
Object Based Image Classification of Satellite Images 

for Urban Areas 
 

A Synopsis of the PhD Thesis 

Submitted To 

Gujarat Technological University, Ahmedabad 

For the Degree 

of 

Doctor of Philosophy 

in 

Electronics & Communication Engineering 

By 

Patel Alpeshkumar Manilal 

Enrollment No: 179999915009 

 

Under the supervision of 

Dr. Anilkumar C. Suthar  

Director, New LJIET,Ahmedabad, Gujarat, India. 

 

 
 

GUJARAT TECHNOLOGICAL UNIVERSITY, AHMEDABAD 



1 
 

TABLE OF CONTENTS 
 

 
Sr. No. Title Page No. 

1 Title of the thesis and abstract 2 

2 A brief description of the state of the art of the research topic 3 

3 Definition of the Problem 6 

4 Objective and Scope of work 6 

5 Original contribution by the thesis 7 

6 Methodology of Research, Results / Comparisons 7 

7 Achievements with respect to objectives 17 

8 Conclusion 18 

9 List of all publications arising from the thesis 19 

10 References 19 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



2 
 

1. Title of the thesis and abstract  

 

1.1 Title of the thesis  

Object Based Image Classification of Satellite Images for Urban Areas  

 

1.2 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. 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. 

The new OBC method is proposed 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 DT, RF, ETC, and ABCRF 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 object based ABETC.  

 

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

effect of the number of training samples used for training the supervised ML classifiers has been 

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

This method is applied for urban built-up area change detection. The built-up area of Ahmedabad 

from 2011 to 2020 has been raised by 87.39 sq km. During the tenure of seven years, Vadodara 
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and the Rajkot city's built-up part have been enlarged by 17.24 sq km and 6.79 sq km 

respectively. 

 
2. Brief description of the state of the art of the research topic  
 
With the increasing urbanization of the world in the last two decades, it is critical to plan for the 

development of metropolitan areas to protect their habitats and environments. The influx of 

people into cities has resulted in a slew of issues connected to traffic management, water quality, 

fresh air availability, and vegetation loss [1]. Remote sensing technology combined with a vast 

volume of easily accessible satellite data can be a convenient and effective way to investigate 

urban expansion. Traditional classification approaches, often known as pixel-based methods, 

have been found to be effective for satellite data of low to medium resolution, when the pixel 

sizes were equivalent to the proportions of the objects, combining the pixels possessing close 

spectral characteristics is required for very high resolution satellite images to generate segments 

[2-3]. The object-based method outperforms the traditional method not just for high-resolution 

data, but also for pattern landscape and a diverse built-up environment [4-10]. Salt and pepper 

effects found in the conventional pixel-based method are eliminated using object based image 

classification (OBC) techniques for satellite data with great resolution [11]. D. C. Duro et al. [12] 

have compiled findings from a number of studies comparing pixel based classification (PBC) 

and OBC utilizing a diverse set of satellite images and highlighted that the OBC technique has 

shown to be more accurate in terms of overall categorization. They utilized support vector 

machine (SVM), decision tree (DT), and random forest (RF) algorithms to illustrate that OBC 

had better classification accuracy than PBC in the agriculture landscape.   

 

The OBC's fundamental premise is to employ an object instead of a pixel as the basic processing 

unit. Object attributes like as geometric and spatial relations, in addition to spectral qualities, are 

employed in OBIC to classify entities [11-13]. The components that produce uncertainty in the 

OBC process include the segmentation method and its parameters, feature extraction and its 

selection method, sampling strategies, and supervised classifiers and their parameters [14].  

