and is 

employed as the primary segmentation factor. Simple colour properties of the 

region, an n-dimensional array of average grey values, or an average grey level of 

the region are used in the simplest homogeneity criterion for multi-spectral images. 

In noisy images, when borders are very challenging to discern, region-growing 

algorithms perform generally better. These seeds can either be chosen manually 

using previous information or automatically depending on the application. The 

interconnectivity between pixels is then what regulates the growth of the seeds, and 

this can be blocked with the aid of a prior understanding of the issue.  

 

 Region merging and splitting methods:  

The most comparable technique for segmenting an image based on homogeneity 

criteria is this one. The simplest techniques start segmenting utilizing sections of 

2x2 or 4x4 pixels before combining. When a region's description and the 

description of a nearby region match, the two are combined into a single, larger 

region, and a new description is calculated. If not, regions are labeled as not 

matching. All neighbors, including recently established ones, are continuing to 

merge their nearby zones. The merging procedure ends when all picture areas are 
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labeled as "final" if a region cannot be combined with any of its neighbors. The 

primary goal of this method, which relies on quad-trees, is to determine an image's 

homogeneity. It initially treats the whole image as a single region before 

segmenting it into four quadrants according to predetermined parameters. If the test 

results are negative, the quadrants are checked for the same set of criteria, and the 

process is repeated until the criteria are satisfied or no more division is possible 

[126]. This methodology offers the freedom to select from interactive and 

automatic strategies to segment the given image and produces results that are 

superior to those of other segmentation methods.  

 

4.2.4 Clustering Based Segmentation 

 

The procedures that divide an image into groups of pixels with similar properties are 

known as clustering-based techniques [127]. Detecting clumps in data is the goal of 

clustering algorithms. A cluster typically consists of a collection of pixels with comparable 

characteristics that are unique from other pixels and belong to a particular region [126]. 

The process of grouping data components into clusters in which the elements inside a 

cluster have a higher degree of similarity than those in other clusters is known as data 

clustering.  

 

The hierarchical method, which is based on the idea of trees, and the partition-based 

method are the two main kinds of clustering techniques. Each data point is first grouped 

using the hierarchical technique, which then joins the relevant clusters into a single cluster 

when the suitable clusters have been combined. The computation of distance is a crucial 

stage for hierarchical algorithms, and the outcome of the approach is many partitions. The 

smallest value in the dissimilarity matrix provides the data points that are least different 

and are therefore the greatest likely candidates to be merged. This information is utilized to 

determine which clusters should be combined. 

 

The operation of partition-based algorithms involves initializing the number of groups and 

iteratively bringing them together. The data points are divided into clusters by partition-

based clustering so that the total distance between each cluster's centre and each data point 

is kept to a minimum.  
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Under-segmentation happens when various semantic elements are gathered into a single 

large image object, whereas over-segmentation happens when one semantic element is 

divided into several smaller image objects. Under-segmentation and over-segmentation 

have various effects on the possible effectiveness of object-based classification from a 

classification standpoint. Since each over-segmented visual object ideally corresponds to a 

specific class in over-segmentation, it could be possible to assign each pixel in an over-

segmented image object to its correct class. However, because each under-segmented 

picture object overlaps with numerous classes but is only assigned to one, it is hard to 

categorize image objects to their actual categories in cases of under-segmentation. Because 

of this, the maximum classification accuracy that can be obtained for each under-

segmented picture object is always less than 100% and is constrained by the percentage of 

the dominant class in the image object, regardless of the classifier that is employed. 

 

4.3 Multispectral Image Segmentation 

 

The multispectral stacked image is segmented into spatially unbroken groups of 

homologous pixels with indistinguishable spectral characteristics during the initial 

processing phases of the object based classification approach and change detection 

application [49, 128]. As previously mentioned, there are various classes of multispectral 

image segmentation techniques, including region-based, point-based, and edge-based 

algorithms [129]. The segmentation process's objective is to produce segments or objects 

with various elements of similarity while taking numerous dimensions into consideration 

[24]. In addition to individual pixels, these objects also have auxiliary spectral information 

like the mean and median values for each band. 

 

There have been a sizable number of articles focused on the segmentation of remotely 

sensed imagery, drawing on the large literature on image segmentation within the remote 

sensing and medical imaging sectors. Top-down methods begin with a single region and 

gradually divide the image into smaller parts until a termination condition is fulfilled, as in 

multi-scale wavelet decomposition [130]. Bottom-up techniques start with a single pixel 

and group it until a termination condition is satisfied, like region expanding and spectral 

clustering [131]. Different techniques have different termination criteria, but they are 

typically a mix of the size, shape, and closeness of colours in the created zones.  
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As with tree crown delineation [132], segmentation techniques are frequently created for 

very specific applications and include significant parameterization that can be challenging 

to describe and optimize [133]. To enable precise statistical comparability between features 

for subsequent classification, Baatz et al.'s [133] goal were to diminish the spectral 

homogeneity of the image sections while generating regions of equal size and compact 

shape. To decrease noise and convert the feature space from individual pixels to clusters, 

Wang et al. [134] initially commenced the segmentation using k-means clustering. A 

composite of spectral colour (weighted by entity size) and object geometry was then used 

to combine the clumps.  

 

Another problem that many segmentation methods frequently run into is computational 

restrictions. The extent of the picture that can be handled can often be severely constrained. 

It has been challenging to evaluate a segmentation result's effectiveness and quality [135]. 

The purpose of segmentation in this situation is to divide the landscape into sections with 

the same land cover type or spectral colour. For these units to be identified within the 

proper context, it is desirable for the complete feature, such as a single species forest block, 

to be acquired as a single segment. Additionally, the size of the imagery and the desired 

outcome will have a big impact on how much segmentation is needed. When delineating 

tree crowns or structures, for example, segmentation quality can be evaluated in relation to 

a collection of reference data.  

 

A scalable segmentation method with a minimal set of comprehensible parameters is 

required to facilitate the national land cover mapping. To classify land cover and land 

cover change, objects needed to have a consistent spectral response, a minimum size, and 

be accepted. Boundaries between land cover also needed to be precise and crisp. The 

method must be effective with big datasets, adaptable to a variety of sensors, and suitable 

to different image pixel resolutions. A type of iterative elimination technique known as the 

shepherd segmentation [136] algorithm satisfies the aforementioned criteria for effective 

segmentation. 

 

The shepherd segmentation method was used for the segmentation process, and RSGISLib 

[137], an open-source library, was used to implement it. The idea behind segmentation is 

to divide an image into similar types of land cover. A whole feature, such as a block of 
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vegetation, will be captured as a single object so it may later be classed into an appropriate 

class. Multiple elements, such as vegetation and open terrain, may mix in a single object in 

the case of under-segmentation, making classification of such features impossible [136]. 

According to [136] and [138], a small amount of over-segmentation can combine chunks 

of the same class into a single object; therefore it was used to preserve the effectiveness of 

a later classification stage. This algorithm's tuning requirements are simple, and there aren't 

many parameters to adjust. Along with being suited for a wide variety of sensors, this 

method is also highly scalable over huge landscape regions with an iterative elimination 

procedure [136].  

 

Shepherd et al. [136] evaluated by comparing this algorithm's performance using a SPOT-5 

image with four well-known segmentation algorithms, including the eCognition multi-

resolution segmentation algorithm [133], which is the most frequently used in the 

literature, the mean-shift algorithm [139], which achieved successful outcomes on a variety 

of earth monitoring data and was implemented in the Orfeo toolbox [140], the Quickshift 

segmentation method of Vedaldi et al. [141], and the segmentation method of  

Felzenszwalb et al. [142]. Shepherd et al. [136] used two quantitative methodologies to 

evaluate the parameterizations and segmentation accuracy. The first involved calculating 

the precision and recall measures of Zhang et al. [143] using a set of 200 sample segments 

that were manually constructed on the SPOT-5 photo. Using α of 0.5, the precision and 

recall measures were merged to create the f metric [143] as follows: 

 

 𝑓 =  
1

α + (1 − α)
 (4.3) 

 

The second strategy was evaluating the over and under-segmentation within the result 

using Johnson's [144] measures. In order to obtain the overall global score (gs) for this 

investigation, the metrics of Johnson [144] were generated using four bands of SPOT-5 

imagery. The gs had been normalized to a range from 0 to 1 (gs_norm) and added to f 

using a weight ω = 0.25 to merge f and gs to produce a single ranking list. 

 

 𝑔𝑠_𝑓 =  𝜔 (𝑔𝑠_𝑛𝑜𝑟𝑚) + (1 − 𝜔) 𝑓 (4.4) 
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The table below displays the comparative analysis of the outcomes of these five 

segmentation methods utilizing the aforementioned metrics carried out by Shepherd et al. 

[136]. 

 

TABLE 4.1 Results of the segmentation [136] 

 

Algorithm Parameters Rank gs_ f f Precision Recall gs 

Shepherd 
K=60, min. size=10, 
d=10,000  

1 0.74 0.85 0.84 0.86 0.97 

Quick-shift 
Max. dist.=5, ratio=0.75, 
kernel size=10, sigma=0,  

86 0.64 0.73 0.80 0.68 0.94 

Mean-Shift 
Convergence thres.=0.2, 
range radius=15, max. 
iter.=100, min. size=10 

253 0.56 0.61 0.55 0.70 0.93 

eCognition 
Shape= 0.7, scale=10, 
compact. =0.2 

411 0.49 0.52 0.57 0.48 0.95 

Felzenszwalb 
Scale=10, min. size=20, 
sigma=12, 

539 0.47 0.46 0.49 0.43 1.10 

 

In the order list of all segmentation results, the rank designates a particular spot or place. 

Using the gs_f measure, Table 4.1 shows that there were 85 segmentation outcomes that 

used various Shepherd algorithm parameterizations and were scored higher than the best 

Quickshift segmentation results. Similarly, 252 segmentation results from Shepherd et al. 

and Quickshift were ranked upper than the best mean-shift segmentation results. By 

comparing several satellite multispectral images with the traditional segmentation 

approaches discussed above, Shepherd et al. [136] conducted a full comparative evaluation 

of this segmentation technique and came to the conclusion that it was dominating in the 

majority of comparable measures. This method's parameters are unambiguous and 

straightforward, and it can be consistently used with a wide range of geographical regions 

and data kinds. Through a unique iterative elimination method, this method for segmenting 

remotely sensed pictures is very scalable [136].  

 

The iterative elimination segmentation technique developed by the shepherd works in four 

steps. The image is seeded in the first stage using an unsupervised k-means clustering 

algorithm. Shepherd, et al. [136] found that using an efficient computing requirement for 

k-means led to better outcomes when compared to other clustering processes like Iterative 

Self-Organising Data (ISOData), mean-shit, and fuzzy k-means. K-means also has the 

benefit of allowing model construction on one dataset and adaptation to another. A suitably 

big sample is necessary, as with any statistical sampling, to guarantee generalizability and 
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that no elements are overlooked. The Euclidean distance metric is employed in the k-

means clustering procedure to determine the separation between elements and cluster 

centers inside feature space.  

 

As a second phase known as clumping, pixels are bundled to the proper cluster centre to 

create physically designated zones [136]. As a result of the processing being done per pixel 

and the spectral misunderstanding between units, the outcome is over-segmented in many 

areas of the multispectral image. The third step eliminates these little clusters up to a 

minimal size that will be equivalent to the minimum mapping unit for the mapping 

products that are ultimately produced. In an iterative procedure, regions are eliminated in 

order of decreasing size, starting with the smallest clump. A region or clump is eliminated 

when it is combined with its spectrally-closest neighbor, which must be larger than it but 

need not be greater than the minimum mapping unit [136]. The region being eliminated is 

left for the following iteration if there are no surrounding regions larger than it, 

guaranteeing that areas are eliminated smoothly into the best neighbor. The fact that 

clumps are not merged until the completion of each iteration is an important aspect of the 

removal.  

 

The clump statistics are changed following the merge to provide the revised mean spectral 

values needed for the following iteration. However, features having an area lower than the 

minimal cluster size that is substantially spectrally diverse than their neighbors will be 

combined during the elimination phase. This may lead to undesired spectral mixing and 

may make it less likely to correctly classify land cover. This problem was fixed by adding 

an optional threshold that restricts clumps with a spectral distance (d) above the threshold 

limit from merging with their neighbor, enabling regions smaller than the minimum size to 

be kept [136]. The elements below the minimal mapping unit are destroyed during 

elimination and combined with their nearest larger neighbor, leaving a gap for each 

eliminated clump in the attribute table. In order to ensure that the clump identification 

numbers are sequential, the attribute table is collapsed again and the clumps are relabeled. 

Sequential numbering reduces the amount of rows needed in the attribute table and 

improves the effectiveness of later classification [136].  

 

The two key variables for this technique are the minimum bunch size for the elimination 

process and the number of initial clusters (k) for k-means [137]. In order to make spectral 
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discrimination between the classes, the initial seed k parameter is crucial. A lower number 

of k produces fewer clusters, leading to under-segmentation, whereas a higher value of k 

produces smaller segments, leading to over-segmentation. Regardless of how many picture 

bands or the usage of multi-date image stacks, Shepherd et al. [136] observed that between 

30 and 90 seeds were typically enough for multi-spectral imaging, such as Sentinel-2, 

Landsat, SPOT5, and WorldView-2. According to Mathieu et al. [145] and Aguilar et al. 

[146], the shepherd segmentation algorithm's important parameters were settled upon 

through rigorous trial and error and visual assessment of segmented results. The maximum 

iteration was set at 100, while the number of seeds k was set at 60. Fig 4.1 shows the 

sample subset of the segmented multispectral LISS - IV image of Ahmedabad area using 

the Shepherd segmentation algorithm. 

 

 

 

FIGURE 4.1 Subset of segmented LISS - IV image using Shepherd algorithm 

 

4.4 Classification Accuracy Assessment 

 

Accuracy assessment is a crucial stage in determining the categorization accuracy of a 

particular machine learning classification method of remote sensing images. The most 

important requirement is to evaluate the classification accuracy of each classifier that has 

been used. In terms of earth observation applications, accuracy evaluation is based on 

investigations of the error or confusion matrix. A confusion matrix refers to a table or 
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matrix with rows designating the categorized (mapped) classes and columns designating 

the reference (actual) classes. The quantity of observations in the mapping class of each 

row's column that were observed is contained in each cell of the confusion matrix. As in 

binomial testing, the diagonals indicate concordance between the map and the reality, 

while the off-diagonals show various misclassifications numbers. The confusion matrix 

contrasts the outcomes of automatic classification on test photos with those of the attribute 

database that has already undergone training. Confusion matrices of this type are square in 

layout, with the number of rows and columns corresponding to the quantity of class labels 

whose categorization accuracy is being tested.  

