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Abstract 

 

This research focuses on classifying land use and land cover (LULC) across Bangladesh using Sentinel-2 imagery 

and various supervised machine learning models within the Google Earth Engine platform. A total of 2,285 training 

samples were used to represent five major land cover classes: water, buildup, vegetation, crop, and barren land. 

Six classifiers were applied, including Random Forest, Support Vector Machine, k-Nearest Neighbors, CART, 

Minimum Distance, and Naive Bayes. Spectral bands along with derived indices such as NDVI, NDWI, and NDBI 

were used as input features. Among all models, Random Forest performed best, achieving an overall accuracy of 

about 94.6 percent. The model showed strong performance in identifying key land cover types, supported by high 

user and producer accuracies. Feature importance analysis indicated that shortwave infrared bands and vegetation 

indices contributed most to classification accuracy. The use of GEE enabled efficient processing of large satellite 

datasets and rapid model application across the country. This study demonstrates the effectiveness of combining 

cloud-based platforms with machine learning for large-scale environmental monitoring and land resource analysis. 
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1 Introduction 

 

Accurate land use and land cover (LULC) classification plays a vital role in environmental monitoring, land 

management, and urban planning (Gaur & Singh, 2023). The increasing availability of high-resolution satellite 

imagery, such as Sentinel-2, and cloud-based geospatial platforms like Google Earth Engine has significantly 

enhanced the capacity to perform large-scale LULC assessments (Amani et al., 2020, 2020; Awad, 2021; Mansaray 

et al., 2021; Phiri et al., 2020). Machine learning classifiers have shown promise in improving classification 

accuracy due to their ability to handle complex, nonlinear relationships in remote sensing data (Dapke et al., 2025). 

Previous studies have applied various ML algorithms for LULC classification; however, their comparative 

performance using GEE and Sentinel-2 imagery remains limited, especially over diverse landscapes like 

Bangladesh (Abdi, 2020). This study evaluates the performance of six supervised ML classifiers (Random Forest, 

Support Vector Regressor, CART, k-Nearest Neighbors, Minimum Distance, and Naive Bayes) for LULC 

classification across Bangladesh using Sentinel-2 surface reflectance data. The main objectives are to (i) assess 

and compare the classification accuracy of each model using standard evaluation metrics, (ii) identify the most 

influential input features, and (iii) generate a high-resolution LULC map over the entire country. By combining 

machine learning techniques with the computational efficiency of GEE, this study contributes a scalable, 

reproducible workflow for national-scale land cover classification. The results will inform the selection of robust 

classifiers for future remote sensing-based land monitoring applications in Bangladesh and similar regions. 

 

 

2 Study Area and Dataset  

 

This study focuses on Bangladesh, a South Asian country characterized by diverse land cover types including water 

bodies, urban settlements, agricultural lands, forests, and bare soil. Its flat topography, seasonal variability, and 

rapid urban expansion make it a suitable site for large-scale LULC classification. The region of interest was defined 

using the GAUL Level 1 administrative boundary for Bangladesh available in GEE. The primary dataset used is 

Sentinel-2 Surface Reflectance (S2 SR) imagery, acquired from the COPERNICUS/S2_SR_HARMONIZED 

collection. Images from the dry season between January 10 and May 10, 2024, were selected to minimize cloud 

contamination. A median composite image was generated from cloud-filtered scenes with less than 20% cloud 

cover to represent stable land surface conditions. Training samples were collected for five major land cover classes: 

Water (C-0), Urban (C-1), Vegetation (C-2), Crop (C-3), and Barren (C-4). Each class was represented by a set of 
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georeferenced points manually labeled based on visual interpretation of true-color composites and reference data. 

These labeled points were used to train and validate the machine learning models. 

 

 

3 Methodology 

3.1 Image Preprocessing 

Sentinel-2 Level-2A surface reflectance imagery was filtered by date (10 January – 10 May 2024) and cloud cover 

(< 20%). A median composite image was created using GEE to reduce noise and capture representative land surface 

conditions during the dry season. True-color bands (B4, B3, B2) were used for visual inspection. 

 

3.2 Training Data Preparation 

Ground truth points were labeled for five LULC classes (C-0 to C-4). These were merged into a single feature 

collection, with a property "Class" indicating the land cover type. The merged dataset was then randomly split into 

80% training and 20% testing subsets using the randomColumn() method in GEE. 