 

For classifying forest, land cover, and tree species, Z. Xie et al. [15] compared the artificial 

neural network (ANN), DT, k-nearest neighbor (KNN), maximum likelihood classifier (MLC), 
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and RF methods. They discovered that RF performed better in terms of categorization accuracy 

by employing a blend of several source data. For OBC of the wildland-urban interface, the 

nearest neighbor (NN) classifier with a fuzzy approach was applied, and the results were better 

than PBC [16]. B. Fu et al. [17] investigated the RF algorithm for pixel and OBC techniques 

utilizing Gaofen-1 (GF-1), PALSAR, and Radarsat-2 satellite data and found a considerable 

improvement in the accuracy of the OBC approach. E. M. O. Silveira et al. [18] used the RF 

algorithm to show that OBC modeling is a viable alternative to the traditional pixel-based 

method for the classification of aboveground biomass in Brazilian forests. Using a random forest 

machine learning classifier with five spectral indices, the object-based method produced better 

results for the classification of Maiella National Park in Italy in terms of overall accuracy (OA) 

than the pixel-based method for the 15m panchromatic bands of Landsat-8 Operational Land 

Imager satellite data [19]. Z. Zhou et al. [20] have illustrated higher performance and less salt-

and-pepper effects for OBC of WorldView-2 (WV-2) and QuickBird satellite data of coral reef 

environment of the South China Sea's Spratly Islands in contrast to pixel based method. I. A. 

Rizvi et al. [21] examine the usage of an ANN with a modified cloud basis function as a kernel 

to enhance the precision of OBC for an urban region. 

 

As per the studies described above, object-based classification is superior for VHR satellite 

image categorization than pixel based categorization. Various studies comparing various 

supervised classifiers with object-based approaches have been performed. F. F. Camargo et al. 

[22] examined RF, SVM, DT, MLP, and naïve Bayes (NB) machine learning classifiers for 

classification of the Brazilian tropical savanna using the OBC technique and discovered that the 

RF, DT, and MLP algorithms performed better. M. Li et al. [23] used the DT, SVM, RF, and 

Naive Bayes algorithms to perform the OBC of 0.2 m spatial resolution data of the agricultural 

area taken by an unmanned aerial vehicle and in comparison to DT and naive Bayes classifiers, 

RF and SVM algorithms exhibited significantly better performance.  

 

On a WorldView-2 (WV-2) satellite image, T. Kavzoglu et al. [24] tested and compared the 

effectiveness of the rotation forest technique for object-based image analysis with RF, nearest 

neighbor (NN), and SVM. The rotation forest technique outperformed RF and NN, but it has the 

disadvantage of taking a long time to train classifiers. I. Colkesen et al. [25] investigated the 
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canonical correlation forest (CCF) model for the classification of Sentinel-2 (S-2) and Landsat-8 

(L-8) OLI datasets, comparing their performance to that of the RF and rotation forest algorithms. 

For both data sets, the CCF algorithm has exhibited higher classification accuracy than the RF 

classifier, although at the cost of a longer model development time. For categorization of 

polarised SAR images, P. Du et al. [26] compared the performance of the RF and rotation forest 

algorithms with Wishart and SVM classifiers. The rotating forest technique was found to have a 

higher classification accuracy than the random forest and SVM classifiers, while the RF 

classifier was faster. 

 

Multiple learning models are utilized in the ensemble learning method to improve prediction 

accuracy by merging their results into a single output. When it comes to the classification of very 

high resolution (VHR) images, ensemble learning techniques dominate single classifiers in terms 

of overall accuracy [27]. Using VHR QuickBird satellite images, X. Wang et al. [28] used the 

ensemble method to integrate the output of several classifiers for object-based change detection 

(OBCD) in an urban environment. For the OBCD process, the ensemble learning technique 

outperformed single classifiers such as k-nearest neighbor (KNN), SVM, and RF in terms of 

classification accuracy. With Landsat-5 and Landsat-7 data sets, the performance of the adaptive 

ensemble approach employing extreme learning machines (ELMs) was evaluated, and it 

exhibited superior results in terms of accuracy than a single ELM for object based change 

detection [29]. 

 
After completing the literature reviews following points are summarized: 

• The amount of data received at data centers are massive and it is increasing at a rapid rate 

as the technology is advancing at a breakneck pace.  

• With the growing demand, for classifying multispectral satellite images for urban 

planning, the accuracy of the classification becomes a significant performance parameter. 