 

 

 

 

FIGURE 4.2 Example for confusion matrix and related accuracy measures 

 

The ability to identify incorrect labeling or mislabeling of a specific pixel to a class to 

which it does not belong is provided by classification accuracy measurement utilizing error 

matrices. A confusion matrix that is also known as an error matrix measures how well a 

method, usually a classification algorithm, performs in the field of statistical classification. 

The producer's accuracy (PA), user's accuracy (UA), overall accuracy (OA), and the Kappa 

statistical measure, or kappa coefficient (KC) are the most typical performance indices 
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produced out of confusion matrix which is used for assessing the classifier methods in 

applications involving remote sensing. When there are many classes, the confusion matrix 

analysis, such as Overall Accuracy, determines how well the classification performed 

overall. Each class's User Accuracy, also known as errors of omission, and Producer 

Accuracy, often known as errors of commission, may be computed, and each class's 

classification can be examined.  

 

An example illustrating the confusion matrix and other accuracy measurement parameters 

is shown in Fig. 4.2. In this illustration, the original image has pixels from three different 

groups, such as urban area, open land, and forest area. The original image has a total of 

100 pixels, of which the forest, open land, and urban classes have 30, 30, and 40 pixels, 

respectively. In the final classified image, of the total 30 pixels of the forest class, 28 are 

correctly identified as belonging to the forest class, one as belonging to the open land class, 

and one as belonging to the urban class. Similarly, for open land and urban class 15 out of 

30 and 20 out of 40 pixels are correctly classified in the final classified image.  

 

4.4.1 Overall Accuracy 

 

One of the most common measurements derived from the error matrix is the overall 

accuracy, which determines the accuracy score of each classifier. Equation (4.5) illustrates 

how to determine the overall accuracy by taking into account the proportion between the 

total number of correctly identified pixels and the total number of pixels. For the example 

shown in Fig. 4.2, overall accuracy can be obtained as per equation (4.5) by taking the ratio 

of the sum of all the pixels present in the diagonal (28 + 15 + 20 = 63) to the sum of all the 

pixels (30 + 30 + 40 = 100). 

 

 𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑁𝑜 𝑝𝑖𝑥𝑒𝑙𝑠 𝑓𝑜𝑢𝑛𝑑 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑜𝑟 𝑡𝑟𝑢𝑒  

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑖𝑚𝑎𝑔𝑒
 (4.5) 

 

4.4.2 Producer Accuracy 

 

Producer Accuracy is calculated as the total number of correctly identified pixels for a 

given class divided by the sum of all the reference pixels of that class. The accuracy of the 

producer, who created the classified map or image, is also known as producer accuracy. 
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The error of omission that takes place when the elements that should be included in the 

class are not included is referred to as the producer's accuracy. For the example shown in 

Fig. 4.2, producer accuracy of forest class can be obtained as per equation (4.6) by taking 

the ratio of all correct classified pixels of forest class (28) to the total number of pixels of 

forest class (30) that is 28/30 = 0.93. 

 

 𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑟 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑁𝑜 𝑝𝑖𝑥𝑒𝑙𝑠 𝑓𝑜𝑢𝑛𝑑 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑜𝑟 𝑡𝑟𝑢𝑒  

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑐𝑙𝑎𝑠𝑠
 (4.6) 

 

The error of omission can be expressed as below: 

  

 𝐸𝑟𝑟𝑜𝑟 𝑜𝑓 𝑂𝑚𝑚𝑖𝑠𝑠𝑖𝑜𝑛 = 1 − 𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑟 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (4.7) 

 

For the example shown in Fig. 4.2, the error of omission for the forest class can be 

calculated using equation (4.7) as 1 - 0.93 = 0.07. 

 

4.4.3 User Accuracy 

 

By dividing the amount of pixels in each category that were properly identified by the total 

number of pixels that were classified in that particular category (row sum), the user's 

accuracy is calculated. The commission error, which is a measure of the user's accuracy, is 

computed by looking across classified pixels for inaccurate classifications. When an 

element that does not belong in a certain class is introduced to that class after 

categorization, a commission error has occurred. For the example shown in Fig. 4.2, user 

accuracy of forest class can be obtained as per equation (4.8) by taking the ratio of all 

correct classified pixels of forest class (28) to the total number of pixels in a row of forest 

class (28 + 14 +15 = 57) that is 28/57 = 0.49. 

 

 𝑈𝑠𝑒𝑟 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑁𝑜 𝑝𝑖𝑥𝑒𝑙𝑠 𝑓𝑜𝑢𝑛𝑑 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑜𝑟 𝑡𝑟𝑢𝑒 𝑓𝑜𝑟 𝑝𝑎𝑟𝑡𝑖𝑐𝑢𝑙𝑎𝑟 𝑐𝑙𝑎𝑠𝑠  

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑐𝑙𝑎𝑠𝑠 𝑟𝑎𝑤
 (4.8) 

 

The error of commission can be expressed as below: 

 

 𝐸𝑟𝑟𝑜𝑟 𝑜𝑓 𝐶𝑜𝑚𝑚𝑖𝑠𝑠𝑖𝑜𝑛 = 1 − 𝑈𝑠𝑒𝑟 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (4.9) 
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For the example shown in Fig. 4.2, the error of commission for the forest class can be 

calculated using equation (4.9) as 1 - 0.49 = 0.51. 

 

4.4.4 Kappa Coefficient 

 

Overall accuracy assesses the proportion of cases that are accurately classified, making its 

interpretation simple. In some circumstances, the right classification is determined by 

chance. The Kappa statistic, which Cohen [146] defined, is the most popular statistic for 

estimating the impact of chance agreement. The kappa measure contrasts the actual 

accuracy with the potential accuracy that could be attained by chance. Eventually, the 

remote sensing community recognized kappa as a valuable indicator of categorization 

accuracy. Cohen's Kappa coefficient, which is usually used as a metric of inter-rater 

agreement because kappa typically interacts with data that are the outcome of a judgment 

rather than a measurement, assesses the level of agreement between a pair of variables. 

With Kappa, the probability of agreement is compared to what would be anticipated if the 

ratings were independent. A kappa value of 1 indicates complete agreement, whereas a 

value of 0 indicates no agreement. A kappa coefficient K is calculated as shown in 

equation (4.10). 

 

 𝐾 =  
Observed Agreement p −  Expected Agreement p

1 −  Expected Agreement p
 (4.10) 

 

Where observed agreement po is calculated as overall accuracy by finding the ratio of the 

sum of diagonally correct pixels to the total number of pixels in the error matrix. The 

percentage of items that were properly categorized by chance is represented by expected 

agreement. For the example shown in Fig. 4.2, expected agreement pe can be obtained as  

 

pe = [(30/100)  * (57/100) ] + [(30/100)  * (21/100) ] + [(40/100)  * (22/100)]  

    =  [0.171 + 0.0630 + 0.0880] 

    = [0.3220] 

For the example shown in Fig. 4.2, kappa coefficient K can be calculated using equation 

(4.10) as  
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𝐾 =  
𝑝𝑜 − 𝑝𝑒

1 − 𝑝𝑒
=  

0.63 − 0.322

1 − 0.322
=  0.45 

 

4.5 Summary 

 

This chapter discussed the first and most crucial stage of object-based picture 

categorization called image segmentation in detail. Various methods of image 

segmentation are also explored in this chapter. The segmentation process was carried out 

using a scalable segmentation method called the shepherd segmentation algorithm using 

RSGISLib [137], an open-source library. In the end, this chapter discussed about the 

various classification accuracy assessment tools like confusion matrix or error matrix, 

overall accuracy, producer accuracy, user accuracy, and kappa coefficient. 
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CHAPTER 5 

 

Evaluation of benchmark Machine Learning 
Classification Algorithms  

 

 

5.1 Introduction 

 

As discussed in chapter 2, the main concept of object based image classification (OBIC) is 

the use of a segment in place of a pixel as the basic processing unit [34]. Objects are 

generated by grouping the pixels having similar features. In the previous chapter, the 

image segmentation technique has been elaborated with the shepherd segmentation 

algorithm as an initial stage of object based classification. The process of assigning a 

correct label to each segment that was terminated by visual elaboration using the QGIS 

software [148] comes next following image segmentation. The three groups of vegetation, 

built-up areas, and open land have been used to label each object in the segmented image. 

Following class labeling, objects from each class were separated into training and testing 

objects for the following step of object-based classification, which is image classification 

using a machine learning algorithm.  

 

This chapter intricate the implementation of various machine learning classification 

algorithms as a key step of the OBC process for the classification of urban areas of 

multispectral LISS IV satellite image of Surat 2020. This chapter presents the comparative 

evaluation of six benchmark machine learning classifiers for the object-based 

categorization of the aforementioned image.  Higher performing classifiers will be selected 

from this assessment to compare with the proposed approach in the subsequent chapters.  



  Evaluation of benchmark Machine Learning Classification Algorithms 

96 
 

 

A subset of artificial intelligence called machine learning tries to at assisting machines to 

competently carry out their tasks by utilizing a programme with intelligence. A supervised 

learning method receives data for training, which represents experience, as input, and 

produces some skills, typically in the form of a different computer programme which can 

carry out a specific task. The creation and analysis of algorithms which can learn from data 

and make predictions is the subject of machine learning research [149]. Instead of rigidly 

following static programme instructions, these algorithms function by creating a model 

from sample inputs to produce data-driven predictions or judgments [150]. In 

classification, inputs are split into two or more categories, and the learner is required to 

create a model that categorizes inputs that aren't observable into one or more of these 

categories. Normally, this is dealt with under supervision. Data mining focuses on the 

identification of unknown qualities in the data, whereas machine learning concentrates on 

prediction based on known features learned from the training data. Additionally, 

optimization and machine learning are closely related since several learning tasks are 

phrased as the minimization of a loss function on a training set of samples. Loss functions 

describe the distinction between the model's estimations and the actual instances of the 

issue. The distinction between the two domains stems from the generalization objective: 

machine learning is focused on reducing the loss on unseen instances, whereas 

optimization algorithms can decrease the loss on a training dataset [151].  

 

The optimum way to map input variables (X) with an output variable (Y) is learned via 

machine learning algorithms, which are represented as learning a target function (f).  

 

 𝑌 = 𝑓(𝑋) (5.1) 

 

Predictions for the future (Y) are formed using new samples of input variables (X) in this 

generic learning assignment. Using input variables (X) as inputs, machine learning 

algorithms anticipate the target function (f) to forecast the output variable (Y). 

Assumptions regarding the structure and form of the function and how to optimize a 

representation to approximate it vary among various machine learning techniques.  

 

When solving a machine learning problem, it is crucial to test a variety of algorithms 

because it is difficult to determine which strategy would be most effective at determining 



  Evaluation of benchmark Machine Learning Classification Algorithms 

97 
 

the structure of the base function being approximated. When an algorithm learns from a 

training dataset, this process is known as supervised learning, where a teacher or 

supervisor is viewed as supervising the process of learning. On the basis of the training 

data, the algorithm repeatedly creates guesses, which are then corrected by the supervisor. 

When the algorithm performs to an acceptable standard, learning ceases. Regression and 

classification problems are within the category of supervised learning issues. When the 

outcome variable is a category, like an apple, banana, or mango, it is called a classification 

problem; when it is a real value, like rupees or volume, it is called a regression issue. 

 

During the initial processing stages of the object-based classification approach, the 

multispectral stacked image is segmented into spatially unbroken groups of homologous 

pixels with comparable spectral properties. RSGISLib [137], an open-source library, was 

utilized to implement the shepherd segmentation approach, which was employed for 

segmentation as indicated in the preceding chapter. The segmented multispectral LISS - IV 

image of Surat 2020 using the Shepherd segmentation algorithm is shown in Fig. 5.1. 

Using free and open-source QGIS software, the segments or objects created by the 

shepherd segmentation were labeled. From each class, 640 training samples and 160 

testing samples were chosen using a stratified random sampling technique. 

 

 

 

 

FIGURE 5.1 Segmented image of Surat 2020 using Shepherd segmentation algorithm 
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5.2 k neighbors classifier (KNC) 

 

In a comprehensive method called k-nearest neighbor classification, the test object is 

compared to a set of k objects in the training set to determine which group of objects is 

closest to it. The label is then assigned based on which class is most prevalent in this 

neighborhood [152]. This strategy includes the following important components: (a) the 

group of labeled objects to be utilized for assessing the class of a test object; (b) a distance 

metric that can be employed to calculate the proximity of objects; (c) the value of k 

called number of closest neighbors; and (d) the technique applied to establish the category 

of the target object depending on the categories and distances of the closest neighbors.  

 
 

FIGURE 5.2 Illustration of the mechanism of KNC  

 

The k neighbors classifier (KNC) implements learning with k nearest neighbors at each 

node. KNC is a convenient instance-based machine learning algorithm for classification 

that is non-parametric [153]. The approach calculates the distance between a test object (z) 

and every training object (D) in order to find its nearest-neighbor list. The test object (z) is 
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a vector of attribute values with an unknown class label. The class of the vast majority of 

the test object's surrounding objects is then applied as the class to test object (z). The ideal 

selection of the value k depends heavily on the data: overall, a larger k decreases the effects 

of noise but blurs the edges of the classification. Fig. 5.2 illustrates the basic steps for the 

working mechanism of the KNC algorithm that includes the calculation of distance for a 

given test sample, obtaining k closest neighbors based on the distance matrix, and voting 

for the labels of the test sample. The parameters optimized for obtaining the best results 

from object-based categorization include the number of neighbors to be taken into account 

k = 10, weights = uniform, and leaf size = 30. 

 

  

(a) (b) 

Vegetation                         Built-up                            Open-land 

 

FIGURE 5.3 (a) FCC image of Surat city and (b) classified image using KNC classifier 

 

The Indian Space Research Organization's Resourcesat-2 satellite's LISS-IV (Linear 

Imaging Self-Scanner) sensors were used to take the 5-meter-resolution VHR earth 

observation image of Surat city on May 19, 2020. Fig. 5.3 (a) shows the false color 

composite (FCC) image of Surat city for the year 2020 and (b) shows the classified result 

of the object based method using the KNC classifier. The multispectral image has been 

classified into vegetation, open land, and built-up classes, and their class-wise accuracy 

statistics are mentioned in the confusion matrix of Table 5.1 in form of user's accuracy 

(UA) and producer's accuracy (PA). In the object-based categorized photos, the built-up 

class was depicted in light pink, the vegetation area was displayed in light green, and the 
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open land region was presented in light brown color. Utilizing a confusion matrix, the 

qualitative analysis and classification findings are assessed. The confusion matrix is used 

as the basis for the performance assessment of the KNC Classifier, from which the overall 

accuracy (OA), user accuracy, producer accuracy, and Kappa Coefficient (KC) are 

determined. The object based classification performance of KNC in terms of overall 

accuracy is 85.37% and the kappa coefficient is 0.78. 

