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ABSTRACT

Land cover classification plays a vital role
in understanding urban growth and
environmental changes for sustainable
urban planning. This project proposes a
deep learning—based framework to
automatically classify satellite imagery
into multiple land cover categories such as
buildings, roads, vegetation, barren land,
and water bodies. The system utilizes
advanced Convolutional Neural Network
(CNN) architectures to extract meaningful
spatial and spectral features from high-
resolution remote sensing images. Three
deep learning models—CNN Dense, CNN
VGG16, and CNN ResNet50—are
implemented and compared to evaluate
classification accuracy and robustness.
The CNN Dense model serves as a
baseline architecture capable of learning

hierarchical image features through
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multiple convolution and fully connected

layers. The pre-trained VGG16 network

enhances performance by leveraging
transfer learning, enabling efficient
feature extraction even with limited
training data. ResNet50, with its residual
learning mechanism, addresses the
vanishing gradient problem and improves
deep feature representation for complex
land cover patterns. Satellite image
datasets  are  preprocessed  using
normalization, resizing, and
augmentation techniques to improve
model  generalization and  reduce
overfitting. Experimental results
demonstrate that deep learning—based
models significantly outperform
traditional machine learning approaches
in terms of accuracy, precision, and
classification reliability. Among the
implemented architectures, ResNet50

achieves superior performance due to its
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deeper network design and optimized
feature learning capability. The proposed
system enables faster and automated
analysis of urban land use patterns,
assisting planners and environmental
authorities  in

monitoring  urban

expansion, detecting  environmental

degradation, and managing natural

efficiently.

research contributes to sustainable and

resources Overall, this
smart city development by providing an
accurate, scalable, and intelligent land
cover mapping solution using CNN Dense,
CNN VGG16, and CNN ResNet50 models

for satellite image classification.
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INTRODUCTION

Land cover classification is an essential
task in remote sensing and geographic
information  systems for monitoring
environmental changes and  urban
development. Accurate identification of
land cover types such as buildings,
vegetation, roads, and water bodies helps in
sustainable urban planning and resource
management. Traditional image
classification techniques relied on manual
interpretation and machine learning
algorithms, which often lacked scalability
and accuracy. With the advancement of

deep learning, Convolutional Neural
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Networks (CNNs) have emerged as
powerful tools for automated image
analysis. CNN models can effectively learn
complex spatial patterns from satellite
imagery. This project proposes a deep
learning—based land cover classification
system using CNN Dense, VGG16, and
ResNet50 architectures. These models
automatically extract high-level features
from remote sensing images. Data
preprocessing and augmentation techniques
are applied to improve model performance
and generalization. The proposed system
enables fast and accurate classification of
large-scale satellite datasets. Ultimately,
this approach supports smart city
development and environmental
monitoring through reliable land cover
mapping.

RELATED WORK

Several studies have explored land cover
classification using remote sensing and
machine learning techniques. Early
approaches utilized algorithms such as
Support Vector Machines (SVM), Random
Forest, and K-Nearest Neighbors for image
classification tasks. Although these
methods produced reasonable results, they
required manual feature extraction and
domain expertise. Recent research has
shifted toward deep Ilearning models,
particularly Convolutional Neural

Networks, for automatic feature learning.
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VGG16-based transfer learning models
have shown improved accuracy in satellite
image classification problems. Residual
networks like ResNet50 have been
introduced to overcome training difficulties
in deep architectures and enhance feature
representation. Researchers have also
applied Dense CNN models to improve
gradient flow and learning efficiency. Data
augmentation and preprocessing techniques
have been widely adopted to handle limited
labeled datasets. Comparative studies
demonstrate that deep CNN architectures
methods  in

outperform  traditional

classification accuracy. These
advancements motivate the development of
an efficient deep learning—based land cover

classification system.
LITERATURE SURVEY

According to studies on satellite-based land
analysis, accurate land use and land cover
(LULC) classification plays a crucial role in

urban planning, environmental

monitoring, and sustainable development.
Early research focused on manual
interpretation and  traditional image
processing techniques, which were limited
in scalability and accuracy. In 2014, Mniht
al. demonstrated the effectiveness of
Convolutional Neural Networks (CNNs)
for extracting spatial features from aerial
and satellite images. In 2016, Ronneberger

et al. introduced the U-Net architecture for
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semantic segmentation, achieving high
accuracy in pixel-level image classification
tasks. In 2017, Bischke et al. applied deep
learning models for land cover mapping
and showed improved performance over
classical machine learning methods. In
2018, Demir et al. highlighted the
importance of high-resolution satellite
datasets such as DeepGlobe for training
deep segmentation models. In 2019, Zhang
et al. integrated pretrained encoder
networks to enhance feature representation
in segmentation tasks. In 2020, researchers
demonstrated that VGG16-based U-Net
models provide better boundary precision
for urban regions. Recent studies confirm
that deep learning-based  semantic
segmentation offers an efficient and

scalable solution for accurate land cover

classification using satellite imagery.

