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 Accurate land use and land cover (LULC) classification is essential for 

environmental monitoring, agricultural planning, and sustainable resource 

management. This study investigates the effectiveness of Sentinel-2 
multispectral satellite imagery for LULC classification by comparing the 

performance of three supervised classification algorithms: maximum 

likelihood classifier (MLC), minimum distance classifier (MDC), and neural 

networks (NN). Before classification, Sentinel-2 imagery underwent 
comprehensive preprocessing, including atmospheric correction, radiometric 

calibration, and cloud masking using ERDAS software to improve image 

quality and classification reliability. The Villupuram district of Tamil Nadu, 

India, was selected as the study area due to its diverse land cover 
characteristics. Classification performance was evaluated using overall 

accuracy (OA), producer’s accuracy (PA), user’s accuracy (UA), and the 

Kappa coefficient. Experimental results demonstrate that the MLC achieved 

the highest OA of 94.81% with a Kappa coefficient of 0.9308, 
outperforming MDC (90.65%, 0.8753) and NN (84.38%, 0.7917).  

These findings confirm that supervised classification of Sentinel-2 

multispectral imagery provides reliable and accurate LULC mapping, 

offering valuable geospatial information to support precision agriculture, 
environmental monitoring, land resource management, and sustainable 

regional planning. 
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1. INTRODUCTION 

Accurate land use and land cover (LULC) information plays a fundamental role in environmental 

monitoring, urban planning, agricultural management, natural resource conservation, and sustainable 

development. Rapid urbanization, population growth, industrial expansion, and climate change have 

accelerated landscape transformation worldwide, creating an urgent need for reliable techniques capable of 

continuously monitoring changes in land cover. Timely and accurate LULC mapping enables governments, 

environmental agencies, and decision-makers to evaluate ecosystem dynamics, monitor agricultural 

productivity, assess environmental degradation, and formulate effective land management policies [1]. 

Consequently, the development of efficient LULC classification techniques has become a major research 

focus within the fields of remote sensing, geospatial intelligence, and computer vision. 

https://creativecommons.org/licenses/by-sa/4.0/
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Remote sensing has emerged as one of the most effective technologies for large-scale LULC 

monitoring because it provides repetitive, non-invasive, and cost-effective observations over extensive 

geographical regions. Compared with conventional field surveys, satellite-based remote sensing offers high 

spatial, spectral, and temporal resolutions while significantly reducing labor, time, and operational costs. 

Continuous observations acquired from Earth observation satellites enable researchers to investigate long-

term environmental changes, detect land transformation patterns, and support sustainable management of 

natural resources [2]. As satellite sensors continue to improve in spatial resolution and spectral capability, 

remote sensing has become an indispensable tool for monitoring vegetation dynamics, water resources, urban 

expansion, forest degradation, and agricultural activities. 

Among the various Earth observation missions, the European Space Agency (ESA) Sentinel-2 

satellite constellation has become one of the most widely adopted platforms for LULC mapping due to its 

freely accessible, high-resolution multispectral imagery. Sentinel-2 is equipped with a multispectral 

instrument that captures imagery across 13 spectral bands covering the visible, near-infrared (NIR), and 

short-wave infrared (SWIR) regions with a swath width of approximately 290 km [3], [4]. The availability of 

multiple spectral bands allows the extraction of rich spectral signatures from different surface materials, 

enabling accurate discrimination among vegetation, agricultural fields, water bodies, bare soil, and built-up 

areas. Furthermore, its frequent revisit cycle supports continuous environmental monitoring and facilitates 

multi-temporal analysis of landscape dynamics [5]. 

The increasing availability of Sentinel-2 imagery has significantly advanced the application of 

remote sensing in precision agriculture. Precision agriculture integrates geospatial technologies, remote 

sensing, geographic information systems (GIS), and data analytics to optimize agricultural production while 

minimizing environmental impacts. Multispectral satellite imagery provides valuable information regarding 

vegetation health, crop vigor, soil moisture conditions, irrigation efficiency, and nutrient variability, enabling 

farmers to make informed management decisions. By integrating historical observations with near-real-time 

satellite data, agricultural practitioners can optimize planting schedules, irrigation management, fertilizer 

application, and harvesting strategies, thereby improving productivity while reducing operational costs and 

environmental impacts [6], [7]. Consequently, reliable LULC classification derived from Sentinel-2 imagery 

contributes not only to agricultural planning but also to broader environmental sustainability and resource 

management objectives. 