 

TABLE 5.1 Confusion matrix for Surat (Year 2020) using KNC 

 

Class 
Reference Data 

Row Total UA 
Vegetation Open land Built-up 

Vegetation 66332 8784 137 75253 0.88 

Open land 1316 76172 1104 78592 0.97 

Built-up 1824 19111 45829 66764 0.69 

Column Total 69472 104067 47070 220609  

PA 0.95 0.73 0.97   

OA = 188333 / 220609 = 85.37% 

KC = 0.78 

 

 

5.3 Support Vector Machine (SVM) classifier 

 

Support vector machine (SVM) is a non-parametric supervised machine learning technique 

or model for classification in which a line is drawn between two distinct classes to 

distinguish between them [59]. SVM is built on the idea of a surface, referred to as a 

hyper-plane that delimits data instances represented in the multidimensional 

attribute space. SVM is a method that employs the hypothesis space of linear models in a 

high-dimensional feature space and is learned using an optimization theory-based learning 

method that incorporates a learning bias. The basics of support vector machines were 

created by Vapnik et al. [154] and have grown in prominence due to a number of potential 

characteristics, including improved empirical performance. The main feature of the SVM 

method is that it only uses a portion of the training segments to illustrate splitting 

hyperplanes [59]. 
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FIGURE 5.4 Identification of Hyper-plane in 2D feature Space 

 

Fig. 5.4 (a) shows how, for linearly separable data samples, various classes of data samples 

fall on opposite sides of a straight line when they are mapped in a two-dimensional space. 

An SVM model is an abstraction of the input examples as points in the feature space that 

are mapped to create an apparent distance that separates the examples of the different 

classes. To put it another way, the aim of the SVM analysis is to locate a plane, or more 

precisely a hyper-plane, that divides the instances according to their classes. Then, 

additional or test samples are projected into that same area and assigned to a class based on 

which side of the gap they will land. In conclusion, the SVM classifier assesses input data 

during training and locates a surface known as the hyper-plane in the multi-dimensional 

feature space. Finding the best hyper-plane is one of the difficulties with the SVM model 

since there may be several potential hyper-planes. SVM works best with training sets that 

have a sizable grouping perimeter.  

 

The generalization error of an SVM model is a parameter used to assess how well it can 

estimate values for prior unobserved data. In terms of SVM, a hard margin refers to an 

SVM model that is rigid in classification and attempts to function extraordinarily well in 

the training set, leading to overfitting. Support vectors are the crucial part of a data set or 

the data points (indicating classes) that are close to the determined hyper-plane. Support 

vectors will change the location of the dividing hyperplane if they are eliminated. Hyper-

plane is a flat (N-1) dimensional subspace that divides and categorizes a group of data in 

an N-dimensional feature space. A hyper-plane, for instance, is a one-dimensional 
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substructure or a straight line in a two-dimensional feature space. In the same way, it is a 

two-dimensional substructure or a simple plane for a three-dimensional feature space. 

Equation (5.2) provides a definition for a hyper-plane in a two-dimensional space. When 

this idea is expanded to an N-dimensional space, equation 5.3 may be used to define a 

hyper-plane. Equation (5.3) can be represented in a simplified form as shown in equation 

(5.4).  

 

 𝑐 + 𝑐 𝑋 +  𝑐  𝑋  = 0 (5.2) 

 

 𝑐 +  𝑐 𝑋 + 𝑐  𝑋 +  … . + 𝑐 𝑋  = 0 (5.3) 

 

 𝑐 + 𝑐 .  �⃗�   = 0 (5.4) 

 

There may be several possibilities for how to divide the data instances into various classes 

using hyper-planes. Which hyper-plane will produce the best classification can be 

determined by the margin, which is the separation between the hyper-plane and the data 

points as shown in Fig. 5.4 (b). A, B, and C are the three hyperplanes, as shown in Fig. 5.4 

(a). Maximizing the distances between the nearest data points for both the categories and 

the hyper-plane is helpful in identifying the optimal hyper-plane that best categorizes 

triangles and circles. The margin for hyper-plane A in Fig. 5.4 (b) is larger than that for B 

and C. So, the optimum hyper-plane is hyper-plane A. Robustness is another immediate 

justification for choosing the hyper-plane with a bigger margin. A higher chance of 

misclassification exists if a hyper-plane with a smaller margin is used. SVM is commonly 

used for satellite image classification due to its capacity to perform well with less training 

data than traditional methods [155]. The crucial factors that have been modified and 

tuned for accurate classification results are the regularization parameter C = 1.0 and the 

number of iterations = 4000. 
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(a) (b) 

Vegetation                         Built-up                          Open-land 

 

FIGURE 5.5 (a) FCC image of Surat city and (b) classified image using SVM classifier 

 

Fig. 5.5(a) depicts a false colour composite (FCC) image of Surat city for the year 2020, 

and Fig. 5.5(b) illustrates the SVM classifier's categorized output from the object-based 

technique. The 5m resolution VHR earth observation image of Surat city was captured by 

the LISS-IV sensors on board the ISRO's Resourcesat-2 satellite. The multispectral image 

 

TABLE 5.2 Confusion matrix for Surat (Year 2020) using SVM 

 

Class 
Reference Data 

Row Total UA 
Vegetation Open land Built-up 

Vegetation 67441 8855 276 76572 0.88 

Open land 1047 88111 11417 100575 0.88 

Built-up 984 7101 35377 43462 0.81 

Column Total 69472 104067 47070 220609  

PA 0.97 0.85 0.75   

OA = 190929 / 220609 = 86.55% 

KC = 0.79 

 

has been divided into classes for vegetation, open space, and built-up areas, and Table 5.2's 

confusion matrix provides class-specific accuracy data in the form of user's accuracy (UA) 
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and producer's accuracy (PA). The qualitative analysis and classification results of the 

SVM classifier are evaluated using a confusion matrix. The confusion matrix serves as the 

foundation for the performance evaluation, and it is from this that the Kappa Coefficient 

(KC), user accuracy, producer accuracy, and overall accuracy (OA) are all calculated. 

SVM performs object-based classification with an overall accuracy of 85.55% and a kappa 

coefficient of 0.79. 

 

5.4 Gaussian Naive Bayes (GNB) classifier 

 

A parametric and supervised machine learning technique called Gaussian Naive Bayes 

(GNB) was developed on the basis of Bayes' theorem and uses the naive conditional 

independence hypothesis among pairs of features [156]. Nave Bayes is a straightforward 

method for creating models that give class labels to instances of problems. The essential 

tenet of the Bayes rule is that certain evidence that may be observed can be used to forecast 

a hypothesis's result. Assume the learner imagines a bounded hypothesis space H in which 

they will attempt to learn a particular target concept c:X → {0,1} where X is called the 

instance space referring to H. The training examples are in the following order: {(x1, t1), 

(x2, t2),...., (xm, tm)}, where xi is an instance of X and ti denotes the target of xi interpreted as 

ti = c(xi). The series of target values thus becomes T = {t1,...., tm} without having any 

negative effects on the algorithm's performance. It is assumed that the sequence of 

occurrences of x {x1,...., xm} is maintained unchanged. The posterior probability of each 

hypothesis h in H may be determined using Bayes' theorem as follows: 

 𝑃(ℎ|𝑇) =  
𝑃(𝑇|ℎ)𝑃(ℎ)

𝑃(𝑇)
 (5.5) 

The straightforward explanation is that it is less likely for h to have assistance from T for 

occurring when there is a greater likelihood that T may occur without it. Finding the most 

likely hypothesis h from a group of hypotheses H (h ∈ H) given the training data T is a 

typical challenge in machine learning. The maximum a posteriori (MAP) hypothesis is the 

name given to this most likely scenario. 

 
ℎ =  𝑎𝑟𝑔𝑚𝑎𝑥  ∈  𝑃(ℎ|𝑇) 

                                               =  𝑎𝑟𝑔𝑚𝑎𝑥  ∈  
𝑇 ℎ ( )

( )
 

(5.5) 
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A probabilistic classifier in machine learning is a classifier that anticipates, given an 

observation or perception (input), a likelihood calculation over a set of classes rather than 

simply surrendering (outputting) the class to which the perception or observation should 

belong. The machine learning approach is used for parameter estimation in Naive Bayes 

models. When fresh information may be utilized to update previously calculated 

probability, Bayes' theorem is applied. Naive Bayes classifiers can be properly trained in a 

supervised learning environment, depending on the specific characteristics of the 

probability model.  

 

The Nave Bayes classifier approach's widespread use is largely due to the fact that it may 

reach the desired classifier by just counting the frequencies of different data combinations 

inside the training example rather than having to scan the whole hypothesis space. To sum 

up, a Naive Bayes classifier is a fundamental probabilistic classifier built on the application 

of the independence assumptions of the Bayes theorem. The Bayes theorem's prior 

probabilities that are modified by newly accessible information are referred to as 

  

  

(a) (b) 

Vegetation                        Built-up                          Open-land 

 

FIGURE 5.6 (a) FCC image of Surat city and (b) classified image using GNB classifier 

 

posterior probabilities. When it is assumed that all continuous variables connected to each 

feature are distributed in accordance with the Gaussian distribution, also known as the 

Normal distribution, Gaussian Naive Bayes is utilized. For each type of data, it 
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approximates mean vectors and covariance matrices and then uses these to assign the 

proper class labels to input segments [157]. It is observed that priors = none and 

var_smoothing = 1e-08 are the optimal parameters for Gaussian Naive Bayes. 

 

Fig. 5.6(b) shows the classified output of the GNB classifier from the object-based 

approach, whereas Fig. 5.6(a) shows a false colour composite (FCC) image of Surat city 

for the year 2020. The multispectral image has been classified into classes for vegetation, 

open space, and built-up regions. Table 5.3's confusion matrix offers accuracy statistics for 

each class in the form of user's accuracy (UA) and producer's accuracy (PA). A confusion 

matrix is used to assess the qualitative analysis and classification outcomes produced by 

the GNB classifier. The Kappa Coefficient (KC), user accuracy, producer accuracy, and 

overall accuracy (OA) are all derived from the confusion matrix, which serves as the basis 

for the performance evaluation. With a kappa co-efficient of 0.80 and an overall accuracy 

of 87.85%, GNB conducts object-based categorization. 

 

TABLE 5.3 Confusion matrix for Surat (Year 2020) using GNB 

 

Class 
Reference Data 

Row Total UA 
Vegetation Open land Built-up 

Vegetation 66398 1942 67 68407 0.97 

Open land 2837 98114 17702 118653 0.83 

Built-up 237 4011 29301 33549 0.87 

Column Total 69472 104067 47070 220609  

PA 0.96 0.94 0.62   

OA = 193813 / 220609 = 87.85% 

KC = 0.80 

 

 

5.5 Decision Tree (DT) classifier 

 

One of the most broadly used and well-liked methods for categorization is decision tree 

learning. It constructs a model that resembles a tree structure, as the name suggests. It is 

incredibly prolific, and its grouping accuracy is targeted using various techniques. It's a 
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non-parametric machine learning method that gains knowledge using simple rules deduced 

from characteristics of training data. For multi-dimensional analysis with several classes, a 

decision tree is utilized and distinguished by quick execution times and simple rule 

interpretation. Decision tree learning's objective is to build a model from historical data 

called a past vector that forecasts the value of an output variable depending on input data in 

a feature vector. The decision tree organizes the input data into categories, moving from 

the root node to the leaf node. It creates a sort of tree where the leaf node represents 

decisions and the branch node represents class selection [158]. 

 

 
 

FIGURE 5.7 Decision Tree Structure 

 

The general structure of the decision tree is shown in Fig. 5.7. One of the feature vectors is 

represented by each node (or decision node) in a decision tree. The instance space is 

divided into two or more sub-spaces by each internal node in accordance with a particular 

discrete function of the input feature values. In the easiest and most typical scenario, each 

test takes into account a single attribute, dividing the instance space according to the 

attribute's value. There are edges connecting each node to the next one after it, and there is 

an edge for each potential value of the feature linked to the node. The tree comes to an end 

at various leaf nodes, also known as terminal nodes, where each leaf node stands in for a 

potential value for the output variable. Each leaf node is given a class that corresponds to 

the ideal target value. A path that begins at the root and is directed by the values of the 

input data is followed to identify the output variable. According to the results of the tests 
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conducted along the path, instances are categorized by moving them from the tree's root to 

a leaf. 

 

A technique known as recursive partitioning is used to construct decision trees that 

correlate to the training data. The method divides the data into several subgroups based on 

the values of the features. The data set is divided into many divisions by the decision tree, 

with each partition's data containing data with a unique value for the feature on which the 

partitioning was made. The initial set of branches is here. Similar to this, the method keeps 

dividing the nodes based on the characteristic that contributes to the optimal partition until 

a stopping requirement is met.  

 

  

(a) (b) 

Vegetation                         Built-up                          Open-land 

 

FIGURE 5.8 (a) FCC image of Surat city and (b) classified image using DT classifier 

 

Quinlan [159] created Iterative Dichotomiser-3 (ID3), which builds a multi-way tree by 

identifying the category characteristic for each node that will provide the most information 

for classified targets. To enhance a tree's capacity to generalize to new data, trees are 

typically pruned after reaching their maximum size. By dynamically establishing a discrete 

property that divides the continuous parameter value into a discrete set of intervals, C4.5, 

the replacement for ID3, removes the need that features to be categorical. The most recent 

version released by Quinlan [160] is C5.0. Compared to C4.5, it creates smaller rule sets 

and consumes less memory while yet being more precise. Although it is quite similar to 
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C4.5, classification and regression trees (CART) accept numerical target parameters and 

do not generate rule sets. From several DT techniques such as ID3, C4.5, C5.0, and 

CART, for object-based categorization of LISS-IV urban very high-resolution data, the 

CART method has been implemented using [161]. The Gini index is used as a node-

cleaving criterion to create a tree and computes the spacing between scattering possibilities 

for sample features [158]. The two main criteria employed in optimization to get the best 

classification result were the largest tree extent = none and the number of characteristics 

needed to be considered for node split = 6. 

