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Abstract- Over the last few years, the research into agriculture has gained momentum, 

showing signs of rapid growth. The latest to appear on the scene is bringing convenience in 

how agriculture can be done by employing various computational technologies. To 

implement this project we have used LAND satellite images which contains images of 

FOREST, AGRICULTURE LAND, URBAN AREA and Range LAND. However, only a few 

studies have compared the performances of these classifiers with different training sample 

sizes for the same remote sensing images, particularly the Sentinel-2 Multispectral Imager 

(MSI). In this study, we examined and compared the performances of the RF, KNN, and 

SVM classifiers for land use/cover classification using Sentinel-2 image data. An area of 30 × 

30 km2 within the Red River Delta of Vietnam with six land use/cover types was classified 

using 14 different training sample sizes, including balanced and imbalanced, from 50 to over 

1250 pixels/class. All classification results showed a high overall accuracy (OA) ranging 

from 90% to 95%. Among the three classifiers and 14 sub-datasets, SVM produced the 

highest OA with the least sensitivity to the training sample sizes, followed consecutively by 

RNN and KNN. In relation to the sample size, all three classifiers showed a similar and high 

OA when the training sample size was large enough, i.e., greater than 750 pixels/class or 

representing an area of approximately 0.25% of the total study area. The high accuracy was 

achieved with both imbalanced and balanced datasets. 
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I.   Introduction 

 

Satellite imagery plays a critical role in monitoring and understanding Earth's surface. Among 

the various satellite programs, Landsat, initiated by NASA and the US Geological Survey 

(USGS), stands out due to its long history and comprehensive data collection. Since its 

inception in 1972, the Landsat program has provided continuous, detailed images of Earth's 

surface, offering invaluable insights for environmental monitoring, urban planning, 

agriculture, forestry, and disaster management [1]. Landsat is a series of Earth-observing 

satellite missions jointly managed by the United States Geological Survey (USGS) and 

NASA. Since its inception in 1972, the Landsat program has provided continuous, high-

resolution imagery of the Earth's surface, making it one of the most important tools for 

monitoring and understanding the planet's land and coastal regions [2]. 
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Landsat satellites are equipped with sensors that capture data in multiple spectral bands, 

including visible, near-infrared, shortwave infrared, and thermal infrared. This capability 

allows for the detailed analysis of various land surface features and conditions [3]. The 

spatial resolution of Landsat imagery varies between 15 to 120 meters, depending on the 

specific sensor and spectral band [4]. This resolution is sufficient to observe land cover 

changes, urban growth, deforestation, and agricultural practices. Landsat satellites have a 

revisit time of 16 days, enabling regular monitoring of changes over time. This temporal 

resolution is valuable for tracking seasonal variations and long-term trends. The Landsat 

archive, spanning over four decades, provides an unparalleled historical record of the Earth's 

surface [5]. This long-term data is crucial for studying environmental changes and human 

impacts on the landscape. 

 

II.   Literature review 

 

Information on rice growing areas and on rice growth conditions are necessary in rice 

monitoring programs and in studies on the emission of methane from flooded rice fields. The 

objective of this paper is to assess the use of ERS-1 SAR data to map rice growing areas and 

to retrieve rice parameters [6]. The approach includes first a synthesis of experimental results 

at two different test areas followed by a development of a theoretical model to interpret the 

observations [7]. 

Global Monitoring for Environment and Security (GMES) is a joint initiative of the European 

Commission (EC) and the European Space Agency (ESA), designed to establish a European 

capacity for the provision and use of operational monitoring information for environment and 

security applications [8]. ESA's role in GMES is to provide the definition and the 

development of the space- and ground-related system elements. GMES Sentinel-2 mission 

provides continuity to services relying on multi-spectral high-resolution optical observations 

over global terrestrial surfaces [9]. 

Image classification is a complex process that may be affected by many factors. This paper 

examines current practices, problems, and prospects of image classification. The emphasis is 

placed on the summarization of major advanced classification approaches and the techniques 

used for improving classification accuracy. In addition, some important issues affecting 

classification performance are discussed [10]. This literature review suggests that designing a 

suitable image‐processing procedure is a prerequisite for a successful classification of 
remotely sensed data into a thematic map. 