Recent advances in artificial intelligence (AI), machine learning, and image processing have 

substantially improved the accuracy of satellite image classification. Traditional supervised classification 

methods, such as MLC and minimum distance classifier (MDC), remain popular because of their 

computational efficiency and ease of implementation. However, modern machine learning algorithms have 

demonstrated superior capability in learning complex nonlinear relationships within high-dimensional 

multispectral data. Artificial neural networks (ANNs), support vector machines (SVMs), random forests 

(RFs), convolutional neural networks (CNNs), and other deep learning architectures have increasingly been 

adopted to enhance classification accuracy by automatically extracting discriminative spectral and spatial 

features from remote sensing imagery [8], [9]. These intelligent approaches have enabled more robust LULC 

classification under diverse environmental conditions and heterogeneous landscapes. 

Several previous studies have investigated the effectiveness of various classification algorithms 

using different satellite datasets. CNN-based methods applied to Sentinel-2 imagery achieved an overall 

classification accuracy of 96.57%, demonstrating the ability of deep learning to extract complex spatial 

features, although computational complexity remains a significant challenge [10]. Comparative studies 

utilizing Sentinel-2 and Landsat-9 imagery reported Kappa coefficients of 0.78 and 0.72, respectively, 

indicating the superior spatial resolution of Sentinel-2 for LULC applications [11]. Another study employed 

stochastic gradient descent (SGD) with the Inception-ResNet-V2 architecture, achieving 93% classification 

accuracy while requiring careful hyperparameter optimization [12]. Furthermore, comparative analyses 

involving ANNs, SVMs, K-nearest neighbors (KNN), and RF demonstrated that SVM achieved the highest 

accuracy of 90.72%, whereas ANN required substantially greater computational resources [13]. 

Beyond Sentinel-2, several studies have investigated alternative satellite platforms for LULC 

classification. Landsat-8 combined with SVMs achieved an overall classification accuracy of 89.5%in 

distinguishing urban and rural land cover types, although computational efficiency decreased with increasing 

dataset size [14]. Moderate resolution imaging spectroradiometer (MODIS) imagery integrated with RF and 

decision tree (DT) classifiers achieved approximately 85% accuracy for forest and urban landscape 

classification; however, its relatively coarse spatial resolution limited detailed mapping capabilities [15]. 

Sentinel-1 synthetic aperture radar (SAR) imagery combined with object-based image analysis (OBIA) 

demonstrated promising performance for agricultural and forest monitoring, although effective segmentation 

depended heavily on image quality [16]. Similarly, WorldView-3 imagery processed using NNs and RF 

classifiers achieved an overall accuracy (OA) of 94.5% for urban and vegetation classification but required 

extensive preprocessing because of its very high spatial resolution [17]. 
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Numerous studies have investigated LULC classification using diverse satellite platforms and image 

classification algorithms. Their reported performances vary considerably according to the spatial and spectral 

characteristics of the imagery, preprocessing techniques, classifier design, and landscape complexity. Recent 

advances have increasingly incorporated machine learning and deep learning algorithms to improve 

classification accuracy; however, conventional supervised classifiers remain attractive because of their 

computational efficiency, interpretability, and ease of implementation. Table 1 compares representative 

studies on satellite-based LULC classification, highlighting the satellite datasets, classification methods, 

reported performance, strengths, and limitations. The comparison reveals that although advanced deep 

learning models generally achieve higher classification accuracies, they often require greater computational 

resources and extensive model training. Conversely, conventional supervised classifiers continue to provide 

competitive performance while offering lower computational complexity, making them suitable for practical 

operational applications. 