 

TABLE 5.4 Confusion matrix for Surat (Year 2020) using DT 

 

Class 
Reference Data 

Row Total UA 
Vegetation Open land Built-up 

Vegetation 67467 2346 249 70062 0.96 

Open land 1564 90315 2676 94555 0.96 

Built-up 441 11406 44145 55992 0.79 

Column Total 69472 104067 47070 220609  

PA 0.97 0.87 0.94   

OA = 201927 / 220609 = 91.53% 

KC = 0.87 

 

 

In contrast to Fig. 5.8(a), which depicts a false colour composite (FCC) image of Surat city 

for the year 2020, Fig. 5.8(b) displays the categorized output of the DT classifier from the 

object-based method. The vegetation, open space, and built-up areas in the multispectral 

picture have their own categories. The confusion matrix in Table 5.4 provides accurate 

data for each class as user's accuracy (UA) and producer's accuracy (PA). The results of 

the DT classifier's qualitative analysis and classification are evaluated using a confusion 

matrix.  DT classifier performs object-based categorization with an overall accuracy of 

91.53% and a kappa coefficient of 0.87.  
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5.6 Bagging and Random Forest (RF) classifiers 

 

With the ensemble learning approach, different learning models are combined into a single 

output to improve prediction accuracy. When it comes to classifying very high resolution 

(VHR) images, ensemble learning techniques offer greater overall accuracy than a single 

classifier [120]. Empirically, ensembles often produce superior outcomes when the models 

are significantly diverse [162]. Therefore, many ensemble approaches work to encourage 

variation among the models they aggregate [163]. In order to improve fitness in 

comparison to a single estimator, the ensemble approach incorporates the results of several 

base classifiers. A technique for creating several versions of a predictor and utilizing these 

to produce an aggregated predictor is called bagging [164].  

 

In bagging classifiers, several instances of a base estimator are built using different random 

subsets of training data, and their independent findings are combined or aggregated to get a 

final precise prediction. The bagging approach is preferable to a single base estimator 

because it introduces randomization during construction, which lowers the variance of the 

base classifier [161]. Contrary to boosting approaches, which mostly perform better with 

weak models, bagging methods work best with powerful and complicated models because 

they offer a mechanism to prevent over-fitting. A portion or subgroup of the training data 

sets was randomly chosen with replacement in the bagging approach that was 

implemented. The number of base classifiers = 15 and the number of attributes used to 

identify the subset of the dataset = 7 were the two main factors taken into account as 

optimization parameters for the bagging classifier. 

 

A random forest (RF) approach may be thought of as an ensemble of weak classifiers, such 

as DTs, where each DT casts one vote and the class with the most often occurring response 

is given the input segment [165]. A significant improvement over bagging is random 

forests, which aggregate a bunch of de-correlated trees before averaging them. With 

random forests, the goal is to increase variance reduction while keeping the correlation 

among the trees as low as possible. This is accomplished throughout the tree-growing 

process by selecting the input variables arbitrarily. This machine learning classifier 

technique was developed by Breiman [166], and in it, trees are coupled with the 
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replacement of a random subset, and attributes are also chosen at random for every node's 

best division.  

 

The algorithm for random forests operates as follows. If the given data set contains N 

variables or features, a subset of m (m < N) features is randomly chosen from the N 

features. Instances of observations or data are also chosen at random. Determining the 

number of nodes ('d') is accomplished using the best split approach on these 'm' attributes. 

Until the tree has reached its maximum size, the nodes are divided into child nodes. 

Following the procedures above, a different fraction of the training data is chosen "with 

replacement" in order to build a new decision tree. To create and train 'n' decision trees, the 

previous stages are replicated. On the basis of the majority votes from the "n" trees, the 

ultimate class assignment is completed. 

 

  

(a) (b) 

Vegetation                         Built-up                          Open-land 

 

FIGURE 5.9 (a) classified image using Bagging classifier and (b) classified image using RF classifier 

 

With the correct amount of unpredictability, random forests may be used as accurate 

classifiers as well as useful prediction tools. This ensemble technique has performed 

effectively with high dimensional data and assessed the significance of the classification 

task's factors [166]. A particularly potent classifier called random forest combines the 

adaptability of several decision tree models into a single model. This ensemble approach 

has been widely used and is gaining popularity among machine learning experts to address 
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a variety of classification issues as a consequence of the improved outcomes. The most 

important criteria found for optimizing the RF classifier utilizing [161] were the number of 

trees in the forest =150, the quantity of attributes to analyze for node splitting = 3, and the 

excessive depth of the tree = none. 

 

Fig. 5.9 (a) and (b) show the classified output image of Surat city for the year 2020 using 

bagging and RF classifiers, respectively, employing the object-based classification 

approach. The multispectral image has been classified into vegetation, open land, and 

built-up classes, and their class-wise accuracy statistics are mentioned in the confusion 

matrix.  

TABLE 5.5 Confusion matrix for Surat (Year 2020) using Bagging 

 

Class 
Reference Data 

Row Total UA 
Vegetation Open land Built-up 

Vegetation 67360 2356 143 69859 0.96 

Open land 1553 92666 2682 96901 0.96 

Built-up 559 9045 44245 53849 0.82 

Column Total 69472 104067 47070 220609  

PA 0.97 0.89 0.94   

OA = 204271 / 220609 = 92.59% 

KC = 0.88 

 

TABLE 5.6 Confusion matrix for Surat (Year 2020) using RF 

 

Class 
Reference Data 

Row Total UA 
Vegetation Open land Built-up 

Vegetation 67545 2312 207 70064 0.96 

Open land 1606 92785 1028 95419 0.97 

Built-up 321 8970 45835 55126 0.83 

Column Total 69472 104067 47070 220609  

PA 0.97 0.89 0.97   

OA = 206165 / 220609 = 93.45% 

KC = 0.90 
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The accuracy values for each class are shown in Tables 5.5 and 5.6 as user's accuracy (UA) 

and producer's accuracy (PA), respectively, for the bagging and RF classifiers. A confusion 

matrix is used to assess the classification and qualitative analysis outcomes of both 

classifiers. Object-based classification is carried out using the bagging classifier, which has 

a kappa coefficient of 0.88 and an overall accuracy of 92.59%. Random forest classifier 

performs object-based categorization with an overall accuracy of 93.45% and a kappa 

coefficient of 0.90.  

 

With the aid of the shepherd segmentation method, the VHR LISS-IV image of the IRS R2 

satellite of Surat of the year 2020 with a 5m spatial resolution was segmented and 

categorized using six ML classifiers using an object-based strategy. This VHR image was 

divided into three classes, including built-up, open land, and vegetation. In Table 5.7, it is 

shown how well the KNC, SVM, GNB, DT, bagging, and RF machine learning classifiers 

performed in this urban study region. The shepherd segmentation algorithm's output was 

divided into training and validation segments using the stratified random sampling 

technique. 160 samples from each class were used as test samples for the precision 

computation, and 640 segments from all groups were used to train ML classifiers. For the 

aforementioned six object-based classifiers, several performance quantifications including 

OA, UA, PA, and KC are computed and shown in Table 5.7. 

 

TABLE 5.7 Precision comparison of KNC, SVM, GNB, DT, Bagging, and RF Classifiers 
for LISS - IV image of Surat 2020 

 

Classes 
KNC SVM GNB DT Bagging RF 

UA PA UA PA UA PA UA PA UA PA UA PA 

Vegetation 0.88 0.95 0.88 0.97 0.97 0.96 0.96 0.97 0.96 0.97 0.96 0.97 

Open land 0.97 0.73 0.88 0.85 0.83 0.94 0.96 0.87 0.96 0.89 0.97 0.89 

Built-up 0.69 0.97 0.81 0.75 0.87 0.62 0.79 0.94 0.82 0.94 0.83 0.97 

OA 85.37 86.55 87.85 91.53 92.59 93.45 

KC 0.78 0.79 0.80 0.87 0.88 0.90 

ET 45.60 127.01 29.56 33.03 37.76 461.69 

 

The built-up class illustrates the urbanization of the city region, while the vegetation class 

illustrates how urbanization affects the local natural environment. Comparing the object-

based DT to the KNC, SVM, and GNB classifiers, it showed improved OA and KC. The 

execution time (ET) for each ML classifier is calculated in seconds by averaging 10 

executions of object-based classification, as shown in Table 5.7. With reference to OA and 



  Evaluation of benchmark Machine Learning Classification Algorithms 

114 
 

KC, the ensemble-based bagging and RF classifiers have shown greater classification 

accuracy. The RF algorithm's execution time was determined to be the slowest of all the 

classifiers, but it had the greatest OA (93.4%) and KC (0.90). When compared to KNC and 

bagging methods, the DT classifier's computation time was shown to be shorter. For all six 

algorithms, the vegetation class has outperformed the others in terms of class-wise UA and 

PA. With an OA of 87.85% and KC of 0.80, the GNB classifier has demonstrated more 

accuracy and faster computation times than the SVM method. 

 

 

(a) 

 

(b) 

FIGURE 5.10 (a) overall accuracy and (b) kappa coefficient of KNC, SVM, GNB, DT, Bagging, and RF 
Classifiers for LISS - IV image of Surat 2020 
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The accuracy of the classification of urban land obtained by KNC, SVM, GNB, DT, 

bagging, and RF machine learning classifiers in respect of OA and KC is shown in Fig. 

5.10 (a) and (b). In terms of OA and KC for classification of the VHR LISS - IV image of 

Surat 2020, it can be observed in Fig. 5.10 that the object based RF method excelled over 

the other five classifiers. 

 

5.7 Summary 

 

The theoretical foundation of machine learning and several of its important concepts were 

briefly covered in the first section of this chapter. Then, a theoretical overview of six 

machine learning classifiers (KNC, SVM, GNB, DT, bagging, and RF) has been discussed 

with object-based classification results obtained for a VHR earth observation image of 

Surat 2020 with a resolution of 5m that was captured by the LISS-IV sensors on board the 

Resourcesat-2 satellite of the ISRO. The comparative assessment of six machine learning 

classifiers for the object-based categorization of the aforementioned image has been 

presented at the end of the chapter. The object-based DT classifier has demonstrated better 

OA and KC when compared to the KNC, SVM, and GNB classifiers. In comparison to the 

other five classifiers, the ensemble-based RF classifier has demonstrated improved 

classification accuracy concerning OA and KC at the expense of higher execution time. 
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Chapter 6 

 

Implementation and Performance Assessment of  

AdaBoosted Extra Trees Classifier (ABETC) 

 

6.1 Introduction 

 

Rapid and accurate urban planning is necessary for a higher standard of public life and to 

handle an ever-increasing population in the city region due to rural-to-urban migration. 

Remote sensing technology is brought into play in urban expansion planning and design. 

The accuracy of the classification becomes a crucial performance criterion as the necessity 

for categorizing very high-resolution multispectral satellite images for urban planning 

grows. The technology used in remote sensing and image processing applications is always 

advancing, and the spatial resolution of the sensors used in these disciplines is prompting 

new requirements for the applications that utilize this data. It has been established, as 

mentioned in chapter 2, that object-based techniques are superior to the conventional pixel-

based methods for classifying satellite images. By applying object-based image 

classification methods for satellite data with very high resolution, the salt and pepper 

effects seen in the traditional pixel-based approach are avoided.  

 

Chapter 5 provides a thorough investigation of the comparative study of the benchmark 

machine learning classifiers presently in use for object-based categorization of IRS 

Resourcesat-2 LISS IV satellite images.  The ensemble-based RF classifier has shown 

greater classification accuracy compared to others. A particularly potent classifier called 

random forest combines the adaptability of several decision tree models into a single 

model. With the ensemble learning approach, different learning models are combined into 

a single output to improve prediction accuracy. A random forest (RF) approach is an 
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ensemble of weak classifiers, such as DTs, where each DT casts one vote and the class 

with the most often occurring response is given the input segment [165]. Random forests, 

which incorporate many de-correlated trees before averaging them, provide a major 

improvement over bagging. Although the RF method had the highest OA and KC of all the 

classifiers, it was found to have the slowest execution time. Extra trees classifier is a type 

of ensemble learning strategy that has computational efficiency as its major benefit over 

RF techniques. The ETC approach constructs an ensemble of unclipped decision trees  and 

separates nodes by selecting cut points entirely at random, which differentiates it from 

earlier ensemble tree-based methods. Lesser computation times for ETC have been 

experimentally shown by Geurts et al. [121] in contrast to other ensemble-based methods 

like RF. The concept behind the "boosting" is to combine a number of weak and inexact 

prediction rules to produce highly precise prediction rules.  The AdaBoost creates a 

classifier that provides class labels beginning with the un-weighted training data. When a 

training data object is incorrectly categorized, its weight is boosted. The revised weights 

are employed to construct a second classifier and the process is repeated. 

 

This chapter presents the proposed object based classification approach, which integrates 

the extra trees classifier with the AdaBoost SAMME algorithm with two stages of 

parameter optimization. Using the scalable Shepherd algorithm, the segmentation step of 

the proposed object based classification approach has been carried out. The experimental 

results and comparison section of this chapter describes the exhaustive comparison of the 

classification results of the proposed object-based method with the DT, RF, ETC, and 

ABRFC classifiers. 

 

6.2 AdaBoosted Extra Trees Classifier (ABETC) 

 

The AdaBoost SAMME algorithm and extra trees classifier are integrated into this 

suggested object-based classification technique, which includes two steps of parameter 

optimization. Using the scalable Shepherd method, the segmentation step of the suggested 

object-based classification technique has been carried out. 
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6.2.1 Extra trees classifier (ETC) 

 

Extra trees classifier is a form of ensemble learning approach that generates its 

classification result by combining the output of several de-correlated decision trees 

accumulated in a forest. The resultant ETC algorithm's primary advantage over competing 

algorithms is computational efficiency. Moreover, ETC differs from other tree-based 

ensemble strategies because it develops a tree using all training samples rather than the 

bootstrap replicas employed by other ensemble methods [120]. Steps of Extra-Trees 

algorithm are as follows. 

 

 Node_split (P) 

Input: the local training subset P related to the node to be split 

Output: a split [r < rc] or void 

– If Split_stop(P) is TRUE then return void. 

– Otherwise select L attributes {r1, . . . , rL } among all candidate attributes;  

– Draw L splits {p1, . . . , pL }, where pi = Select_random_split (P,ri), ∀i = 1, 

. . , L; 

– Return a split p∗ such that Score(p∗, P) = maxi=1,...,L Score(pi, P). 

 

 Select_random_split (P,r) 

Inputs: a subset P and an attribute r 

Output: a split 

– Let 𝑟  and 𝑟  indicate the highest and lowest value of r in P; 

– Pull out a random cut-point rc consistently in [𝑟  , 𝑟 ]; 

– Return the split [r < rc]. 

