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Abstract: Satellite imagery has proven its skills in the field of evaluating and supervising land use and land 

cover (LULC) for better eco-friendly management. High-resolution and high-quality datasets can improve LULC 

classification when implemented with various Machine Learning (ML) and Deep Learning (DL) models. DL 

requires high-end computation facilities but can give better accuracy results, whereas ML algorithms require 

learning from humans to make decisions, but its implementation is easy. In this study, the Sentinel-2 satellite 

imagery dataset is used to study the land statistics of Union Territory, i.e., Chandigarh. The major classes of this 

study are urban, water bodies, forests, and bare land. In this paper, LULC classification is analyzed using Random 

Forest (RF). RF model gave an overall accuracy of 96.6%. All the results have proved that RF is delivering the 

best accuracy among all the other models. This research has a broad spectrum of applications, such as monitoring 

and mapping land use and land cover areas using ML algorithms. 

Keywords: Sentinel-2, Machine Learning, Random Forest, Support Vector Machine, Land use, Land 
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1. Introduction: 

Land is a fundamental and vital resource of the world and acts as a foundation of human survival and 

development[1]. As life is growing at a very fast pace, a lot of factors significantly impact the way land is 

being used. It is apparent that due to urbanization, there is a considerable downfall in agricultural activities, 

yield production, weather disturbances, pollution, etc. As the population grows, it is becoming very crucial 

to study the land statistics assessment in order to maintain the supply chain[2]. The notable transition in land 

use land cover (LULC)can be monitored with remote sensing. Landsat-8, Landsat-9, Sentinel-2, and MODIS 

are the categories of remote sensing approach, i.e., Optical Remote Sensing dataset. LULC is a combination 

of words used as substitutes, although land use refers to the way land is purposely used, such as agriculture, 

residential, wildlife, etc. In contrast, land cover is what is actually found on the land, such as built-up areas, 

wetlands, vegetation areas, grasslands, water bodies, and fallow land [3]. 

Analyzing and detecting land change in LULC analysis can be helpful for improved organization and better 

land[4]management. In the past, various techniques have evolved to assess remote sensing data. However, 

ML and DL have proved dominant in significantly generating accurate observations of change in LULC. 
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Widely accepted Supervised ML proved to be the best classification technique for extracting LULC features; 
however, unsupervised ML still needs improvement, whereas supervised DL approaches, C-NN 
(Convolution Neural Network) and R-CNN (Regions with Convolution Neural Network), submit evidence 
of giving accurate results as compared to Supervised ML approaches [15]. In this study, Supervised ML 
approaches such as RF are used to access the LULC statistics.  

In the literature, various remote sensing datasets have been implemented, including the Sentinel dataset and 
Landsat dataset, for land cover mapping of land from different parts of the world [5] and ML models, as 
shown in Table 1. Moreover, it was investigated that the DLCNN algorithm works best for a time series of 
images that can easily classify the level of water inside the croplands[6]. RF, i.e., the supervised ML 
approach, plays best in mapping the land cover of maize cropland in Nigeria via pixel-based image 
classification[2]. Plants reflect color due to chlorophyll, which is used to distinguish healthy crops from 
stressed crops. For this RF, SVM models of ML are employed[7]. Normalized Difference Vegetation Index 
(NDVI) was used to collect the plant’s leaf properties. Normalized Difference Water Index (NDWI) is used 
to identify and supervise the water bodies and the soil's water content. In this study, Chandigarh has been 
selected as ROI (Region of Interest) from date January 01, 2018, to detect the different classes as urban, 
water area, forest area, and bare land. In this paper, the Sentinel-2 dataset is used to determine the change 
using ML classification algorithms. 

Table 1. Schema of collection of papers includes Number of classes, Accuracy, 
Dataset, classification accuracy 

Author Classes Accuracy Satellite 
Dataset Approach 

[8] 1 97% Sentinel-
1/Sentinel-2 

RF, SVM, CART 

[7] 7 93.50% Landsat 8 ML,SVM, RF 

[9] 6 97.8%, 96.2% Sentinel-2 U-Net, RF 

[10] 4 88% Landsat 8 RF 

[6] 19 91% Sentinel-2 CNN 

[4] 4 80% Landsat MLA 

[5] 15 90.13%, 90.18% Sentinel-2 CNN, R-CNN 

[11] 5 87% Landsat-8, 
92%Sentinel-2 

Landsat-
8/sentinel-2 

(GEE) 

SVM, RF, ML, 
CART 

Note: RF: Random Forest; SVM: Support Vector Machine; CART: Classification and 
Regression Tree; ML: Machine Learning, U-Net: U-shaped convolutional neural 
network; CNN: Convolutional Neural Network; MLA: Maximum Likelihood 
Algorithm; R-CNN: Region-based Convolutional Neural Network; GEE: 

In the present study, LULC change has been implemented on Sentinel-2 images on land. Supervised models 
of ML are used to conduct this study. The primary aims of this study are: a (a) implementation of ML 
Models for understanding the LULC on Region of Interest, i.e., area of Chandigarh; (b) Major land use 
change detection of areas, i.e., urban, water, forest, and bare land; (c) analysis of the accuracy of models 
used. This study can help better manage land, i.e., natural resources. This study area is selected due to the 
increase in urbanization and drastic changes in temperature. 