 

 

Table 1. Comparison of satellite-based LULC classification methods 
Satellite Methodology Characteristics Limitations Source 

Sentinel-2 CNNa 96.57% overall accuracy. High computational cost. [10] 

Sentinel-2 and 

Landsat-9 

RGB and NIRb bands 

for classification and 

comparison 

Kappa statistics of 0.78 and 0.72 for 

Sentinel-2 and Landsat-9. 

Lower resolution of Landsat-9. [11] 

Sentinel-2 SGDc 93% accuracy with Inception-

ResNet-V2. 

Sensitive to hyperparameters. [12] 

Sentinel-2 ANNd, SVMe, KNNf, 

RFg 

88.16% accuracy, 90.72% for SVM. High computational resources for 

ANN. 

[13] 

Landsat-8 SVM 89.5% accuracy in classifying urban 

and rural land covers. 

Computationally intensive on 

large datasets. 

[14] 

MODIS RF and DTs 85% accuracy, effective for forest 

and urban landscapes. 

Lower resolution limits detailed 

classifications. 

[15] 

Sentinel-1 OBIAh 87% accuracy for agricultural and 

forest land cover classifications. 

Requires high-resolution images 

for effective segmentation. 

[16] 

WorldView-3 NNi and RF 94.5% accuracy for urban and 

vegetation cover. 

Requires extensive preprocessing 

for high-resolution data. 

[17] 

Footnotes: ᵃConvolutional Neural Networks, ᵇNear-Infrared (NIR), ᶜStochastic Gradient Descent, ᵈArtificial Neural Network, ᵉSupport 

Vector Machine, fK-Nearest Neighbour, gRandom Forest, hObject-Based Image Analysis, iNeural Networks. 

 

 

Despite the considerable progress achieved by recent machine learning and deep learning 

approaches, relatively few studies have comprehensively compared conventional supervised classification 

algorithms using Sentinel-2 multispectral imagery under identical preprocessing conditions and evaluation 

criteria. Moreover, the trade-offs between classification accuracy, computational efficiency, and practical 

implementation remain insufficiently investigated, particularly for heterogeneous agricultural and urban 

landscapes. Addressing these challenges is essential for identifying robust and efficient classification 

techniques that can be readily applied in operational remote sensing applications. 

Motivated by these research gaps, this study presents a comprehensive comparative evaluation of 

three widely used supervised classification algorithms— MLC, MDC, and NNs—for LULC classification 

using Sentinel-2 multispectral imagery acquired over the Villupuram district of Tamil Nadu, India. Prior to 

classification, atmospheric correction, radiometric calibration, and cloud masking were performed to improve 

image quality and enhance classification reliability. The performance of each classifier was quantitatively 

evaluated using OA, producer’s accuracy (PA), user’s accuracy (UA), and the Kappa coefficient. The results 

provide practical insights into the trade-offs between classification accuracy and computational efficiency 

while demonstrating the effectiveness of Sentinel-2 multispectral imagery for reliable LULC mapping. The 

findings contribute to the development of robust remote sensing methodologies that support precision 

agriculture, environmental monitoring, land resource management, and sustainable regional planning. 

 

 

2. METHOD 

2.1.  Study area 

The research is focused on the Villupuram district in Tamil Nadu, India, located at approximately 

12°26’59” N latitude and 80°0’35” E longitude. Villupuram has various land cover types such as agriculture, 

forest, water body, and urban [18]. This region is important for agricultural activities in Tamil Nadu, where 

rice, sugarcane, and other fruits and vegetable crops are widely grown. The district also has vast dry 

deciduous and dry dense forests, facilitating important ecological variables that promote environmental 
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conservation. The monitoring of LULC has proved helpful for agricultural-driven decision-support systems 

in precision agriculture to optimize water resource utilization and sustainable farming practices, as it 

highlights the significance of LULC over this region, influencing both the local environment and climate. 

Figure 1 shows a graphical representation of the study area used in this research. Figure 1(a) shows the map 

of India, while Figure 1(b) represents the geographical boundary of the study area. Sentinel-2 satellite 

imagery in natural color band combination is represented in Figure 1(c). 