 

 Split_stop (P) 

Input: a subset P 

Output: a boolean 

– If | P | < nmin, then → TRUE; 

– If all attributes are perpetual in P, then → TRUE; 

– If the output is perpetual in P, then → TRUE; 

– Otherwise, → FALSE. 
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The majority of tree randomization techniques greatly randomize the common 

methodology for building trees. Although current tree randomization techniques 

considerably randomize the basic mechanism for tree growth, they are still distant from 

producing completely random trees. Investigating if greater randomization levels may 

increase precision when compared to current ensemble approaches was prompted by the 

extremely large variance of decision tree splits. In order to do this, Geurts et al. 

[121] suggested and investigated a novel method called extremely randomized trees or 

extra trees that chooses the cut-point completely at random, i.e., regardless of the target 

variable, for a given numerical property. This is paired with an arbitrary selection of a 

specified number of attributes at each tree node, from which the optimal attribute is 

decided. To the utmost extent, the approach produces completely randomized trees whose 

designs are liberated of the target variable parameters of the training collection by selecting 

a single feature and cut-point at random for each node. 

 

Algorithm description:  

The term "attribute" in this ensemble approach refers to a specific input variable 

considered in a supervised learning task. All of the potential input variables for a particular 

classification issue are referred to as the "candidate attributes". The target variable that 

characterizes the supervised learning issue is referred to as the output in this approach. The 

observations utilized to create a model are referred to as learning samples, while the 

observations employed to calculate a model's accuracy are referred to as test samples. The 

learning sample's size, or its number of observations, is denoted by the letter N, while the 

number of candidate attributes, or the dimensions of the input space, is denoted by the 

letter n.  

 

The Extra-Trees approach employs the traditional top-down construction method to 

construct an ensemble of unclipped decision trees. It separates nodes by selecting cut 

points entirely at random, which sets it apart from previous tree-based ensemble 

approaches. It also grows the trees using the entire learning sample rather than a bootstrap 

replica. The amount of attributes that are randomly picked at each node (L) and the 

least sample size (nmin) required to divide a node are the two parameters of the extra-trees 

dividing technique illustrated above. The initial learning sample is split into many groups 

using the extra-trees splitting process to create an ensemble model, where M is the number 

of trees in the ensemble. In classification problems, the ultimate prediction is produced by 
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combining all of the tree estimates. Different effects are produced by the parameters L, 

nmin, and M. L controls the attribute selection component's strength, nmin controls output 

noise averaging's potency, and M controls the ensemble model aggregation's variance 

reduction process's resilience. 

 

Smaller computation times for extra trees have been experimentally shown by Geurts et al. 

[121] in contrast to other ensemble-based methods like tree bagging and random forest. As 

the number of features rises, ETC's computational efficiency improves, and it is discovered 

more than 10 times faster than random forest. For the object-based categorization of very 

high-resolution LISS - IV images of metropolitan areas, this algorithm was implemented 

using (Pedregosa, et al. [161]). The maximum depth of the tree, the number of trees in the 

forest, and the amount of features needed for node splitting are found to be the most 

important factors for optimizing the object based extra trees classification method. 

 

6.2.2 AdaBoost Classifier 

 

The concept behind the machine learning strategy known as "boosting" is to combine a 

number of weak and inexact prediction rules to produce highly precise prediction rules. 

The Freund et al. [168] AdaBoost technique, which has applications in many other sectors, 

was the first authentic boosting algorithm and is now one of the most popular and 

extensively studied.  

 

Consider a training data set (x1, y1),..., (xn, yn), where the output or response variable (yi) is 

subjective and takes values in a finite set, e.g., {1, 2,..., H}, where H → number of classes, 

h → variable whose value varies from 1 to H, and the input or prediction parameter (xi)  ∈  

Rp. Supposing that the training set consists of equally distributed samples drawn randomly 

from an unidentified probability distribution Prob (X, Y). The objective is to identify a 

classification rule Y(x) from the training set so that it is possible to assign a class label y 

from {1,..., H} to a test input x when it is provided. 

 

Iteratively merging several weak classifiers, the AdaBoost method seeks to approach the 

Bayes classifier. The AdaBoost creates a classifier, such as a classification tree [169] that 

provides class labels beginning with the un-weighted training data. When a training data 
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object is incorrectly categorized, its weight is raised (boosted). The revised weights are 

employed to construct a second classifier. Incorrectly classified training data are once more 

given an increase in weight, and the process is repeated. Each predictor is given a score, 

and the ultimate classifier is determined by adding the classifiers from each phase in a 

linear fashion. Let W(x) stands for a weak multi-class classifier that labels x with a class, 

then the AdaBoost method [168] operates as illustrated bellow. 

1. Training observation weight are initially applied  as wi = 1 / n, i = 1,2,3,...., n  

2. For k = 1 to K: 

Fit a classifier W(k)(x) to the training observations utilizing weights wi. 

Calculate 

 𝑒𝑟𝑟( ) =  𝑤 II ( 𝑦 ≠  𝑊( ) (𝑥 ) ) / 𝑤   (6.1) 

Calculate 

 α( ) = log
1 − 𝑒𝑟𝑟( )

𝑒𝑟𝑟( )
   (6.2) 

Assign 

 𝑤  ←  𝑤 ∗  𝑒𝑥𝑝( α( ) . II  𝑦 ≠  𝑊( ) (𝑥 ) , for i = 1, 2, 3, .. , n. (6.3) 

Re-normalize wi. 

3. Output 

 𝑌(𝑥)  =  arg 
max

ℎ
 α( ) . II (𝑊( ) (𝑥)  =  ℎ  )     (6.4) 

 

 

AdaBoost has been demonstrated to be incredibly effective in developing 

precise classifiers when used for two-class classification tasks. According to the concept of 

Freund et al. [168], each weak classifier's error (err(k)) must be smaller than 1/2 (or α(k) > 0) 

concerning the distribution that it learned. Given that random guessing has a 1/2 error rate, 

this assumption can be readily met for two class categorization tasks. The fundamental 

drawback of AdaBoost is that it cannot accommodate weak learners with an error rate of 

more than half, as indicated by [168]. 
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6.2.3 AdaBoost - SAMME 

 

Stagewise Additive Modeling using a Multi-class Exponential loss function (SAMME) is a 

novel multi-class adaptation of AdaBoost for multi-class categorization presented by 

Hastie et al. [170]. With the identical initial conditions as AdaBoost, SAMME moves 

forward as mentioned bellow [170]. 

1. Training observation weight are initially applied  as wi = 1 / n, i = 1,2,3,...., n  

2. For k = 1 to K: 

Fit a classifier W(k)(x) to the training observations utilizing weights wi. 

Calculate 

 𝑒𝑟𝑟( ) =  𝑤 II ( 𝑦 ≠  𝑊( ) (𝑥 ) ) / 𝑤   (6.5) 

Calculate 

 α( ) = log
1 − 𝑒𝑟𝑟( )

𝑒𝑟𝑟( )
 + log (𝐻 − 1) (6.6) 

Assign 

 𝑤  ←  𝑤 ∗  𝑒𝑥𝑝( α( ) . II  𝑦 ≠  𝑊( ) (𝑥 ) , for i = 1, 2, 3, .. , n. (6.7) 

Re-normalize wi. 

3. Output 

 𝑌(𝑥)  =  arg 
max

ℎ
 α( ) . II (𝑊( ) (𝑥)  =  ℎ  )    (6.8) 

 

 

 

With a minor but noticeable modification in (1), especially the additional term log(H - 1), 

algorithm SAMME has the same straightforward formal framework as AdaBoost. 

SAMME naturally simplifies to AdaBoost when H = 2. However, in the multi-class 

scenario (H > 2), the expression log(H - 1) in (6.6) is significant. The precision of each 

weak classifier simply has to be superior to random guessing now, rather than being better 

than 1/2, for α(k) to be positive, which is one prompt impact. The additional term log(H - 1) 

is not a deliberate addition; it transforms algorithm SAMME into the process of fitting a 

forward stage-wise additive model with a multi-class exponential loss function. The 

exponential loss's greatest benefit is that it provides us with a straightforward reweighting 
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formula. Alternative multi-class loss functions might not produce such a straightforward 

closed-form reweighting solution [170]. 

 

 
 

FIGURE 6.1 Flow chart of the proposed method 

 

 

Hastie et al. [170] have demonstrated the two-class AdaBoost algorithm's natural multi-

class extension called SAMME and exhibited the following. 

 By developing a forward stage-wise additive model for multi-class issues, SAMME 

adaptively incorporates the multi-class Bayes rule. 

 SAMME adheres similarly to the boosting principle by adaptively merging weak 

classifiers to create a powerful classifier.  
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 SAMME only produces one weighted classifier (instead of H) for each step, thus 

the weak learner only requires to outperform H-class random guessing. 

 

Given that each tree's depth is set at d and that classification trees are employed as weak 

learners, the computing expense of constructing each tree is O(dpn log(n)), where p is the 

size of the input variable x and n is the number of training samples or observations. Since 

there are K iterations, the Adaboost SAMME method has a computational cost of O(dpn 

log(n)K).  

The proposed object-based AdaBoosted Extra Trees Classifier method's various 

implementation stages are depicted in Fig. 6.1. The IRS-R2 satellites' 5m resolution LISS-

IV multispectral images are collected for the cities of Ahmedabad, Vadodara, Surat, and 

Rajkot. The details of these satellite images are described in chapter 3. False colour 

composite (FCC) images are approximate representations of multi-spectral images that are 

created using bands other than the visible red, green, and blue or applied in a different 

order to serve as the red, green, and blue parts of an image display. These FCC images are 

generated by stacking spectral bands of multispectral LISS - IV images.  

 

These FCC images were segmented using the scalable shepherd segmentation method 

[136] described in chapter 4. The key parameters employed in this segmentation 

experiment were the number of seed k = 60, maximum iteration = 100, minimum number 

of pixels per segment = 100, and distance threshold for segment joining = 75. For the 

purpose of separating the training and testing portions, the stratified random sampling 

approach was used. The processes of feature extraction were applied to the randomly 

picked training samples. For the multispectral image segmentation stages in figure 6.1, the 

shepherd segmentation approach was implemented using RSGISLib [137], an open-source 

library. Using two stages of parameter estimation utilizing scikit-learn's grid search cross 

validation (CV) module [161], the segments and their extracted attributes were used in the 

classification process. The last phase was integrating the AdaBoost SAMME classifier 

with the optimized base classification algorithm. 
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6.2.4 Labeling of Samples 

 

The segments or objects produced by the segmentation technique were labeled by visual 

exposition for all four city images using free and open-source QGIS software [148]. The 

three categories in which all the segments were classified are built-up, vegetation, and 

open land. A stratified random sample technique was employed to divide these labeled 

segments into training and testing parts. The amount of samples used to train the classifier 

algorithm was then randomly chosen, and features were then extracted from each of them. 

 

6.2.5 Parameter Optimization 

 

Two phases were involved in the finalization of the ABETC parameter values. The grid 

search cross validation (CV) module [161] was employed in the first phase to optimize the 

extra trees classifier's parameters. The ETC's parameters used for optimization include the 

number of forest trees, the maximum tree depth for growing the nodes of trees, and the 

number of features used for node splitting. The optimal values for these parameters were 

determined using the five-fold cross-validation.  

 

In order to employ the AdaBoost SAMME method, the optimized ETC classifier with its 

finalized parameter values was operated as the basis classifier. The maximum number of 

weak classifiers and learning rate are the parameters of this integrated classifier method 

which are optimized using a fivefold CV in the second phase of the parameter optimization 

process. Following two-phase parameter tuning, many ETCs were produced and 

consecutively trained. The weight of the training instances used to train the optimized base 

classifiers mentioned above was also adaptively upgraded. The ultimate prediction was 

generated via a majority vote following the successful completion of a certain number of 

iterations. The AdaBoosted random forest classifier (ABRFC) was implemented using the 

same methodology, and the outcomes have been evaluated concerning classification 

precision. 
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6.2.6 Validation and Accuracy Assessment 

 

K-fold cross-validation is employed to measure the generalization errors of the supervised 

machine learning classifiers. Here, the model validation approach prepares k subsets from 

the training segments that are accessible, uses the k-1 subsets to train the machine learning 

algorithm, and then validates the developing trained model on the remaining subspace of 

training data [165]. By computing the average precision in the loop, the performance 

accuracy of cross-validation is obtained. Here, the grid search CV module of [161] was 

employed to run 5-fold cross validation to optimize the parameters of ML classifiers. A 

percentage of pixels that are properly categorized and the total number of pixels are used to 

determine the total or overall object based classification accuracy [171]. Producer's 

accuracy (PA) or an omission error is defined as the division of correctly classified pixels 

from a specific group and all pixels from that class in the reference data [165, 171]. User 

accuracy (UA) or commission error is defined as the percentage of properly 

recognized pixels in a category and the number of total pixels classified in this 

particular class [165, 171]. Gómez et al. [172] explicated the computation of Cohen's 

[147] kappa coefficient (KC) based on observed agreement (OA) and expected agreement. 

 

 

6.3 Classification Results and Comparison 

 

By computing overall accuracy (OA) and kappa coefficient (KC), the effectiveness of the 

various classifiers is assessed and compared for the subset of the LISS - IV image of 

Ahmedabad 2018. The study area (a subset of this LISS-IV image) was categorized into 

three classes, including open land, vegetation, and built-up areas.  
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 Vegetation                       Built-up                        Open-land 
 

FIGURE 6.2 (a) FCC image of a subset of Ahmedabad 2018 and   
Classified images of (b) DT, (c) RF, (d) ETC, (e) ABRFC, and (f) ABETC classifiers 

 

A false color composite (FCC) image of a subset of the LISS - IV image of Ahmedabad 

2018 is depicted in Fig. 6.2 (a). The output of object-based categorization of the study area 

using the classifiers DT, RF, ETC, ABRFC, and ABETC is displayed in Fig. 6.2 (b) to (f). 

The multispectral image has been classified into vegetation, open land, and built-up 

classes. In the object-based categorized images of Fig. 6.2, the built-up class was depicted 
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in light pink, the vegetation area was displayed in light green, and the open land region was 

presented in light brown color. When categorized images from DT, RF, and ETC 

classifiers are examined with categorized images from ABRFC and ABETC classifiers, 

respectively, a noticeable improvement in the classified results can be observed. 

