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Abstract  
This paper presents a comprehensive approach to satellite image analysis for land use classification and 

environmental change detection. By leveraging multispectral imagery from Sentinel-2 and Landsat 8/9, the 

proposed model automates the classification of diverse geographic regions, such as water bodies, forests, 

urban areas, and agricultural lands. The methodology incorporates advanced deep learning architectures, 

specifically Convolutional Neural Networks (CNNs) and U-Net, for robust feature extraction and pixel-level 

semantic segmentation. Furthermore, a change detection framework is introduced to identify significant 

environmental transformations over time-series data, highlighting critical issues like deforestation and urban 

expansion. The integration of geospatial data handling libraries ensures efficient preprocessing, while the 

outcome provides actionable insights visualized through comprehensive map overlays. This research 

demonstrates the efficacy of deep learning in remote sensing and its potential for real-time environmental 

monitoring. 

Keywords: Satellite Image Analysis, Change Detection, Deep Learning, CNN, Semantic Segmentation, 
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1. Introduction 

Monitoring land use and detecting environmental 

changes are critical for sustainable development, 

urban planning, and climate change mitigation. With 

the increasing availability of high-resolution satellite 

imagery from sources like ESA's Sentinel-2 and 

NASA's Landsat, there is an unprecedented 

opportunity to analyze the Earth's surface at a global 

scale. However, the sheer volume of geospatial data 

necessitates automated and highly accurate analysis 

techniques. Historically, land cover mapping was a 

manual, labor-intensive process requiring significant 

domain expertise [1-3]. The advent of computer 

vision and deep learning has revolutionized remote 

sensing, enabling the automated extraction of 

complex features from spectral bands that are 

invisible to the human eye. This project aims to 

leverage these modern computational paradigms to 

analyze satellite images and automatically classify 

vast geographic regions into distinct categories such 

as water, forest, urban development, and agriculture. 

Beyond static classification, the temporal aspect of 

satellite imagery allows for continuous 

environmental monitoring. By analyzing time-series 

data, we can build robust change detection models 

capable of identifying ecological shifts, including 

rapid urban expansion, progressive deforestation, and 

the shrinkage of vital water bodies due to climate 

change or human intervention. The core objective of 

this research is to deliver a reliable, end-to-end 

processing pipeline—from raw spectral data 

ingestion to the generation of actionable, color-coded 

segmentation maps and comparative change 

detection visualizations. 

2. Related Work 

The application of deep learning to remote sensing 

has been extensively studied over the past decade. 

Early approaches relied heavily on traditional 

machine learning algorithms such as Support Vector 
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Machines (SVMs) and Random Forests. While 

effective for simple multispectral data, these methods 

struggled with the high dimensionality and complex 

spatial patterns inherent in modern high-resolution 

imagery. Recent advancements have shifted focus 

toward Convolutional Neural Networks (CNNs). 

Benchmark datasets like Euro SAT have proven 

instrumental in training deep architectures capable of 

classifying land use across thousands of satellite 

patches with high accuracy. Furthermore, semantic 

segmentation architectures, originally designed for 

medical imaging (such as the U-Net architecture), 

have been successfully adapted for pixel-level 

classification of earth observation data [4-6]. These 

networks excel at preserving spatial hierarchies, 

making them ideal for delineating complex 

boundaries between adjacent land cover types. For 

change detection, traditional methods employed 

simple image differencing techniques, which were 

highly susceptible to lighting variations, sensor 

disparities, and seasonal changes. Contemporary 

research has introduced Siamese Networks—twin 

neural networks that process two images from 

different timestamps simultaneously to compute 

abstract feature differences. This approach 

significantly reduces false positives caused by natural 

environmental fluctuations, isolating true 

anthropogenic or structural changes. 

3. Datasets and Preprocessing 

The efficacy of any deep learning model is 

fundamentally tied to the quality and diversity of its 

training data. This chapter details the datasets 

employed and the rigorous preprocessing pipeline 

developed to handle raw geospatial data. 