 

 

 
(a) 

 
(b) 

 
(c) 

 

Figure 1. Representation of study area; (a) map of India, (b) study area (Villapuram District) highlighted, and 

(c) Sentinel-2 satellite imagery of the study area taken on October 7, 2023 

 

 

2.2.  Satellite dataset 

Data used in this study was collected using the ESA Sentinel-2 satellite, which is part of the 

Copernicus program. The dataset was captured on October 7, 2023, and consisted of high-resolution optical 

images with 13 spectral bands spanning from visible to SWIR wavelengths [19]. Due to its spatial resolution 

of 10 meters, Sentinel-2 is well-suited for land cover classification that requires the highest level of detail in 

distinguishing vegetation, water bodies, and urban areas [20]. The short revisit times of a few days enabled 

by the high temporal resolution are one of the main benefits of monitoring changes in agricultural areas, 

forests, or water bodies. Sentinel-2’s spectral and spatial characteristics have synergistic benefits that further 

improve the accuracy of land classification, supporting better sustainable land use planning to increase 

agricultural productivity in the region. 

 

2.3.  Preprocessing 

The pre-processing stage of the methodology started with Sentinel-2 satellite images. It included 

correcting atmospheric effects like haze and cloud cover before addressing radiometric distortions from the 

sensor images to maintain data in its true form [21]. Radiometric calibration was done using ERDAS imagine 

V.15 in the current research. The goal of this calibration is to standardize the pixel values of each image for 

the different dates and locations at which images were taken [22]. Here, resampling was performed on the 

satellite imagery to reference actual geographic coordinate systems and ensure correct spatial measures for 

land use classification. Cloud masking and noise reduction techniques were also applied to eliminate 

undesired background interference or clouds. Preprocessing is essential to ensure the satellite images are 

clean, well-aligned, and suitable for detailed classification. Figure 2 shows the methodology of performing 

land cover classification of the study area using the three different algorithms, visually depicting various land 

cover types, including vegetation, water bodies, and urban areas. Sentinel-2 satellite imagery is initially 

downloaded from the ESA’s Copernicus programme (https://browser.dataspace.copernicus.eu/). The satellite 

imagery comes in different bands, as shown in Figure 2(a), which need to be stacked to make them ready for 

preprocessing. Figure 2(b) shows the stacked satellite imagery, representing the study area in a natural color 

band combination. After preprocessing the satellite imagery, thematic maps were generated using various 

classification algorithms. 

 

 

https://browser.dataspace.copernicus.eu/
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Figure 2. Methodology to implement classifiers in the study area (a) the satellite imagery comes in different 

bands and (b) the stacked satellite imagery 
 

 

2.4.  Stacking 

The images were processed and atmospherically corrected using ERDAS Imagine software, in 

which all bands of the Sentinel-2 satellite data were stacked to derive a single composite image. Stacking is 

required to put visible, NIR, and shortwave infrared data in one image for a complete land cover picture. This 

process enhances the effectiveness of discriminating between land types (vegetation, water bodies, urban 

areas) because it exposes spectral signatures that are not visible in any of the isolated bands but only when 

we overlap multiple bands [23]. The resulting image enhances classification accuracy because different 

machine-learning algorithms can effectively learn from various spectral information. Combining multiple 

bands makes the analysis more detailed and reliable, enabling precise identification of subtle differences in 

land cover. This is especially beneficial in regions with diverse landscapes that require fine-grained analysis. 

Combining the spectral bands is a crucial step in remote sensing because it allows us to obtain higher 

classification accuracies and improve indexing for superior utilization in land management. 
 

2.5.  Classification 

Classification is an important task that classifies satellite imagery into various land categories. 

Thematic maps can be generated to understand the land’s diversity further, which is essential for decision-

makers and stakeholders to make informed decisions. Three different classifiers were applied to the 

preprocessed data acquired using the Sentinel-2 satellite. By leveraging the spectral and spatial information 

captured by Sentinel-2, these methods facilitate precise monitoring of land-use changes over time. 
 