 

TABLE 6.1 Accuracy Statistics for DT, RF, ETC, ABRFC, and Proposed Method (ABETC) 
for LISS - IV image of Ahmedabad 2018 

 

Classes 
DT RF ETC ABRFC 

Proposed 
Method 

UA PA UA PA UA PA UA PA UA PA 

Built-up 82.11 83.14 82.25 85.12 83.53 86.23 82.77 85.41 85.63 86.16 

Vegetation 95.41 91.59 92.88 94.14 93.74 93.79 94.27 93.85 93.68 93.69 

Open Land 82.59 83.87 86.96 81.16 88.91 84.36 88.80 84.70 88.39 87.52 

OA (%) 85.51 86.27 87.61 87.35 88.47 

KC 0.81 0.82 0.83 0.83 0.85 

ET 11.16 630 242 890 298 

 

Utilizing a stratified random sampling method, the segments produced by the segmentation 

process were split into training and testing samples. 532 instances from each class were 

employed in the training of the supervised classifiers. Table 6.4 displays the different 

accuracy metrics, such as user accuracy (UA), producer accuracy (PA), overall accuracy 

(OA), and KC, for the classifiers DT, RF, ETC, ABRFC, and the proposed method-

ABETC. The classifiers presented in Tables 6.4's execution time - ET (in seconds), was 

computed by averaging between 10 and 100 executions.  

 

In comparison to DT and RF classifiers, the object-based extra trees classifier surpassed 

both with an overall accuracy of 87.61% and a kappa coefficient of 0.83. As demonstrated 

by Geurts et al. [106], ETC has demonstrated faster execution time in comparison to the 

benchmark RF classifier. For all the classifiers, it was observed that the producer's and 

user's accuracy of the vegetation class was greater. With an overall accuracy of 86.27% 

and a kappa value of 0.82, the RF classifier was more accurate than the DT classifiers. 

Compared to the other classifiers, the decision tree classifier required less time to execute. 

Among these classifiers, the object-based classification utilizing the proposed method has 

demonstrated the best performance, with an overall accuracy of 88.47% and a kappa value 

of 0.85. Compared to RF and ABRFC classifiers, the observed computational cost of 

ABETC was the lowest.  
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6.4 Sensitivity analysis using Training Samples  

 

A higher amount of training samples can significantly enhance the classifier's prediction 

accuracy [118]. Object-based classifiers such as KNC, SVM, GNB, DT, Bagging, and RF 

have been used to classify the 5m resolution VHR earth observation multispectral image of 

Surat city of the year 2020. Following segmentation, 160 items from each class of 800 

randomly chosen objects were collected to assess the performance of ML classifiers, while 

640 objects from each class were used to train above ML classifiers. For randomly picked 

20, 50, 150, 250, 350, 500, and 640 objects from each class, the impact of the various 

training objects used to train the classifiers' algorithms on classification precision was 

evaluated.  

 

TABLE 6.2 Comparison of OA (%) of KNC, SVM, GNB, DT, Bagging, and RF Classifiers  
for different TS per class for LISS - IV image of Surat 2020 

Classifiers 
Number of Training Samples (TS) 

20 50 150 250 350 500 640 

RF 87.67 88.25 89.26 91.69 92.19 92.59 93.45 

Bagging 85.55 86.24 88.33 89.80 90.29 91.79 92.59 

DT 83.48 85.53 86.06 87.99 88.83 89.40 91.53 

GNB 83.59 86.83 87.75 87.80 87.82 88.01 87.85 

SVM 74.77 80.53 82.26 82.70 86.31 86.68 86.55 

KNC 80.93 83.77 84.70 84.65 84.93 85.35 85.37 

 

TABLE 6.3 Comparison of KC of KNC, SVM, GNB, DT, Bagging, and RF Classifiers  
for different TS per class for LISS - IV image of Surat 2020 

Classifiers  
Number of Training Samples (TS) 

20 50 150 250 350 500 640 

RF 0.81 0.82 0.83 0.87 0.88 0.89 0.90 

Bagging 0.78 0.79 0.82 0.84 0.85 0.87 0.88 

DT 0.75 0.78 0.79 0.81 0.83 0.84 0.87 

GNB 0.73 0.79 0.80 0.80 0.80 0.81 0.80 

SVM 0.60 0.69 0.71 0.74 0.78 0.79 0.79 

KNC 0.70 0.75 0.77 0.77 0.77 0.78 0.78 

 

Using 20, 50, 150, 250, 350, 500, and 640 randomly selected training samples (TS), the 

susceptibility of the machine learning classifiers KNC, SVM, GNB, DT, bagging, and RF 

was evaluated. Table 6.5 summarizes the total accuracy of these object-based classifiers 
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using the above introduced randomly picked training samples, whereas Table 6.6 provides 

kappa statistics. 

 

 
(a) 

 
(b) 

 
FIGURE 6.3 (a) overall accuracy and (b) kappa coefficient of KNC, SVM, and GNB classifiers  

for different TS per class for LISS - IV image of Surat 2020 
 

The overall observation is that for all six classifiers, the final classification performance in 

terms of OA and KC improves as the number of training segments increases. For the initial 

columns of Tables 6.5 and 6.6, the growth in values of OA and KC can be seen more 

distinctly, whereas the rise in the accuracy value in later columns can be seen less. For 

object-based KNC, SVM, and GNB classifiers, the graph of OA and KC over 20, 50, 150, 

250, 350, 500, and 640 randomly selected training examples are illustrated in Fig. 6.3 (a) 
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and (b). From these graphs, it can be observed that GNB has outperformed KNC and SVM 

algorithms in terms of both OA and KC for all training samples. In comparison to the other 

two classifiers, the accuracy of the SVM classifier declines more as the number of training 

examples decreases. 

 

 
(a) 

 
(b) 

 
FIGURE 6.4 (a) overall accuracy  and (b) kappa coefficient of DT, bagging, and RF classifiers  

for different TS per class for LISS - IV image of Surat 2020 
 

The change in OA and KC of DT, bagging, and RF machine learning classifiers for various 

randomly selected training samples is depicted in Fig. 6.4 (a) and (b). These line graphs 

demonstrate that for all training sample sizes, the RF classifier works better with OA and 
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KC than with DT and bagging algorithms. In comparison to ensemble-based bagging and 

RF algorithms, the DT classifier's accuracy metrics, OA and KC, have been found to be 

less accurate. 

 

Similarly, an image subset from the VHR LISS-IV multispectral image of Ahmedabad 

2018 has been categorized using object-based classifiers such as DT, RF, ETC, ABRFC, 

and ABETC. After segmentation, 532 samples from each class of this image were 

arbitrarily picked and employed to train the supervised classifiers mentioned above. Then, 

for 20, 30, 50, 150, 250, 350, 450, and 532 randomly picked training samples from each 

class, the sensitivity of the above classifiers was investigated.  

 

TABLE 6.4 Comparison of OA (%) of DT, RF, ETC, ABRFC, and proposed method (ABETC)  
for different TS per class for LISS - IV image of Ahmedabad 2018 

 

Classifiers 
Number of Training Samples (TS) 

20 30 50 150 250 350 450 532 
DT 76.07 78.03 80.38 81.51 83.61 85.08 85.37 85.51 
RF 78.56 80.94 82.65 83.11 84.37 85.58 85.90 86.27 

ETC 81.62 82.31 83.34 84.61 85.20 86.05 86.79 87.61 
ABRFC 80.12 81.72 83.87 84.87 85.42 86.62 86.97 87.35 
ABETC 82.28 84.20 85.00 86.46 86.99 87.89 88.10 88.47 

 

TABLE 6.5 Comparison of KC of DT, RF, ETC, ABRFC, and proposed method (ABETC)  
for different TS per class for LISS - IV image of Ahmedabad 2018 

 

Classifiers 
Number of Training Samples (TS) 

20 30 50 150 250 350 450 532 
DT 0.68 0.70 0.74 0.75 0.78 0.80 0.80 0.81 
RF 0.71 0.74 0.77 0.77 0.79 0.81 0.81 0.82 

ETC 0.75 0.76 0.78 0.79 0.80 0.81 0.82 0.83 
ABRFC 0.73 0.75 0.78 0.80 0.80 0.82 0.83 0.83 
ABETC 0.76 0.79 0.80 0.82 0.83 0.84 0.84 0.85 

 

The susceptibility of the machine learning classifiers DT, RF, ETC, ABRFC, and ABETC 

was assessed using 20, 30, 50, 150, 250, 350, 450, and 532 randomly chosen training 

samples (TS). Using the previously mentioned randomly selected training examples, Table 

6.5 highlights the overall accuracy of these object-based classifiers, whereas Table 6.6 

contains kappa values. The general finding is that as the number of training segments 
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advances, the final classification results for each of these classifiers increases in terms of 

OA and KC. 

 
(a) 

 
(b) 

 

FIGURE 6.5 (a) OA and (b) KC of DT, RF, ETC, ABRFC, and proposed method (ABETC)  
for different TS per class for LISS - IV image of Ahmedabad 2018 

 

With various numbers of randomly chosen training samples for the classifiers, the 

sensitivity of the DT, RF, ETC, ABRFC, and the proposed method was assessed. Fig. 6.5 

(a) and (b) show the change in overall accuracy (OA) and kappa coefficient (KC) of the 

78

80

82

84

86

88

90

20 30 50 150 250 350 450 532

O
A

 (
%

)

Samples per class

DT

RF

ETC

ABRFC

ABETC

0.70

0.72

0.74

0.76

0.78

0.80

0.82

0.84

0.86

20 30 50 150 250 350 450 532

K
C

Samples per class

DT

RF

ETC

ABRFC

ABETC



Implementation and Performance Assessment of ABETC 

134 
 

DT, RF, ETC, ABRFC, and ABETC classifiers for the training sample sizes of 20, 30, 50, 

150, 250, 350, 450, and 532, respectively. For variations in the sample size of training 

objects, the OA and KC of the extra trees classifier were shown to be better than that of the 

DT and RF classifiers. In comparison to the other four classifiers, the ABETC has 

demonstrated the best performance in terms of both OA and KC for different sample sizes 

of training data. 

 

6.5 Summary 

 

As the requirement for categorizing very high-resolution multispectral satellite images for 

urban planning rises, classification accuracy becomes a critical performance factor. This 

chapter discussed the proposed object based classification method, which integrates the 

extra trees classifier with the AdaBoost SAMME algorithm with two stages of parameter 

optimization and a scalable Shepherd algorithm as a segmentation step. The different steps 

of the proposed ABETC method, including a detailed explanation of the extra trees 

algorithm, were described in section 6.2. The performance of the DT, RF, ETC, ABRFC, 

and the proposed method is evaluated and compared using a subset of very high-resolution 

LISS - IV image of Ahmedabad 2018 in section 6.3. The sensitivity analysis for different 

training samples for the subset of the LISS-IV image of Ahmedabad 2018 using the DT, 

RF, ETC, ABRFC, and ABETC classifier as well as for the LISS-IV image of Surat 2020 

using the KNC, SVM, GNB, DT, Bagging, and RF Classifiers was presented in Section 

6.4. The ABETC has shown the highest performance in terms of both OA and KC for 

various training data sample sizes when compared to the other four classifiers. 
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Chapter 7 

Change Detection of Urban Built-up Area 

 

7.1 Introduction 

 

The current index of urbanization depicts the transformation of traditional rural areas into 

modern industrial ones. In developing countries, people are effectively emigrating from 

rural regions to urban ones. In a developing nation like India, urbanization and the 

planning of its development are crucial to the country's economic progress. The majority of 

urban expansion notably occurs without any planning constraints. People moving into 

urban areas has led to a variety of challenging issues for local authorities. Standard 

methods for acquiring data on urban land cover, however, now need a lot of time, effort, 

and money to keep up with rapidly expanding cities. Remote sensing can provide a 

significant supply of various important data that can be used to map urban land use and 

land cover and monitor the environment. Due to the frequent interaction of people, poor 

spectral discriminating capacity, the complexity of actual structures, and geometric 

deformation change detection in the urban landscape is a difficult task that requires regular 

monitoring [95]. A practical method for detecting changes in complicated urban areas is 

change analysis of very high-resolution multispectral satellite images.  

 

Change detection (CD) is a process for identifying changes in a certain geographical area 

over time [91]. This chapter examines the use of a novel object-based AdaBoosted Extra 

Trees Classifier for VHR LISS-IV satellite data to detect changes in built-up areas of three 

cities in Gujarat state of India. Different types of change detection methods are discussed 

in the first part of this chapter. The results and comparison section of this chapter describe 

the exhaustive comparison of the classification results of the proposed object-based 

method with the DT, RF, ETC, and ABRFC classifiers, area change detection statistics, 

and generate built-up area change map. 
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7.2 Change Detection Methods 

 

Utilizing different change detection techniques, changes in the environment and urban 

regions may be tracked historically and through time [173]. Change detection is 

accomplished by comparing two images that were taken over the same region but at 

different times. Many digital change detection strategies and methods for evaluating and 

identifying LULC changes have been developed and evaluated as a result of the 

accessibility of a huge volume of satellite data [174]. There are two types of change 

detection methods: post-classification CD methods and binary change or non-change 

detection methods.  

 

7.2.1 Binary change or non-change detection methods 

 

This category of methods includes a variety of approaches that directly produce "change" 

vs. "no change" pictures using satellite imagery from multiple dates.  

 Image Differencing: By deducting the value of a pixel from the value of the same 

pixel from the same band of a different date, image differencing for multispectral 

data is accomplished [175]. Pixel-by-pixel subtraction of the first image from the 

second image for each band produces difference images for each band. To 

distinguish the changed pixels from the unaltered pixels, a threshold value derived 

from the standard deviation is needed for each difference image. It is essential to 

accurately specify the thresholds to distinguish between change and non-change 

areas for this strategy to be effective [174]. 

 Image Ratioing: The image ratioing CD process works by obtaining the ratio 

of the values of the relevant pixels on the two images captured at different times. 

To create ratioed images for each band, each pixel from the first image was divided 

by the corresponding pixel from the second image [175]. A threshold value is 

needed for each ratio data histogram to distinguish between modified and unaltered 

areas.  

 Image regression: In this method, it is presumed that the second picture is a linear 

function of the first image. The first image is utilized as the "subject" image and the 

second one as the "reference". After that, the subject image is modified to conform 
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to the radiometric characteristics of the reference or second image. By 

radiometrically normalizing the subject picture to suit the reference image, a 

regression analysis, like least-squares regression, can assist in determining gains 

and offsets [48]. By subtracting the second picture from the first image, change is 

recognized.  

 Vegetation index differencing: For two pictures taken at different times, 

vegetation indices like the ratio vegetation index (RVI), soil-adjusted vegetation 

index (SAVI), and normalized difference vegetation index (NDVI) are computed 

independently. Following that, common pixel-based CD techniques like image 

differencing or image ratioing are used [48]. 

 Change vector analysis: In this method, the pixel values are interpreted as spectral band 

vectors. By deducting vectors for all pixels at various dates, the change vector is 

determined [176]. The type of change is represented by the direction of the change vector, 

while the magnitude of the change is indicated by the length of the change vector [48]. 