• OBC has shown higher potential for the classification of satellite images of urban areas 

compared to PBC. 

• Classification accuracies using OBC can be enhanced by  

– Improving Image Segmentation  

– Using a novel Index or Feature of objects and their thresholds 
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– Selection of proper Machine Learning Classification algorithm and its parameters 

tuning  

 
3. 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 are a need for quicker and more effective machine learning (ML) algorithms for urban 

analysis and investigation. Some classifiers have demonstrated higher performance compared to 

benchmark RF classifiers for object based classification, but at the cost of higher computation 

time. 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.   

 
4. Objectives and scope of work 
 
Looking at the complexity of the satellite image classification process and improved geometric 

resolution of new satellite-based sensors there is a need for performance improvement of existing 

methods. 

The basic objective and scope of the proposed works:   

 Study the existing methods of object based classification for IRS R-2 LISS -IV 

satellite images. 

 Investigate and compare the different object based classification methods and 

algorithms. 

 Implement the modified techniques for performance improvement and compare 

them with existing techniques. 

 Find the outcomes of modified techniques and compare them with existing 

methods 

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

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

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

proposed method 
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5. Original contribution 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. 

• Comparative analysis in terms of OA, KC, and computation time for OBC of the subset 

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

• Analysis of the effect of sample size variation on accuracy statistics for the subset of 

Ahmedabad 2018 image with DT, RF, ETC, and ABCRF 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.  

• The results have shown superior performance for the proposed method in terms of 

classification accuracy. 

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

conducted with a highly efficient object based proposed method and change detection 

maps for the built-up area were generated.  

 
 
6. Methodology of research, Results / Comparisons 
 
6.1 Methodology 
 
The proposed method for object based classification is constructed by integrating extra trees and 

AdaBoost SAMME classifiers with two levels of parameter optimization and using a scalable 
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shepherd algorithm as a segmentation step. In the process of object-based image classification, 

image segmentation is a critical stage.  

 

Image Segmentation 

 

The LISS-IV images were segmented using a shepherd segmentation algorithm. With a 

minimum number of parameters, the segmentation method employed in this research can 

accommodate a large number of data types and a big range of land cover areas [30]. The number 

of clusters k for seeding the k-means and the minimum segment dimension up to which clumps 

are eliminated are the main parameters of this segmentation technique [31]. The scale of the 

segmentation is governed by the parameter k, with a large value of k resulting in smaller objects. 

The algorithm's major parameters were set using a visual assessment of the results of a 

methodical trial and error procedure, which is a popular strategy employed by R. Mathieu et al. 

[32] and M. A. Aguilar et al. [33]. The number of clusters k = 60, the least number of pixels = 

100, the distance threshold for merging the segments = 75, and the maximum iteration = 100 was 

chosen as the final values for the parameters.  

 

Shepherd et al. [30] compare this algorithm to conventional segmentation algorithms such as the 

mean-shift algorithm, the eCognition multiresolution segmentation technique, the quick-shift 

algorithm, and the Felzenszwalb and Huttenlocher algorithm. Shepherd et al. [30] experimentally 

proved that this approach outperforms the mean-shift and multiresolution segmentation 

algorithms in most assessment metrics. 

 

Extra Trees method for classification:  

 

Most randomization methods for trees significantly randomize the standard tree growing 

algorithm. The extra trees classification (ETC) algorithm creates completely randomized trees 

whose construction is independent of the desired variable, and at each node, a random number of 

attributes are attached from which the most significant one is determined [34].  This method, for 

a given numerical attribute, selects its cut-point fully at random, i.e., independently of the target 

variable. At each tree node, this is combined with a random choice of a certain number of 
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attributes among which the best one is determined [35]. It builds an ensemble of unpruned 

decision trees according to the classical top-down procedure.  

 

Its two main differences from other tree-based ensemble methods are that it splits nodes by 

choosing cut-points fully at random and that it uses the whole learning sample to grow the trees. 