 

III.   System Model 

Preprocessing ensures the raw Landsat imagery is clean and suitable for analysis: 

Cloud Masking: Detect and remove clouds and shadows using tools like Fmask or Landsat's 

Quality Assessment Bands. 

Radiometric Calibration: Convert digital numbers (DNs) to Top-of-Atmosphere (TOA) or 

surface reflectance. 

Atmospheric Correction: Apply corrections using methods like Dark Object Subtraction 

(DOS) or atmospheric modeling (e.g., 6S or LEDAPS). 
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Geometric Correction: Align images to a consistent coordinate reference system. 

Clipping: Crop the imagery to the study area to reduce data size and processing load. 

Segmentation divides the image into meaningful regions for analysis: 

Pixel-Based Segmentation: Classify each pixel based on spectral properties. 

Object-Based Image Analysis (OBIA): Group pixels into objects based on spatial and spectral 

characteristics, often using software like eCognition. 

Thresholding or Clustering: Use methods like K-means, ISODATA, or NDVI thresholds for 

vegetation mapping. 

 

 

                                                                   Figure.1.System Model 

 

Feature Extraction: Extract relevant information from the processed imagery: 

Spectral Indices: Compute indices like NDVI (Normalized Difference Vegetation Index) or 

NDWI (Normalized Difference Water Index) to highlight specific features. 

Texture Analysis: Assess spatial patterns using texture features like GLCM (Gray-Level Co-

occurrence Matrix). 

Band Ratios: Use combinations of spectral bands to identify unique surface features. 

Time-Series Analysis: Leverage historical Landsat data for temporal feature tracking, e.g., 

deforestation trends. 

Classification: Classify the segmented and feature-enhanced imagery into categories: 
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Supervised Classification: Train machine learning models (e.g., Random Forest, SVM) on 

labeled data. Use tools like Google Earth Engine, ENVI, or QGIS for implementation. 

Unsupervised Classification:  Apply clustering algorithms (e.g., K-means) to group pixels 

based on spectral similarity.  Deep Learning: Use Convolutional Neural Networks (CNNs) 

for advanced classification tasks requiring high accuracy. Validation: Assess classification 

accuracy using metrics like the confusion matrix and kappa Coefficient. 

 

IV.    Result 

  

 The results of a Landsat satellite imagery project often include detailed land cover 

classification maps, revealing spatial distributions of forests, urban areas, water bodies, and 

other land types with high accuracy. Temporal change detection highlights patterns of 

deforestation, urbanization, or agricultural shifts over decades, leveraging the long-term data 

continuity of Landsat. 

 
Figure.2. Result of agricultural land 

 

 
Figure.3.Result of urban land 

 

Vegetation indices like NDVI help monitor plant health and phenological changes, while 

indices such as NDWI track waterbody dynamics. Projects can also detect the impacts of 

natural disasters (e.g., floods or wildfires) and assess trends in ecosystem health, such as 

drought stress or glacial retreat. These results support environmental planning, policy-

making, and sustainable resource management while enhancing understanding of 

anthropogenic and natural processes shaping the Earth's surface. 
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V.    Conclusion 

 In conclusion, utilizing Landsat satellite imagery for environmental monitoring and analysis 

demonstrates its critical role in understanding Earth’s surface changes. The project highlights 

the effectiveness of preprocessing techniques like atmospheric correction and cloud masking, 

ensuring data reliability. Classification methods, including machine learning and spectral 

indices, provide accurate land cover maps and valuable insights into ecosystem health. 

Temporal analysis uncovers significant patterns such as deforestation, urban growth, and 

climate-related impacts like droughts or glacial retreat. The results emphasize the importance 

of Landsat’s consistent, long-term data archive in supporting sustainable land management 

and informed decision-making. Furthermore, the integration of advanced algorithms and 

cloud computing platforms accelerates the ability to address large-scale environmental 

challenges. This project underscores the indispensability of satellite imagery in driving policy 

and research for a more sustainable future. 
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