 

7.2.2 Post classification change detection Methods 

 
FIGURE 7.1 Major process steps of OBCD  
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Based on findings over a previous couple of decades, the various post-classification change 

detection techniques may be generally divided into pixel-based change detection (PBCD) 

and object-based change detection (OBCD) approaches [102]. For change detection 

applications in the context of the complicated urban landscape, object-based approaches 

have been shown to perform better in terms of classification accuracy [45]. 

 

Fig. 7.1 illustrates the major process steps of change detection. In the initial phase 

depending on the type of application, VHR satellite images of particular study areas are 

selected for the change detection task. The FCC images are generated by stacking spectral 

bands of multispectral images. These FCC images are segmented using a suitable 

segmentation algorithm. The FCC images along with segments generated by segmentation 

are assigned to object based classification phase. The chapter before provided a detailed 

explanation of the object-based categorization approach. The effectiveness of the 

classification is evaluated by introducing the final object based classified images to an 

accuracy test. The last stage involves performing change detection analysis on object-based 

categorized images and creating change detection maps for a specific class. 

 

 

 

FIGURE 7.2 Post Classification change detection 

 

The post-classification change detection method is based on the rectification of multiple 

classified images; it entails classifying each image separately, followed by the generation 
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of thematic maps and a comparison of the corresponding labels or class to determine areas 

where change has taken place [174]. The first part of the method involves assigning two 

multispectral images from different times, as seen in Fig. 7.2, for object-based 

classification. The following stage is to differentiate pixels from the same class in these 

images, and then class-wise areas are computed from the resulting thematic maps. Maps 

for change detection are produced at the final stage.  

 

7.3 Study Area and data set for change detection 

 

Gujarat has been one of India's most highly industrialized states. Some of the state's largest 

cities are Rajkot, Vadodara, and Ahmedabad. The largest city in terms of area as well as 

the state's main industrial and economic centre is Ahmedabad. The population of Gujarat 

state's urban region has increased dramatically during the past several decades as a result of 

urbanization. For the investigation of change detection in these cities, the 5m 

resolution satellite images from the Indian Remote Sensing Satellite IRS-R2 were 

employed. The three (Red, Green, and NIR) spectral bands of VHR satellite data were 

acquired using LISS-IV (Linear Imaging Self-Scanner) sensors.  

 

The extensive information about the study area and data sets is elaborated in chapter 3. For 

built-up change recognition of the city, the subset images of Ahmedabad with a size of 

5104 x 4862 pixels for the years 2011 and 2020 are utilized. The dimensions of the subset 

images for Vadodara and Rajkot are 3029 x 3174 pixels and 2124 x 2481 pixels, 

respectively. These subset images feature a variety of land types, including built-up areas, 

open land, and vegetation. Fig. 7.3 displays the FCC images of these cities. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 

FIGURE 7.3 FCC images of the study area (a) Ahmedabad  2011, (b) Ahmedabad 2020, 
(c) Vadodara 2013, (d) Vadodara 2020, (e) Rajkot 2014, (f) Rajkot 2021 
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7.4 Methodology 

Most PBCD algorithms for VHR satellite data exhibit "salt and pepper" noise as a result of 

the neglect of spatial-contextual factors [106]. Object based change detection (OBCD) 

techniques overcome the aforementioned drawbacks of PBCD by using spatial and 

contextual information in the form of objects formed by the image being segmented into 

spectrally similar and meaningful polygons [24, 44]. The various implementation steps of 

the proposed method for OBCD are shown in Fig. 7.1 and Fig. 7.2.  

 

By stacking spectral bands, the IRS-R2 satellites' LISS-IV multispectral images of three 

cities are transformed into FCC images. These FCC images were segmented using the 

scalable shepherd segmentation technique covered in chapter 4. For the purpose of 

separating the training and testing segments, the stratified random sampling technique was 

utilized. The steps of feature extraction were applied to the training samples that were 

randomly picked. Using the scikit-learn grid search cross validation (CV) module [161], 

the segments and their derived features were used in the classification phase with two-

stage parameter optimization. The proposed OBC method (ABETC) has been found to 

have the best classification accuracy, according to an analysis of the findings of the 

performance evaluation of various classifier algorithms. 

 

The object-based ABETC classifier's final categorized images were used to undertake a 

change detection investigation. The LISS-IV images employed here have a pixel resolution 

of 5m. Accordingly, it was determined that area of 25 square meters was represented by 

each VHR image pixel. Then, for images of three cities taken at various times, the number 

of pixels in each class and their area in square kilometers were computed. The change 

maps for the built-up area of three cities were produced in the last phase utilizing [137]. 
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7.5 Experimental Results and Discussion 
 

Utilizing an object-based approach and the shepherd segmentation method, the LISS-IV 

images of Ahmedabad from the years 2011 and 2020 were categorized. The kappa 

coefficient (KC) and overall accuracy (OA) are calculated and employed as assessment 

criteria for the aforementioned classification methods. All the segments of the 

multispectral images were labeled into one of three categories: vegetation, built-up area, 

and open land. 

 
 

TABLE 7.1 Accuracy Statistics comparison for DT, RF, ETC, ABRFC, and ABETC Classifiers for 
Ahmedabad 2011 dataset 

 

Classes 
DT RF ETC ABRFC ABETC 

UA PA UA PA UA PA UA PA UA PA 
Vegetation 0.87 0.95 0.87 0.96 0.87 0.96 0.88 0.96 0.86 0.96 
Open land 0.95 0.92 0.98 0.95 0.98 0.95 0.98 0.96 0.98 0.95 
Built-up 0.82 0.84 0.84 0.85 0.85 0.87 0.85 0.86 0.87 0.88 
OA 89.55 92.08 92.61 92.58 93.05 
KC 0.87 0.90 0.90 0.90 0.91 

 

 

640 instances from each class were employed to train the classifiers, and 160 samples from 

each class were utilized to assess the performance of the classifiers. Using open-

source QGIS [148], a stratified random sample strategy was utilized to choose the training 

and testing objects. The accuracy statistic tables typically include statistics on the class-

level performance evaluation concerning the user's accuracy (UA) and producer's accuracy 

(PA).  

 

TABLE 7.2 Accuracy Statistics comparison for DT, RF, ETC, ABRFC, and ABETC Classifiers for 
Ahmedabad 2020 dataset 

 

Classes 
DT RF ETC ABRFC ABETC 

UA PA UA PA UA PA UA PA UA PA 
Vegetation 0.93 0.93 0.93 0.94 0.93 0.94 0.94 0.94 0.93 0.95 
Open land 0.94 0.94 0.96 0.95 0.98 0.95 0.98 0.95 0.98 0.97 
Built-up 0.78 0.77 0.82 0.83 0.80 0.85 0.80 0.85 0.84 0.85 
OA 89.56 91.48 92.08 92.03 93.46 
KC 0.86 0.89 0.89 0.89 0.91 

 

The primary indicator of a city's urban development is the change in the built-up area.  The 

vegetation area is another area of concern for preserving a healthy ecology in expanding 

cities. For the Ahmedabad data sets, Tables 7.1 and 7.2 indicate that the ETC algorithm's 

OA and KC were obtained better than the DT, and RF classifiers. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Vegetation                       Built-up                         Open-land 
 

FIGURE 7.4 Classified images of  (a) DT, (b) RF, (c) ETC, and (d) ABRFC classifiers for  
Ahmedabad 2020 data set 

 

With an OA of 93.46% and a KC of 0.91 for the Ahmedabad data set for the year 2020, the 

proposed AdaBoosted Extra Trees Classifier (ABETC) has demonstrated the highest 

performance. The object-based ABETC method outperformed the other four with an OA of 

93.05 percent for the Ahmedabad 2011 dataset. When compared to the RF algorithm, the 

ABRFC method's overall classification accuracy was shown to be more accurate. Fig. 7.4 

displays the Ahmedabad 2020 data set's final categorized images employing object-based 

DT, RF, ETC, and ABRFC classifiers. The VHR multispectral image of Ahmedabad 2020 

has been divided into classes for built-up, open land, and vegetation. In the object-based 

categorized images of Fig. 7.4, the built-up class was depicted in light pink, the vegetation 
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area was displayed in light green, and the open land region was presented in light brown 

color. 

 

TABLE 7.3 Accuracy Statistics comparison for DT, RF, ETC, ABRFC, and ABETC Classifiers for 
Vadodara 2013 dataset 

 

Classes 
DT RF ETC ABRFC ABETC 

UA PA UA PA UA PA UA PA UA PA 
Vegetation 0.99 0.95 0.99 0.94 0.97 0.96 0.99 0.95 0.96 0.98 
Open land 0.94 0.89 0.92 0.94 0.91 0.98 0.94 0.96 0.95 0.95 
Built-up 0.81 0.94 0.89 0.91 0.98 0.85 0.91 0.91 0.95 0.92 
OA 91.68 93.37 94.17 94.73 95.30 
KC 0.87 0.90 0.91 0.92 0.93 

 

 

TABLE 7.4 Accuracy Statistics comparison for DT, RF, ETC, ABRFC, and ABETC Classifiers for 
Vadodara 2020 dataset 

 

Classes 
DT RF ETC ABRFC ABETC 

UA PA UA PA UA PA UA PA UA PA 
Vegetation 0.97 0.95 0.95 0.97 0.96 0.96 0.96 0.96 0.96 0.97 
Open land 0.93 0.90 0.93 0.94 0.94 0.95 0.94 0.95 0.96 0.95 
Built-up 0.85 0.92 0.94 0.92 0.94 0.93 0.95 0.92 0.95 0.96 
OA 91.90 94.04 94.80 94.51 96.04 
KC 0.88 0.91 0.92 0.92 0.94 

 

 

Tables 7.3 and 7.4 compare the effectiveness of different object-based classification 

methods using the Vadodara dataset for the year 2013 and 2020 respectively. The object 

based DT method has demonstrated the lowest OA and KC in comparison to DT and RF 

for this dataset. For the LISS-IV image of Vadodara 2020, the ETC method has reported an 

overall accuracy of 94.8% and a KC of 0.92.  

 

For the multispectral image of Vadodara 2020, the ABETC has significantly provided 

better results in terms of OA and KC compared to the ABRFC method. For the Vadodara 

2020 data set, an object-based ABETC classifier generated the highest kappa coefficient of 

0.94. The integrated ABETC method, which has an OA of 96.04%, has exhibited superior 

performance among these five object-based algorithms, as illustrated in Table 7.4. 

 

The final classified images from the Vadodara 2020 data set are shown in Fig. 7.5 applying 

object-based DT, RF, ETC, and ABRFC classifiers. The LISS-IV image of Vadodara 2020 

has been classified into vegetation, open land, and built-up class. The built-up class was 
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represented in light pink in the object-based classified images of Fig. 7.5, the vegetation 

area was described in light green, and the open land region was displayed in light brown. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Vegetation                       Built-up                         Open-land 
 

FIGURE 7.5 Classified images of (a) DT, (b) RF, (c) ETC, and (d) ABRFC classifiers for  
Vadodara 2020 data set 

 
TABLE 7.5 Accuracy Statistics comparison for DT, RF, ETC, ABRFC, and ABETC Classifiers for Rajkot 

2014 dataset 
 

Classes 
DT RF ETC ABRFC ABETC 

UA PA UA PA UA PA UA PA UA PA 
Vegetation 0.99 0.95 0.99 0.93 0.97 0.95 0.99 0.95 0.99 0.95 
Open land 0.96 0.92 0.93 0.96 0.95 0.97 0.96 0.96 0.97 0.97 
Built-up 0.79 0.91 0.90 0.89 0.94 0.91 0.89 0.94 0.91 0.97 
OA 92.72 94.12 95.28 95.45 96.46 
KC 0.88 0.90 0.92 0.92 0.94 

 
 
 



Change Detection of Urban Built-up Area 

146 
 

TABLE 7.6 Accuracy Statistics comparison for DT, RF, ETC, ABRFC, and ABETC Classifiers for Rajkot 
2021 dataset 

 

Classes 
DT RF ETC ABRFC ABETC 

UA PA UA PA UA PA UA PA UA PA 
Vegetation 0.96 0.91 0.98 0.94 0.98 0.95 0.98 0.96 0.97 0.95 
Open land 0.93 0.90 0.90 0.96 0.92 0.95 0.97 0.92 0.96 0.95 
Built-up 0.83 0.92 0.94 0.88 0.91 0.90 0.89 0.98 0.93 0.97 
OA 90.93 93.22 93.55 94.93 95.53 
KC 0.86 0.90 0.90 0.92 0.93 

 

Tables 7.5 and 7.6 provide a performance comparison of different object-based 

classification methods for the Rajkot dataset of the year 2014 and 2021 respectively. The 

object based RF algorithm has demonstrated better OA (93.22%) in comparison to DT and 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Vegetation                       Built-up                         Open-land 
 

FIGURE 7.6 Classified images of (a) DT, (b) RF, (c) ETC, and (d) ABRFC classifiers for the Rajkot 2021 
data set 
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lower in comparison to the ETC algorithm for this dataset as well. For the LISS-IV picture 

of Rajkot 2021, the ETC algorithm showed a total accuracy of 93.55%. 

 

In terms of OA and KC for the VHR satellite image of Rajkot of the year 2021, the 

ABETC has demonstrated superior outcomes over the ABRFC. With an object-based 

ABETC classifier for the Rajkot 2021 data set, the greatest kappa coefficient obtained was 

0.93. As per Table 7.6, the integrated ABETC algorithm outperformed these five object-

based algorithms with an overall precision of 95.53% for the VHR image of the Rajkot 

2021. 

 

 
(a) 

 
(b) 

Vegetation                       Built-up                         Open-land 
 

 
(c) 

    No Change               Gain                           Loss 
 

FIGURE 7.7 OBCD results using ABETC for Ahmedabad Data set. (a) Classified Image of the year 2011 
(b) Classified Image of the year 2020 (c) Built-up area change map of Ahmedabad 
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Fig. 7.6 displays the final categorized images for the Rajkot 2021 data set using object-

based DT, RF, ETC, and ABRFC classifiers. The LISS-IV image of Rajkot 2021 has been 

categorized into vegetation, open land, and built-up class. The object-based categorized 

images in Fig. 7.6 depicted the built-up class in light pink, the vegetation area in light 

green, and the open land region in light brown. 