 

3.3 Feature Selection 

Six Sentinel-2 spectral bands were selected: B2 (blue), B3 (green), B4 (red), B8 (NIR), B11 (SWIR1), and B12 

(SWIR2). In addition, three widely used vegetation and urban indices were computed and added as features: 

Normalized Difference Vegetation Index (NDVI): 

NDVI =
B8−B4

B8+B4
 

Normalized Difference Water Index (NDWI): 

NDWI =
B3−B8

B3+B8
 

Normalized Difference Built-up Index (NDBI): 

NDBI =
B11−B8

B11+B8
 

The final feature set included 9 predictors: 6 spectral bands and 3 indices (Al-Issawi & Al-Falahi, 2022; Szabó et 

al., 2016). 

 

3.4 Classifier Implementation 

Six supervised machine learning classifiers were implemented in Google Earth Engine using the 

ee.Classifier.train() function. Each model was trained on 80% of the labeled data and evaluated on the remaining 

20%. 

 

3.4.1 Random Forest (RF): 

An ensemble classifier that constructs multiple decision trees and outputs the mode of the predictions. The 

classification is given by: 

𝑦̂ = mode{ℎ1(𝑥), ℎ2(𝑥),… , ℎ𝑇(𝑥)} 
where ℎ𝑡(𝑥) is the prediction of the 𝑡-th tree and 𝑇 is the total number of trees (Phan et al., 2020). 

 

3.4.2 Support Vector Regressor (SVR): 

A classifier that finds the optimal hyperplane that maximizes the margin between classes. The decision function 

is: 

𝑓(𝑥) = sign(𝑤 ⋅ 𝑥 + 𝑏) 
where 𝑤 is the weight vector and 𝑏 is the bias term (Shao & Lunetta, 2012). 

 

3.4.3 Classification and Regression Tree (CART): 

A decision tree model that recursively partitions the feature space to minimize impurity. The Gini index is used as 

a splitting criterion: 

𝐺 = 1 −∑𝑝𝑖
2

𝑘

𝑖=1

 

where 𝑝𝑖 is the proportion of class 𝑖 instances in a node (Shao & Lunetta, 2012). 

 

3.4.4 k-Nearest Neighbors (KNN): 

An instance-based classifier that assigns the class label based on the majority class among the 𝑘 nearest neighbors: 

𝑦̂ = majority{𝑦𝑖 ∣ 𝑥𝑖 ∈ 𝒩𝑘(𝑥)} 
where 𝒩𝑘(𝑥) is the set of 𝑘 closest training instances to 𝑥 (Abdi, 2020). 

 

3.4.5 Minimum Distance Classifier: 

Assigns the class whose mean vector is closest to the input feature vector based on Euclidean distance: 
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𝑦̂ = argmin
𝑐

∥ 𝑥 − 𝜇𝑐 ∥ 

where 𝜇𝑐 is the mean vector of class 𝑐 (Abdi, 2020). 

 

3.4.6 Naive Bayes: 

A probabilistic classifier based on Bayes' theorem with the assumption of feature independence: 

𝑦̂ = argmax
𝑐
 𝑃(𝑐)∏𝑃

𝑛

𝑗=1

(𝑥𝑗 ∣ 𝑐) 

where 𝑃(𝑐) is the prior probability and 𝑃(𝑥𝑗 ∣ 𝑐) is the likelihood of feature 𝑥𝑗 given class 𝑐 (Sitthi et al., 2016). 

 

 

4. Results 

 

4.1 Accuracy Assessment 

All six classifiers were evaluated using test data. The Random Forest and KNN classifiers achieved the highest 

overall accuracy (94.63%), followed by SVM (94.21%), CART and Minimum Distance (92.98%). 

 

Table 1. Overall accuracy, kappa, user and producer accuracy of all classifiers. 

Model Overall 

Accuracy 

Kappa User Accuracy Producer Accuracy 

C-0 C-1 C-2 C-3 C-4 C-0 C-1 C-2 C-3 C-4 

Random Forest 0.946 0.930 1.00 0.95 0.93 0.96 0.84 0.95 0.89 0.97 0.96 0.97 

SVM 0.942 0.924 0.99 0.96 0.90 0.95 0.89 0.95 0.94 0.97 0.83 0.97 

CART 0.930 0.909 1.00 0.98 0.90 0.87 0.82 0.96 0.87 0.93 0.87 0.97 

Minimum 

Distance 
0.930 0.909 1.00 0.91 0.96 0.71 0.94 0.94 0.91 0.95 0.96 0.88 

KNN 0.937 0.922 1.00 0.96 0.91 0.88 0.83 0.94 0.89 0.96 0.80 0.96 

Naive Bayes (Error) 0.807 1.00 0.82 0.85 0.74 0.69 0.89 0.79 0.88 0.74 0.88 

 