2.5.1. Maximum likelihood classifier (MLC) 
MLC is widely used in remote sensing, where the spectral data must be separated based on a broad 

assumption. This assumes that the data among the classes follow a normal distribution. According to this 

assumption, probability is calculated for each pixel, introducing itself as belonging to a particular class and 

then categorizing it into that category with maximum likelihood [24]. It considers the variance and 

covariance of the spectral signatures, making it effective for complex data distributions. MLC requires 

substantial training data to estimate these parameters accurately. 
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2.5.2. Minimum distance classifier (MDC) 

Each pixel in the feature space is assigned to a land cover class using the MDC based on the closest 

spectral signature, or centroid [25]. The Euclidean distance between the spectral values of each pixel and the 

mean values (centroids) of known classes such as water, vegetation, and urban areas is computed for each 

pixel. After that, the pixel is categorized into the class with the shortest distance. It performs well for discrete 

land cover types but may have trouble with overlapping or mixed classes. MDC is computationally efficient, 

making it suitable for large datasets, but its simplicity may lead to reduced accuracy in heterogeneous 

landscapes. 

 

2.5.3. Neural network (NN) 
NNs are computational models that mimic the human brain. They are mainly used for pattern 

recognition and classification tasks. NNs are highly effective in classifying satellite imagery, as the 

interconnected neurons can learn intricate patterns and relationships within the complex image data. Every 

neuron takes an input, processes it, and passes the information forward [26]. In land cover classification, 

several non-linear relationships exist that are complex to handle, and NNs are great at handling this problem. 

NN can incorporate both spectral and spatial information, enhancing classification accuracy. However, they 

require significant computational resources and careful tuning of hyperparameters to prevent overfitting. 

 

 

3. RESULTS AND DISCUSSION 

The study area was categorized by three algorithms: MLC, MDC, and NN. This allows us to 

evaluate identification by focusing on the thematic images created by those algorithms. It was observed 

through visual analysis that MLC techniques offer more accurate classification for vegetation. MDC 

algorithms easily separate built-up areas. A quantitative assessment was performed to evaluate the 

classification accuracy using several metrics, such as producer accuracy (PA), user accuracy (UA), and 

Kappa coefficient, which are mandatory for determining the reliability and efficacy of an algorithm. The 

results show that the MLC algorithm attained 94.81% accuracy, with an overall classification Kappa 

coefficient of 0.9308, signaling the robustness and reliability of this classification for discriminating between 

different land-cover types. The MDC algorithm achieved 90.65% accuracy, with a Kappa coefficient of 

0.8753, although it was less efficient in classifying urban sites. The NN algorithm’s total accuracy was 

84.38% and a Kappa coefficient of 0.7917. 

The MLC method is considered an efficient technique for identifying different land types in the 

region compared to MDC and NN algorithms. MLC algorithms are applied to separate vegetation from built-

up areas. The performance of the NN algorithm, while showing potential, suggests significant room for 

optimization to improve generalization. These results underscore the importance of selecting a suitable land 

cover classification algorithm for sustainable agricultural production and land management practices. Table 2 

shows the performance metrics of land classification algorithms for MLC, MDC, and NN across land cover 

classes. Figure 3 shows how three land classification algorithms calculated the accuracy and Kappa 

coefficients. A visual comparison of accuracy for every algorithm in the classification of different land cover 

types over the study area with Sentinel-2 satellite images is shown in Figure 3. It confirms the highest 

accuracy of ML and largest Kappa among the three models in terms of overall accuracies by MLC, MDC, 

and NN, as well as their strengths and weaknesses for land cover classification. 