 

 
(a) 

 
(b) 

Vegetation                       Built-up                         Open-land 
 

 
(c) 

    No Change               Gain                           Loss 
 

FIGURE 7.8 OBCD results using ABETC for Vadodara Data set. (a) Classified Image of the year 2013 (b) 
Classified Image of the year 2020 (c) Built-up area change map of Vadodara 
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The proposed object-based ABETC classifier has demonstrated the best performance of 

OA and KC, as shown in Tables 7.1–7.6. The object-based change detection (OBCD) 

study was performed utilizing categorized images from this classifier.  

 

 
(a) 

 
(b) 

Vegetation                       Built-up                         Open-land 
 

 
(c) 

    No Change               Gain                           Loss 
 

FIGURE 7.9 OBCD results using ABETC for Rajkot Data set. (a) Classified Image of the year 2014 (b) 
Classified Image of the year 2021 (c) Built-up area change map of Rajkot 

 

The OBCD map of the built-up class for the Ahmedabad data set from 2011 to 2020 is 

displayed in Fig. 7.7. Fig. 7.7(a) and Fig. 7.7(b) show the classified images for the years 

2011 and 2020, respectively, using the ABETC classifier. These images depict a 
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significant rise in the built-up area from the year 2011 to 2020. Fig. 7.7(c) represents the 

change detection map that was created using these classed images. The green colour on 

this map denotes that between the years 2011 and 2020, this region was a part of the built-

up class.  

 

Some of the open land and vegetated regions have been transformed into built-up areas as 

a result of urban growth and development. This conversion was represented by a gain in a 

built-up area that was colored a dark off-white shade. Consequently, the change detection 

map's red colour denoted the transition from the built-up to the vegetation or open land 

classes. Fig. 7.8 and Fig. 7.9, respectively, depict the outcomes of the ABETC classifier's 

classification of the datasets for Vadodara 2020 and Rajkot 2021. From the classified 

images of Vadodara from the years 2013 (Fig. 7.8 (a)) and 2020 (Fig. 7.8 (b)), it is visible 

that the built-up class has significantly increased. The Vadodara data set's OBCD map is 

shown in Fig. 7.8 (c), and it was created using images that the ABETC classifier had 

categorized. The gain in the built-up class may be detected in the outside city region, 

according to Fig. 7.8 (c). Fig. 7.9(c) demonstrates the change detection map created for the 

Rajkot data set using object-based ABETC categorized results (Figure 7.9(a) and Fig. 

7.9(b)). As shown in Fig. 7.9(c), the significant rise in the built-up class can be seen along 

three of the city's four edges.  

 
TABLE 7.7 Change detection Statistics for Ahmedabad data set  

 
 

Classes 
Year 2011 Year 2020 Overall Change 

Area  
sq. km. 

% Area 
Area  

sq. km. 
% Area 

Area  
sq. km. 

% 
Change 

Built-up 214.40 34.67 301.79 48.80 87.39 40.76 
Vegetation 159.52 25.79 129.26 20.90 -30.26 -18.97 
Open land 244.52 39.54 187.39 30.30 -57.13 -23.36 

Total 618.44 100.00 618.44 100.00     

 

TABLE 7.8 Change detection Statistics for Vadodara data set  
 
 

Classes 
Year 2013 Year 2020 Overall Change 

Area  
sq. km. 

% Area 
Area  

sq. km. 
% Area 

Area  
sq. km. 

% 
Change 

Built-up 63.26 26.32 80.50 33.49 17.24 27.25 
Vegetation 52.72 21.93 61.16 25.45 8.44 16.01 
Open land 124.37 51.75 98.69 41.06 -25.68 -20.65 

Total 240.35 100.00 240.35 100.00     
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TABLE 7.9 Change detection Statistics for Rajkot data set  
 
 

Classes 
Year 2014 Year 2021 Overall Change 

Area  
sq. km. 

% Area 
Area  

sq. km. 
% Area 

Area  
sq. km. 

% 
Change 

Built-up 50.42 38.27 57.21 43.43 6.79 13.47 
Vegetation 13.53 10.27 19.05 14.46 5.52 40.80 
Open land 67.79 51.46 55.48 42.11 -12.31 -18.16 

Total 131.74 100.00 131.74 100.00     

 

Tables 7.7, 7.8, and 7.9 provide the statistics for change detection for the data sets from 

Ahmedabad, Vadodara, and Rajkot respectively. One pixel of the classified image has area 

of 5m x 5m = 25 sq. meter. Area of built-up class is calculated by multiplying pixel area 

with number of pixels of built-up class. Ahmadabad's built-up area increased from 214.4 

sq. km. in 2011 to 301.79 sq. km. in 2020. This gain in the built-up class was countered by 

the loss of 57.13 sq. km. of open land class and 30.26 sq. km. of vegetation. The built-up 

area of Ahmedabad has grown by 40.76% between the years 2011 and 2020, indicating a 

very high pace of urbanization growth and population migration in the urban area. For 

preserving the ecosystem of the city, the 18.97% decline in vegetation class is another 

cause for concern.   

 

 

 
FIGURE 7.10 Area statistic graph of Ahmedabad, Vadodara, and Rajkot data sets 

 

According to Table 7.8, the built-up area of Vadodara city expanded from the years 2013 

to 2020 by 17.24 sq. km. Additionally, the open land area dropped by 25.68 sq. km while 
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the vegetation class expanded by 8.44 sq. km. In 2014, Rajkot had a built-up area of 50.42 

sq. km. and in 2021, it was increased to 57.21 sq. km., as stated in Table 7.9. The loss of 

12.31 sq. km. of the open land area was accounted for by Rajkot's expansion in the built-up 

and vegetation classes.  

 

Fig. 7.10 displays the area statistic graph for this investigation. This graph illustrates the 

growth of the built-up area and the reduction of the vegetation and open land in 

Ahmedabad, Vadodara, and Rajkot cities.  

 

TABLE 7.10 Change detection comparison for Ahmedabad data set (Area in sq. km.) 
  

 Classes 
DT RF ETC ABRFC ABETC 

2011 2020 2011 2020 2011 2020 2011 2020 2011 2020 

Built-up 205.91 308.64 225.4 295.47 214.96 294.09 223.68 313.81 214.4 301.79 

Vegetation 144.21 124.3 155.35 132.67 161.64 137.16 154.6 126.42 159.52 129.26 

Open land 268.32 185.5 237.69 190.3 241.84 187.19 240.16 178.21 244.52 187.39 

Total 618.44 618.44 618.44 618.44 618.44 618.44 618.44 618.44 618.44 618.44 

 

TABLE 7.11 Change detection comparison for Vadodara data set (Area in sq. km.) 
  

 Classes 
DT RF ETC ABRFC ABETC 

2013 2020 2013 2020 2013 2020 2013 2020 2013 2020 

Built-up 68.67 82.9 65.23 81.95 63.85 81.37 62.58 80.96 63.26 80.5 

Vegetation 45.1 56.94 53.41 57.15 53.99 60.7 51.14 57.13 52.72 61.16 

Open land 126.58 100.51 121.71 101.25 122.5 98.29 126.63 102.26 124.37 98.69 

Total 240.35 240.35 240.35 240.35 240.34 240.36 240.35 240.35 240.35 240.35 

 

TABLE 7.12 Change detection comparison for Rajkot data set (Area in sq. km.) 
  

 Classes 
DT RF ETC ABRFC ABETC 

2014 2021 2014 2021 2014 2021 2014 2021 2014 2021 

Built-up 50.79 54.13 51.17 53.97 51.38 56.94 50.71 56.47 50.42 57.21 

Vegetation 12.37 18.93 13.22 18.85 13.28 19.67 13.02 19.65 13.53 19.05 

Open land 68.58 58.68 67.35 58.91 67.08 55.13 68.01 55.62 67.79 55.48 

Total 131.74 131.74 131.74 131.73 131.74 131.74 131.74 131.74 131.74 131.74 
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FIGURE 7.11 Area comparison graph of Ahmedabad data sets 
 

Tables7.10, 7.11, and 7.12 present, the comparisons of change detection for the VHR 

multispectral LISS - IV data sets from Ahmedabad, Vadodara, and Rajkot respectively. 

These tables display the area determined using object-based DT, RF, ETC, ABRFC, and 

ABETC algorithms for the Built-up, Vegetation, and Open Land classes. Figs. 7.11, 7.12, 

 

 

 

FIGURE 7.12 Area comparison graph of Vadodara data sets 
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FIGURE 7.13 Area comparison graph of Rajkot data sets 
 

and 7.13, respectively, show the change detection comparison graphs for the cities of 

Ahmedabad, Vadodara, and Rajkot utilizing object-based DT, RF, ETC, ABRFC, and 

ABETC algorithms. These graphs demonstrate the expansion of the built-up class and 

reduction in the open land class for all of these OBC algorithms. 

 

For the data sets from Ahmedabad, Vadodara, and Rajkot, Tables 7.1 to 7.4 compare five 

object-based classifier methods and present various accuracy statistics. For all of the data 

sets, the object-based integrated AdaBoosted extra trees classifier (ABETC) has 

demonstrated the best performance in terms of OA and KC. 

 

7.6 Summary 

 

Urbanization and the planning of its expansion are essential to the economic prosperity of a 

developing country like India. This chapter covered a useful technique for recognizing 

changes in a complex urban area using analysis of very high-resolution multispectral 

satellite images. In section 7.2 of this chapter, different change detection techniques for 

remote sensing images are briefly described. The exploration of comparative analysis for 

the object-based DT, RF, ETC, ABRFC, and ABETC methods for the classification of 

LISS - IV images of Ahmedabad, Vadodara, and Rajkot cities of the Gujarat region was 

incorporated in section 7.5 of this chapter. According to the statistics of the results, 

ABETC performed much better in terms of categorization accuracy. A very effective 
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object-based ABETC algorithm was used to conduct the change detection examination of 

the three cities, and change detection maps for the built-up region were generated. Using 

object-based DT, RF, ETC, ABRFC, and ABETC algorithms, a thorough change detection 

comparison analysis for the Built-up, Vegetation, and Open Land classes has been shown 

in the last part of this chapter for VHR LISS - IV data sets from the cities of Ahmedabad, 

Vadodara, and Rajkot. 
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Chapter 8 

Conclusion and Future Scope 
 

8.1 Conclusion 

 

People are essentially emigrating from rural areas in developing nations, where population 

growth is gradual but accelerating. In a fast-developing country like India, the migration of 

individuals from rural to urban areas has risen in recent years. As a result, it is critical to 

plan infrastructure development and execution in a timely and precise manner, taking into 

account future environmental challenges. A rapidly developing technology that utilized a 

variety of satellite platforms called remote sensing is playing a significant role in the 

spatial monitoring of the earth's surface. To map urban land use and land cover and to 

monitor the environment, remote sensing offers an important source of data.  

 

Gujarat is recognized for its high level of industrialization and large mineral reserves. In 

the manufacturing and infrastructure domains, Gujarat is a leading state in India. Gujarat's 

urbanization has accelerated during the past two decades. For object based classification of 

the urban area, four major cities of Gujarat state of India have been selected. Ahmedabad, 

Surat, Vadodara, and Rajkot are the biggest cities of Gujarat state in terms of population. 

Urbanization has caused a significant increase in population in Gujarat state's urban region 

during the past several decades. 

 

The accuracy of classification has become a crucial performance metric as the requirement 

for classifying multispectral satellite images for urban planning grows. Object-based image 

classification analysis and segmentation of multispectral images have been used for around 

20 years in remote sensing. Object-based image classification starts with the initial and 

most important phase of image segmentation. The segmentation process was carried out 

using a scalable segmentation method called the Shepherd segmentation algorithm using 

RSGISLib, an open-source library.  
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A VHR earth observation image of Surat 2020 with a resolution of 5m that was collected 

by the LISS-IV sensors on board the Resourcesat-2 satellite of the ISRO has been 

incorporated, and OBC results have been produced using six benchmark machine learning 

classifiers: KNC, SVM, GNB, DT, bagging, and RF. The comparative assessment of these 

six machine learning classifiers for the OBC of the aforementioned image has been carried 

out. In comparison to the other five classifiers, the ensemble-based RF classifier has 

demonstrated improved classification accuracy concerning OA and KC at the expense of 

higher execution time.  

 

The proposed object based AdaBoosted extra trees classifier (ABETC) method integrates 

the extra trees classifier with the AdaBoost SAMME algorithm with two stages of 

parameter optimization and a scalable Shepherd algorithm as a segmentation step. The 

accuracy statistics of the proposed method were evaluated and compared with object based 

DT, RF, ETC, and ABRFC classifiers by measuring OA and KC using a subset of the 

VHR LISS - IV image of Ahmedabad 2018.  The sensitivity analysis for different training 

samples for the subset of the LISS-IV image of Ahmedabad 2018 using the DT, RF, ETC, 

ABRFC, and ABETC classifier was conducted. ABETC has shown the highest 

performance in terms of both OA and KC for various training data sample sizes when 

compared to the other four classifiers. Compared to RF and ABRFC classifiers, the 

observed computational cost of ABETC was the lowest.  

 

The exploration of comparative analysis for the object-based DT, RF, ETC, ABRFC, and 

ABETC methods for the classification of LISS - IV images of Ahmedabad, Vadodara, and 

Rajkot cities of the Gujarat region was performed and investigated. The proposed method 

has illustrated the most accurate results concerning classification accuracy. For, the 

Vadodara 2020 image, the OA of the proposed method was 96.04% while the OA of DT, 

RF, ETC, and ABRFC was 91.9%, 94.04%, 94.8%, and 94.51%. The classified images of 

the proposed object-based ABETC algorithm was used to conduct the change detection 

examination of the three cities, and change detection maps for the built-up region were 

generated.  
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Using object-based DT, RF, ETC, ABRFC, and ABETC algorithms, a change detection 

comparison analysis for the Built-up, Vegetation, and Open Land classes has been 

elaborated for VHR LISS - IV data sets from the cities of Ahmedabad, Vadodara, and 

Rajkot. From change detection analysis using the ABETC method, a rise of 40.76% in the 

built-up area has been noted from the year 2011 to 2020 for Ahmedabad with a remarkable 

decline in vegetation area. In the last seven years, a 27.25% increase in the built-up area of 

Vadodara and 13.47% growth in the built-up class of Rajkot have been measured using the 

ABETC method.   

 

8.2 Future Scope 

 

The use of an efficient ML classification method can provide a cost-effective way to obtain 

meaningful information for urban planning. The proposed object based AdaBoosted extra 

trees classifier (ABETC) method can be further used for ≤ 1m resolution satellite images 

with their own challenges for the complicated urban environment. Object based 

classification of ultra fine urban details like type of building, temples, schools, commercial 

sheds, etc. can be investigated with nearby 0.2m resolution images utilizing the ABETC 

method. Urban area change detection work can be further extended with a more accurate 

classification technique.     
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