This algorithm is quicker than random forest RF in terms of computation time [34]. 

 

AdaBoost Classifier 

 

Y. Freund et al. developed an adaptive boosting (AdaBoost) technique to help weak learners 

improve their performance [36]. AdaBoost SAMME (Stage-wise Additive Modeling using a 

Multi-class Exponential loss function), a multi-class AdaBoost algorithm, is simple to construct 

and very competitive in regards to misclassification error rate [37]. Sequences of multiple weak 

classifiers are paired with a repeated weight change of training data in this algorithm. Weak 

classifiers are trained on original samples in the first stage. For the next classifier, the weights of 

incorrectly classified samples are increased, and the weights of erroneously forecasted samples 

are boosted again, and the process is repeated [37]. The final forecast is made via a weighted 

majority vote once a certain number of iterations have been completed. 

 

Assume a set of training data (x1,  c1), . . . , (xn, cn), where xi is input, and ci is output and 

assumes values in a finite set, e.g. {1, 2, . . . , K}. The number of classes is K. The training data 

are considered to be samples from an unknown probability distribution Prob(X, C) that are 

distributed independently and identically [37]. The objective is to find a classification rule C(x) 

from the training examples such that a class label c from {1, 2, . .  , K} can be assigned to a fresh 

input x. Let T(x) be a weak multi-class classifier that allocates a class label to the variable x.  

 

Steps of AdaBoost SAMME: 

 1. Initialize the observation weights wi = 1/n, i =1, 2, . . . , n.  

 2. For m = 1 to M: 

  (a) Fit a classifier T(m)(x) to the training data using weights wi. 

 (b) Compute  
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 (c) Compute 

 

 (d) Set    for i = 1 ,....,n. 

 (e) Re-normalize wi         

 3.  Output  

  

The algorithm is comparable to fitting a forward Stage-wise Additive Model using a Multi-Class 
Exponential loss function because of the phrase log(K-1). The exponential loss has the advantage  

 

Fig.1 Flow chart of the proposed method 

(2) 

(4) 

(1) 

(3) 



11 
 

of providing a straightforward re-weighting calculation. SAMME adheres to the boosting 
concept, which entails adaptively combining base learners to create a powerful one. SAMME 
only produces one weighted classifier (rather than K) at each stage, thus the weak classifier only 
needs to outperform K-class random guessing [37]. 

 

Figure 1 depicts the various steps of the proposed framework. The proposed AdaBoosted extra 

trees classifier (ABETC) is made up of two stages of parameter optimization that combine extra 

trees with AdaBoost SAMME classifiers [39]. In the first stage, the number of trees in the forest, 

the maximum depth of the tree to which nodes are expanded, and the number of features 

evaluated for the optimal split of nodes are the parameters of the extra trees classifier considered 

for optimization. Using the scikit-learn [38] grid search CV module, the optimal values for these 

parameters are discovered using 5-fold cross-validation. 

 

The extra trees classifier is applied to AdaBoost SAMME as the core classifier, with its optimal 

parameters [39]. The parameters of a consolidated classifier, such as the maximum number of 

classifiers at which boosting stops and the learning rate, are optimized at the second stage using 

the same approach as utilized for ETC. As a result, many ETCs are built, each of which is trained 

successively with the adaptive weight of training instances, and the final prediction is made by a 

majority vote after a set number of iterations. 

 
6.2 Results & Comparison 
 
A stratified random sampling technique was used to divide the objects created during the 

segmentation process into training and testing samples. A total of 532 samples from each class 

were used to train the classifiers. Table 1 shows the various accuracy measurements such as OA 

and KC for DT, RF, ETC, ABCRF, and the proposed approach for subset images of Ahmedabad 

for the year 2018. The average of 10 to 100 executions was used to calculate the computation 

time - CT (in seconds) of the classifiers reported in Table 1. In comparison to DT and RF, the 

extra trees classifier outperformed with an overall accuracy of 87.61 percent and a kappa 

coefficient of 0.83. The extra trees classifiers outperformed random forest in terms of 

computation speed, as P. Geurts et al. [34] reported. With an overall accuracy of 88.47 percent 

and a kappa coefficient of 0.85, OBC using the proposed method has outperformed among all the 
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classifiers and computational cost was found to be much lower than that of the benchmark RF 

classifier.  