2. Study Area and Satellite Dataset: 
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This section mainly focused on the Region of Interest (ROI) area selected for conduct in this study from 
Latitude and Longitude 30°45ʹ22ʹʹ N to 76°42ʹ18ʹʹE and 30°43ʹ27ʹʹN to 76°50ʹ56ʹʹE, i.e., Chandigarh which 
is a union territory (India). These geographical coordinates basically acquires114 km² as shown in Figure 1. 
Chandigarh has served as the capital of the states of India, i.e., Punjab and Haryana, since 1966. Chandigarh 
is known for its state-of-the-art architecture, urban design, and natural beauty, which was designed by 
architect Le Corbusier in the 1950s. Initially, Chandigarh was planned for a 5-lakh population, but as per the 
census of 2024, the population was increased to 1,240,000, i.e., an increase of 148%. This study includes 
major class area categories such as urban, water, forest, and bare land. The ROI imagery was acquired on a 
winter day with minimal clouds, i.e., 01-Jan-2018 and 01-Jan-2023 from(https://earthexplorer.usgs.gov/) 
and processed using QGIS. Mostly during this season, the atmosphere is clear and cloud-free. The spatial 
resolution of Sentinel-2 is between 61 pixels to 76 pixels with 13 spectral bands. 

Figure 1. Region of Study: Chandigarh map (India) 

3. Methodology 

The proposed methodology is working as per the flowchart shown in Figure 2. It involves the three basic 
steps: (a) Extraction of ROI map and Pre-processing of Sentinel-2 data acquired for ROI, including cloud 
masking, radiometric calibration, and atmospheric correction; (b) Implementation of RF of ML; 80% of data 
is training data: 

3.1 ROI Extraction and Preprocessing of the Input Data 

QGIS was used to extract the ROI from a large shapefile. Shapefile was submitted to QGIS, from which 
ROI was selected from the attribute table, and the selected region was clipped and converted to shapefile, 
which was then used for land change detection using GEE. To preprocess, harmonized sentinel-2image data 
of 2018 and 2023 with surface reflectance was filtered and selected where cloud visibility was less than 1. 
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Images were processed using the cloud mask function in GEE, from which 504 training data was prepared. 
Training data was classified using ML-supervised models for both years. At last, change detection was 
analyzed using classified results for the years 2018 and 2023. In this study, the Google Earth Engine (GEE) 
tool was used to preprocess satellite images and obtain quality images. After obtaining the images, classes 
and bands were determined. After the creation of training data, the classifier is trained and applied to 
generate a visualization of selected satellite imagery. 

Figure 2. Workflow chart from data acquisition through QGIS to classification. 

3.2 Input Selection 

Within the scope of remote sensing, ML and DL have shown their potential to improve image 
classification[12]. ML and DL have the ability to process multi-dimensional data and better map and 
differentiate the different classes. It is crucial to select the accurate input variables to generate the optimal 
result and save computational resources[13]. ML and DL-based classifiers are not only limited to LULC but 
extend to other applications like construction and demolition waste[14], boreal landscape [15] , river 
systems, etc. Similar to ML, DL employs NN to extract features from the dataset and learn from that 
dataset[16]. Generally, it can be labeled as Supervised, Unsupervised, and Reinforcement Learning. RF is 
an ML approach that is based on a collection of decision trees to analyze the dataset and generate desired 
accurate results[8]. Whereas SVM primarily focuses on a set of support vectors or training data that are at 
the optimal closeness to boundaries between two classes [17]. GEE can classify input data based on Pixel-
Based Classification and Object-Based Classification [9]. In total, 504 training samples were employed for 
the classification process. For each and every class category, multiple training samples have been selected. 
After training the model, visual classified maps are generated, defining each category of class. 
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4. Result and analysis 

Figure 3 (a-b) shows the classified maps of urban area, water area, forest area, and bare land, respectively. 
ML has been implemented to classify each class category [15] to generate the land cover areas. GEE-
obtained thematic maps additionally show the land change in selected class categories. Table 2 shows the 
statistical result graphs. Recall rate, precision, loss and accuracy, and performance of ML and DL models. 
After classification, the result shows that due to urbanization and due to an increase in commercialization, 
an average of 2.66% of land converted to urban land from forest land is shown in Figure 4. 

Figure 3 Comparative LULC analysis for 2018 and 2023, showcasing the classification results from the RF-ML Model 

Figure 4 Total Land Change 

Table 2. Parameters for Assessing Accuracy 
Classifier Classes RT 

(%) 
CT (%) NC (%) PA (%) UA (%) KC 

RF 

Urban 73.8 72.2 79.4 99.9 98.2 0.96 
Forest 10.4 12.6 9.8 98.6 96.1 0.98 

Water body 7.2 6.8 5.6 97 98.3 0.97 
Bare Land 8.6 8.4 5.3 100 97.4 0.95 

OA = 96.6%; OK = 0.9871 

Note: RT: Reference total; CT (%): Classified total; NC (%): Number of correct; PA (%): 
Producer’s accuracy; UA (%): User’s Accuracy; KC: Kappa coefficient; OA: Overall 
accuracy; OK: Overall kappa. 
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Conclusion: 

This paper uses GEE to analyze and evaluate the different class categories, i.e., urban areas, water 
bodies, forest areas, and bare land. This study was conducted using sentinel-2 satellite imagery. Different 
widely known ML Supervised models were implemented. After analyzing the results, it has been concluded 
that the ML model, i.e., performed with an accuracy of 96.6%. Although it fetched the land change features 
very well, many challenges still exist in analyzing the agricultural land and very small water bodies. Future 
research could improve the accuracy by implementing the improved algorithms for detecting and mapping 
cropland and non-cropland. Improved algorithms can be implemented to evaluate the percentage of land 
changed from agricultural land to urban area, bare land to urban area, and change of water area to urban 
area. Additionally, future studies can rely on exploring more ML and DL algorithms to evaluate the land 
change of the different class categories with high-dimensional datasets and high-resolution data. 
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