3.1. Dataset Collection 

The primary datasets used in this study include free, 

open-access multispectral imagery. Sentinel-2, 

provided by the European Space Agency (ESA), 

offers 10m-60m spatial resolution across 13 spectral 

bands, making it highly suitable for detailed semantic 

segmentation. Concurrently, Landsat 8 and 9, 

operated by NASA, provide 30m resolution imagery 

with an extensive historical archive, serving as the 

foundational data source for long-term time-series 

change detection. To facilitate model training, we 

incorporated the Euro SAT benchmark, a dataset 

comprising 27,000 labeled and geographically 

dispersed Sentinel-2 patches categorized into ten 

distinct land use classes. Additionally, the 

BigEarthNet multi-label dataset was utilized to 

robustly train the models against complex scenes 

containing overlapping classifications. Table 1 

summarizes the core properties of these datasets. 

 

Table 1 Experimental input parameters and 

datasets utilized for the satellite image analysis 

pipeline. 

Dataset 
Resolutio

n 
Bands Primary Use 

Sentinel

-2 

(ESA) 

10m - 

60m 

13 

Multispectr

al 

Land Use 

Classificatio

n 

Landsat 

8/9 

(NASA) 

30m 

11 

Multispectr

al 

Time-Series 

Change 

Detection 

EuroSA

T 
10m 

RGB, 

Multispectr

al 

CNN 

Training 

(Classificatio

n) 

 

3.2. Geospatial Preprocessing Pipeline 

Raw satellite data contains significant noise, 

including atmospheric interference and cloud cover. 

Preprocessing is executed using established 

geospatial libraries including Python's Rasterio, 

GDAL, NumPy, and OpenCV. The pipeline initiates 

by dynamically cropping the massive raw scenes into 

manageable Regions of Interest (ROIs) compatible 

with GPU memory constraints. Pixel values are 

subsequently rescaled to ensure numerical stability 

during neural network training. To deal with 

atmospheric occlusion, algorithmic cloud masking 

techniques are applied, effectively discarding invalid 

data points. Finally, specific spectral bands—notably 

the Red, Green, Blue (RGB), Near-Infrared (NIR), 

and Shortwave-Infrared (SWIR)—are normalized 

and stacked to create the multi-dimensional tensors 

required for CNN architectures. 
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4. Proposed Methodology 

The architectural design encompasses two primary 

workflows: static land cover mapping via 

segmentation, and dynamic anomaly identification 

via change detection algorithms. 

4.1. Image Classification and Segmentation 

We deployed two distinct modeling paradigms based 

on the requisite granularity of the output. The first 

approach targets patch-based Land Use Classification 

utilizing standard CNN architectures, particularly 

ResNet-50 and Efficient Net [7-10]. These models 

ingest a 64x64x3 RGB or multispectral patch and 

output a discrete probability distribution over the 

predefined land use categories. The second approach, 

offering higher precision, relies on Semantic 

Segmentation using the U-Net architecture. Unlike 

simple classification, semantic segmentation assigns 

a specialized class label to every individual pixel 

within the full satellite scene. The U-Net’s encoder-

decoder structure, fortified with skip connections, is 

uniquely positioned to interpret macro-structural 

context while maintaining the micro-spatial 

resolution necessary for delineating fine details such 

as narrow roadways or small residential footprints 

shown in Figure 1. 

 

 

 Figure 1 High-resolution output map showcasing 

pixel-level semantic segmentation across diverse 

land covers. 

4.2. Change Detection Network 

For environmental monitoring, temporally distinct 

images (e.g., Image T1 and Image T2) of identical 

geographic coordinates are analyzed. The system 

utilizes an advanced Siamese Convolutional Network 

to compute direct feature differences. By passing 

both images through identical sub-networks with 

shared weights, the model calculates a multi-

dimensional displacement vector for each pixel, 

highlighting regions reflecting structural 

modifications while ignoring seasonal coloration 

shifts shown in Figure 2. 

 
Figure 2 Siamese Network output demonstrating 

chronological deforestation mapping over a 5-

year period. 