4.2 Confusion Matrices 

Confusion matrices of all classifiers are shown in Figure 1. Random Forest, SVM, and KNN produced the most 

balanced predictions across all classes, with minimal misclassification in vegetation and crop areas. Naive Bayes 

exhibited frequent misclassifications due to its simplifying assumptions and memory limitations. 

 

 
Figure 1. Confusion matrices of all classifiers 
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Figure 2. LULC classification map of Bangladesh 

 

 

4.3 LULC Classification Map 

The Random Forest classifier was used to generate the final LULC classification map of Bangladesh (Figure 2), 

as it achieved the highest overall accuracy. The map clearly delineates five land cover classes: water, urban, 

vegetation, crop, and barren land. Urban areas are prominently detected around major cities, while vegetation and 

crop-dominated zones are observed across central and northern Bangladesh. 
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4.4 Feature Importance 

The Random Forest model’s feature importance scores (table 2) indicated that the most influential variables were 

B11, NDVI, B12, and NDWI. These features provided strong spectral separation among vegetated, urban, and 

water areas. Spectral indices significantly improved the classification performance compared to raw bands alone. 

 

 

Table 2. Feature importance scores from Random Forest classifier 

 

Feature Description Importance Score 

B11 SWIR 1 (Shortwave Infrared) 111.65 

NDVI Normalized Difference Vegetation Index 107.26 

B12 SWIR 2 104.34 

NDWI Normalized Difference Water Index 98.17 

NDBI Normalized Difference Built-up Index 87.40 

B2 Blue 87.30 

B4 Red 88.08 

B3 Green 87.11 

B8 Near Infrared (NIR) 83.69 

 

5. Discussion 

The performance of all six classifiers is summarized in Table 1-2 and Figures 2. Random Forest and k-Nearest 

Neighbors achieved the highest overall accuracy (94.63% and 93.7%, respectively), with RF also yielding the 

highest Kappa (0.930). Though KNN closely followed RF in overall accuracy, its producer accuracy for crops (C-

3) was only 0.80, compared to 0.96 in RF - indicating a tendency to confuse crops with vegetation (C-2). 

SVM achieved 94.21% accuracy, with strong producer accuracy for C-1 (0.94) and C-2 (0.97), but lower 

performance for C-3 (0.83). CART and Minimum Distance both produced identical overall accuracy (92.98%) and 

showed relatively balanced classification but lower user accuracy for barren land (C-4) at 0.82 and 0.94, 

respectively. Naive Bayes underperformed across all metrics, with an estimated overall accuracy below 90% and 

a significantly lower Kappa (0.807). Its user accuracy for C-4 was only 0.69, and confusion between vegetation, 

crops, and urban was frequent.  

In terms of feature importance, RF ranked B11, NDVI, and B12 highest, supporting the effectiveness of shortwave 

infrared and vegetation indices in separating classes. Indices like NDVI and NDWI played a key role in enhancing 

vegetation-water separability, which was evident in higher PA for C-0 and C-2 in RF and SVM.  

While RF outperformed all models overall, SVM showed high reliability in urban detection, and CART provided 

a computationally lighter alternative with acceptable accuracy. KNN is simple and accurate but less consistent 

across all classes. 

 

 

6. Conclusion 

 

This study presents a robust machine learning framework for land use and land cover (LULC) classification over 

Bangladesh using Sentinel-2 imagery and Google Earth Engine. By evaluating six classifiers across five land cover 

classes, the results demonstrate that Random Forest delivers the most accurate and stable performance, achieving 

94.63% overall accuracy and high agreement across both producer and user metrics. The methodology successfully 

integrates spectral bands with vegetation and urban indices, enabling precise classification without extensive 

preprocessing. The approach is entirely cloud-based, computationally efficient, and replicable for large-scale 

applications. The classified LULC map generated through this study offers a high-resolution snapshot of 

Bangladesh’s land surface, which can be used for environmental monitoring, urban planning, and policy decision-

making. The framework can be extended to other seasons, years, or regions with minimal modification, supporting 

long-term land surface analysis in resource-constrained settings. 
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