Table 1. Accuracy Statistics for DT, RF, ETC, ABRFC and Proposed Method 

Classifiers DT RF ETC ABRFC 
Proposed 
Method 

OA 85.51 86.27 87.61 87.35 88.47 

KC 0.81 0.82 0.83 0.83 0.85 

CT 11.16 630 242 890 298 

 

 

 
Fig. 2.  (a) OA and (b) KC of DT, RF, ETC, ABRFC, and proposed method (ABETC) for 

various training samples per class 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

           Vegetation         Built-up               Open land 
Fig. 3 (a) subset image and classified images with (b) DT, (c) RF, (d) ETC, (e) ABRFC and (f) 
proposed method for Ahmedabad 2011 data set; (g) subset image and classified images with (h) 

DT, (i) RF, (j) ETC, (k) ABRFC and (l) proposed method for Ahmedabad 2020 data set 

 
(g) 

 
(h) 

 
(i) 

 
(j) 

 
(k) 

 
(l) 
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The sensitivity of classifiers was tested using various numbers of randomly selected training 

samples for classifier training. Fig. 2 (a) and (b) illustrate the variation in overall accuracy (OA) 

and kappa coefficient (KC) of DT, RF, ETC, ABRFC, and proposed method for sample sizes of 

20, 30, 50, 150, 250, 350, 450, and 532. In comparison to DT, RF, ETC, and ABRFC, the 

proposed method has exhibited superior results in terms of both OA and KC for varied sample 

sizes of training data.  

 

Using object-based DT, RF, ETC, ABRFC, and the proposed method, the final categorized 

images of the Ahmedabad 2011 dataset and Ahmedabad 2020 dataset are displayed in Fig. 3. 

The images were classified into three categories: vegetation, open land, and built-up.  

 
 

Table 2 Accuracy Statistics comparison for DT, RF, ETC, ABRFC, and proposed method for 
Ahmedabad 2011 dataset 

 

Classes DT RF ETC ABCRF Proposed 
 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 

 
 

Table 3 Accuracy Statistics comparison for DT, RF, ETC, ABRFC, and proposed method for 
Ahmedabad 2020 dataset 

 

Classes DT RF ETC ABCRF Proposed 
 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 object-based method was used to classify the LISS-IV images of Ahmedabad for the years 

2011 and 2020 with the shepherd segmentation algorithm. For these images, Tables 2 and 3 

compare the performance of the DT, RF, ETC, ABRFC, and proposed method. The performance 

of the predictors was tested using 160 samples from each class, and the classifiers were trained 
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with 640 samples from each class. The training and testing segments were chosen using the 

QGIS software [40] and a stratified random sampling technique. The accuracy statistic tables 

also include a class-by-class evaluation of performance in contexts of user's accuracy (UA) and 

producer's accuracy (PA). For the Ahmedabad data set for the year 2020, the consolidated 

proposed AdaBoosted Extra Trees Classifier (ABETC) performed best, with an OA of 93.46% 

and a KC of 0.91. The object-based ABETC algorithm has likewise outperformed among these 

five algorithms for the Ahmedabad 2011 dataset, with an OA of 93.05%. 