 

 

Table 2. Quantitative analysis of classification techniques 
Algorithm Class TR TC CC PA UA Kappa 

MLC Deciduous vegetation 34 34 32 94.12% 94.12% 0.9214 

Dense vegetation 34 35 33 97.06% 94.29% 0.9236 

Water 36 35 34 94.44% 97.14% 0.961 

Urban 31 31 29 93.55% 93.55% 0.9163 

Total 135.00 135.00 128.00 - - - 

MDC Deciduous vegetation 39 36 33 84.62% 91.67% 0.8842 

Dense vegetation 36 33 31 86.11% 93.94% 0.9182 

Water 35 35 33 94.29% 94.29% 0.9236 

Urban 29 35 29 100.00% 82.86% 0.7834 

Total 139.00 139.00 126.00 - - - 

NN Deciduous vegetation 44 40 34 77.27% 85.00% 0.7931 

Dense vegetation 41 40 33 80.49% 82.50% 0.7647 

Water 33 40 31 93.94% 77.50% 0.7165 

Urban 42 40 37 88.10% 92.50% 0.8983 

Total 160.00 160.00 135.00 - - - 

Note: TR (total reference), TC (total classified), CC (correctly classified), PA (producer’s accuracy), UA (user’s accuracy) 
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Figure 3. Accuracy and Kappa comparison of the classification algorithms 
 

 

This research demonstrates the feasibility of applying satellite imagery, especially Sentinel-2, to 

LULC classification with this significantly high accuracy. Among all algorithms tested in this study, MLC 

produced the highest OA of 94.81%, with Kappa of 0.9308, followed by the MDC and NN. MLC performs 

better because it considers variance and covariance in spectral data transformation. Hence, MLC can be 

applied to problems with complex data distribution. The lower performance of MDC and NN classifiers 

indicates that improvements in their generalization ability (optimized for the whole training set) are still 

needed to deal with mixed land cover classes and complex spatial patterns. The variety of land cover types in 

the study area (agricultural, urban, and forest) also confirms the suitability of these algorithms for 

heterogeneous landscapes. 

When analyzing these results in comparison with past studies, MLC performs similarly to previous 

findings that revealed its strength with remote sensing data classification, particularly with heterogeneous 

land cover types [27]. Conversely, the relatively poor performance of NN as compared to MLC is not 

uncommon and can be due to the issue of parameter tuning and data scarcity, which are well-known 

bottlenecks of deep learning-based approaches. The main novelty of this research is that it uses high-

resolution multispectral data from Sentinel-2 to improve classification accuracy. MDC also performs well, 

which indicates that it could be a computationally cheaper option for simpler land cover classifications. 

In conclusion, the present study shows the potential of MLC, which produced a high OA of LULC 

mapping from Sentinel-2 imagery, which may be adopted as a timely solution to efficient LULC mapping for 

sustainable agricultural practice and sound decision-making for land management in the future. Future 

research can focus on multi-sensor fusion and hybrid systems modeling to capitalize on the strengths of 

different classifiers and increase performance and computational efficiency. Furthermore, exploring time-

series analysis and automated classification frameworks can also strengthen the reliability of LULC change 

detection, which can be even more useful for precision agriculture and environmental conservation. 
 

 

4. CONCLUSION 

This study demonstrated the effectiveness of Sentinel-2 multispectral imagery for accurate LULC 

classification through a comparative evaluation of three supervised classification algorithms: MLC, MDC, 

and NNs. Experimental results revealed that the MLC achieved the highest classification performance, with 

an OA of 94.81% and a Kappa coefficient of 0.9308, outperforming the MDC and NN models in 

distinguishing diverse land cover classes. These findings indicate that the MLC remains a robust and 

computationally efficient approach for LULC mapping using high-resolution multispectral satellite imagery. 

The comparative analysis further demonstrates that although MDC and NN produced satisfactory 

classification results, their performance was comparatively lower, suggesting the need for further 

optimization when applied to complex and heterogeneous landscapes. The results highlight the importance of 

selecting an appropriate classification algorithm to improve mapping accuracy and support reliable geospatial 

analysis for environmental monitoring and sustainable land management. The proposed approach provides 

valuable geospatial information that can support precision agriculture by enabling informed decision-making 

related to crop management, irrigation planning, land resource utilization, and environmental conservation. 

Future research should investigate the integration of multi-temporal and multi-sensor satellite data, advanced 

machine learning and deep learning techniques, automated hyperparameter optimization, and near real-time 

LULC monitoring frameworks to further improve classification accuracy, scalability, and operational 

applicability in large-scale remote sensing applications. 
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