 

5. Experimental Results 

Extensive quantitative and qualitative experiments 

were conducted to evaluate the performance of the 

proposed pipelines. The models were trained utilizing 

high-performance GPU clusters, employing a 

categorical cross-entropy loss function optimized via 

the Adam optimizer [11-12]. 

5.1. Quantitative Evaluation Strategy 
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The classification models exhibited remarkable 

resilience across varied landscapes. The integration 

of multispectral bands significantly boosted 

performance compared to standard RGB inputs. The 

metric evaluation encompasses overall Accuracy, 

Precision, Recall, and the Intersection over Union 

(IoU) specifically measured for segmentation tasks. 

Table 2 details the comparative performance of the 

various architectures tested during the experimental 

phase. 

 

Table 2 Quantitative performance metrics 

distinguishing the accuracy of the employed 

neural network architectures. 

Model 

Architecture 

Accurac

y 

Precisio

n 

Reca

ll 

Glob

al 

IoU 

ResNet-50 

(Classificatio

n) 

96.5% 95.8% 
96.0

% 
N/A 

EfficientNet-

B4 

(Classificatio

n) 

97.2% 96.5% 
97.1

% 
N/A 

U-Net 

(Segmentatio

n) 

94.8% 93.5% 
94.0

% 

89.5

% 

DeepLabV3 

(Segmentatio

n) 

95.4% 94.2% 
94.8

% 

91.2

% 

Siamese 

Network 

(Change 

Detection) 

92.1% 90.5% 
91.8

% 

85.4

% 

 

5.2. Qualitative Visual Assessment 

Visual inspection of the output overlays corroborates 

the statistical findings. The segmentation maps 

generate visually distinct, color-coded topographies 

where natural barriers between water bodies and 

vegetation are precisely charted. In the context of the 

change detection model, comparative visualizations 

explicitly highlight areas of significant 

environmental alteration. Notably, the network 

successfully identified subtle zones of deforestation 

and unauthorized urban sprawl on the peripheries of 

protected biomes. 

5.3. Vegetation Health Indexing 

Furthermore, by programmatically fusing the Near-

Infrared and Red bands, the system autonomously 

computes the Normalized Difference Vegetation 

Index (NDVI). This index acts as a proxy for 

vegetation health and density. Historical analysis of 

the NDVI over specific agricultural sectors revealed 

profound insights into cyclical drought impacts, 

validating the system's utility in real-world 

agricultural monitoring protocols. 

6. Discussion and Future Projections 

The integration of CNNs and U-Net architectures 

validates the supremacy of deep learning in 

processing complex multispectral data. The 

framework's ability to operate autonomously on 

uncrated satellite imagery signifies a significant 

technological leap over traditional mapping 

methodologies. However, challenges persist 

regarding the computational overhead necessary for 

processing extremely large temporal stacks at a 

global scale. Future iterations of this research aim to 

mitigate these computational bottlenecks by 

migrating the inference pipeline to a distributed 

architecture. Integrating the backend processing with 

the Google Earth Engine API will provide 

instantaneous access to petabytes of historical data 

without localized storage constraints. Furthermore, 

the development of a real-time, Streamlet-based web 

interface will democratize access to these powerful 

analytical tools, allowing urban planners and 

environmentalists to interactively select geographic 

coordinates and instantaneously generate change 

reports. 

Conclusion 

This comprehensive study presents a robust, scalable, 

and highly accurate framework for the automated 

analysis of satellite imagery. By successfully 

interfacing open-source multispectral datasets with 

cutting-edge convolutional architectures, this project 

definitively solves complex land use classification 

and longitudinal change detection challenges. The 
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methodological integration of semantic segmentation 

and Siamese networks yields precise, actionable 

insights visualized through intuitive mapping 

overlays. Ultimately, the demonstrable capability to 

automatically track deforestation vectors, urban 

footprint expansion, and water basin shrinkage 

provides a critical technological foundation for 

modern environmental conservation efforts. The 

proposed system serves not merely as a theoretical 

model, but as a practical, deployable solution 

supporting global sustainability initiatives. 
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