 

Table 4 Accuracy Statistics comparison for DT, RF, ETC, ABRFC, and proposed method for 
Vadodara 2020 dataset 

 

Classes DT RF ETC ABCRF Proposed 
 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 

 
 

Table 5 Accuracy Statistics comparison for DT, RF, ETC, ABRFC, and proposed method for 
Surat 2020 dataset 

 

Classes DT RF ETC ABCRF Proposed 
 UA PA UA PA UA PA UA PA UA PA 
Vegetation 0.96  0.97  0.96  0.97  0.96  0.97  0.96  0.97  0.96  0.97  

Open land 0.96  0.87  0.97  0.89  0.98  0.89  0.97  0.90  0.97  0.94  

Built-up 0.79  0.94  0.83  0.97  0.83  0.98  0.84  0.97  0.91  0.97  

OA 91.53  93.45  93.56  93.52  95.40  

KC 0.87  0.90  0.90  0.90  0.93  
 

Table 6 Accuracy Statistics comparison for DT, RF, ETC, ABRFC, and proposed method for 
Rajkot 2021 dataset 

 

Classes DT RF ETC ABCRF Proposed 
 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 
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In Tables 4 and 5, the performance of these object-based classification methods is compared for 

the Vadodara dataset of 2020 and the Rajkot dataset of 2021. With an OA of 96.04 % for the 

Vadodara 2021 image and 95.53 % for the Rajkot 2021 image, the proposed integrated ABETC 

algorithm has outperformed the other four object-based algorithms. 

 

As mentioned in Tables 1 - 4, the object based ABETC classifier has indicated the best 

performance with regard to OA and KC, the object based change detection (OBCD) analysis was 

carried out using classified images of this classifier. The OBCD map of a built-up class of 

Ahmedabad data set from 2011 to 2020 is depicted in Fig. 4 (a). Some open terrain and 

vegetation have been converted to built-up areas as a result of urban growth. This transformation 

was represented as a gain in a dark off white built-up area. The OBCD map of the Vadodara data 

set from 2013 to 2020 is shown in Fig. 4 (b). Similarly, Fig. 4 (c) shows the OBCD map of the 

Rajkot data set from 2014 to 2021. 

 

 
(a) 

 
(b) 

 
(c) 

    No Change          Gain             Loss 
 

Fig. 4 OBCD results using proposed ABETC (a) Built-up area change map of Ahmedabad (b) 
Built-up area change map of Vadodara (c) Built-up area change map of Rajkot 
 

Table 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     
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Table 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     
 
 

Table 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     
 
The change detection statistics of the Ahmedabad, Vadodara, and Rajkot data set are shown in 

Table 7, 8, and 9 respectively. 

 
7. Achievements with respect to objectives 
 
The primary objective of this research was to study, investigate and compare the existing object 

based method for the classification of satellite images and proposed a new method having better 

performance in terms of classification accuracy. 

 
 The execution flows of object based classification method have been successfully 

implemented using open source libraries and software with scalable shepherd 

algorithm as segmentation steps. 

 For IRS R-2 LISS -IV satellite images, existing object-based categorization 

algorithms were explored. 

 Comparison analysis in terms of OA, KC, and CT of object based classification 

method with benchmark classifiers DT, RF, ETC, and ABRFC has been 

accomplished using a stratified random sampling technique. 
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 The proposed method is constructed by integrating extra trees and AdaBoost 

SAMME classifiers with two levels of parameter optimization. 

 The results of the proposed OBC method have been found better with regard to OA 

and KC compare to outcomes of benchmark classifiers DT, RF, ETC, and ABREC.  

 By obtaining the area of built-up, vegetation, and open land class from the 

categorized images, the proposed method has been applied for change detection 

analysis. 

 Using the very efficient proposed method, change detection maps for the built-up area 

of Ahmedabad, Vadodara, and Rajkot were generated. 

 
 
8. Conclusion 
 
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. The accuracy 

of classification has become a crucial performance metric as the requirement for classifying 

multispectral satellite images for urban planning grows. In the proposed OBC method, extra trees 

and AdaBoost SAMME classifiers were integrated with dual parameter optimization and with 

the Shepherd algorithm as a segmentation step. The accuracy statistics of the proposed method 

were compared with object based DT, RF, ETC, and ABRFC by measuring OA and KC. The 

comparative analysis was carried out with Ahmedabad, Vadodara, Surat, and Rajkot images. 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 change detection 

statistics and built-up change maps were generated from classified images. The 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. 
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