EXISTING METHOD

Traditional land use and land cover analysis
methods mainly rely on manual
interpretation and conventional image
processing techniques. Satellite images are
often examined by experts using GIS tools,
which makes the process time-consuming
and highly dependent on human effort.
Such manual approaches are prone to
inconsistencies and errors, especially when
large datasets need to be analyzed or

updated frequently. Some semi-automated

systems use classical machine learning
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algorithms svm and boost classifier, neural
network , but these methods require
handcrafted features and struggle with
complex spatial patterns in high-resolution
satellite imagery. Additionally, many
existing systems operate on local or offline
environments, limiting scalability, data
accessibility, and efficient processing of
large satellite datasets. These limitations
reduce accuracy and make traditional
approaches less suitable for real-time or

large-scale land cover classification tasks.
PROPOSED METHOD

The proposed system presents a deep
learning—based land cover classification
framework designed to automatically
identify different land categories from
satellite imagery. The methodology begins
with collecting labeled satellite images
representing classes such as buildings,
vegetation, roads, and water bodies. Data
preprocessing techniques including image
resizing, normalization, and augmentation
are applied to enhance dataset quality and
reduce overfitting. The processed images
are then fed into three deep learning
architectures: CNN Dense, CNN VGG16,
and CNN ResNet50 for feature extraction
and classification. The CNN Dense model
learns spatial features through stacked
convolutional and fully connected layers.
VGG16 utilizes transfer learning to

improve performance with limited training
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data. ResNet50 introduces residual
connections to enable deeper network
training and improved accuracy. The
models are trained and validated using
supervised learning techniques.
Performance evaluation is conducted using
accuracy, precision, recall, and Fl-score
metrics. The final system provides accurate
land cover mapping to support urban
planning and environmental monitoring

applications.

SYSTEM ARCHITECTURE

Loading input Input image
image Pre-process visualization

Land cover Pre-process RSENET and VGG
Dataset 16

Normal Changed
land

Figure 1: Architecture of the Project
METHODOLOGY DESCRIPTION
Satellite Image Acquisition: The first step

involves collecting high-resolution satellite
imagery from reliable earth observation
sources. Images are obtained from publicly
available remote sensing datasets or
satellite platforms covering urban and peri-
urban regions. These images contain
multiple land cover classes such as
vegetation, water bodies, built-up areas,
roads, and barren land. Different temporal
images may also be gathered to analyze

land changes over time. The dataset is
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organized into structured folders according
to land cover categories. Proper metadata
such as geographic coordinates and
acquisition dates are preserved. Images
with heavy cloud cover or noise are
removed to ensure quality input. This stage
forms the foundation of accurate land cover
classification. High-quality data ensures
improved deep learning performance. The
collected dataset is then prepared for
preprocessing.

Data  Pre-processing:  Preprocessing
enhances satellite images before feeding
them into deep learning models. All images
are resized to a uniform resolution such as
224x224 pixels to match neural network
input requirements. Pixel normalization is
applied to scale intensity values between 0
and 1 for faster convergence. Noise
removal and contrast enhancement
techniques improve visual clarity. Data
augmentation methods like rotation,
flipping, zooming, and brightness variation
are used to increase dataset diversity. These
augmentations  help  prevent model
overfitting. Image labeling is verified to
ensure correctness of class assignments.
The dataset is then divided into training,
validation, and testing subsets. Balanced
class distribution is maintained across
splits. Preprocessed images are finally
converted into tensors suitable for deep
learning frameworks.

Input Image Visualization: Before model
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training, input images are visualized to
verify dataset integrity. Sample images
from each land cover class are displayed to
confirm correct labeling. Visualization
helps identify anomalies such as
misclassified images or corrupted files.
Histogram analysis is performed to
examine pixel intensity distributions.
Visual inspection also assists in
understanding spatial patterns of urban
development. This step ensures
preprocessing operations were applied
correctly. Satellite imagery characteristics
like texture and color variations become
clearer through visualization. Researchers
can validate dataset quality before model
training begins. Any inconsistencies
detected are corrected at this stage. Proper
visualization significantly improves overall
system reliability.

Land Cover Dataset Preparation: The
land cover dataset is structured according to
predefined classes such as Normal Land
and Changed Land. Ground truth
annotations are prepared using labeled
geographic information. Dataset balancing
techniques are applied to prevent bias
toward dominant classes. Images are
shuffled randomly to avoid training
sequence dependency. Label encoding
converts categorical classes into numerical
representations.  Dataset loaders are
implemented for efficient batch processing

during training. Metadata files store
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mapping between labels and class names.
Training samples represent various urban
patterns including residential, commercial,
vegetation, and water regions. Proper
dataset preparation ensures meaningful
feature extraction. The prepared dataset is
then passed to deep learning models for
classification.

Feature Extraction Using Deep Learning
Models: Deep feature extraction 1is
performed using convolutional neural
networks. Pretrained architectures are
utilized to leverage transfer learning
advantages. Layers of convolution, pooling,
and activation functions automatically learn
spatial features from satellite imagery.
Early layers capture edges and textures,
while deeper layers learn complex urban
structures. Feature maps generated by CNN
layers represent important land
characteristics. Transfer learning reduces
training time and improves performance
with limited datasets. Fine-tuning is applied
to adapt pretrained weights to land cover
classification tasks. Batch normalization
and dropout layers improve generalization.
Extracted features are forwarded to
classification layers. This automated
feature learning eliminates manual feature
engineering.

Model Training Using ResNet and
VGG16: Two deep learning architectures,
ResNet and VGGI16, are employed for

classification. These models learn
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hierarchical representations of land cover
features. Training is performed using
labeled satellite images with categorical
cross-entropy loss. The optimizer updates
network weights iteratively to minimize
prediction error. Training occurs over
multiple  epochs  while  monitoring
validation = accuracy. ResNet helps
overcome vanishing gradient problems
through residual connections. VGGI16
provides strong performance using deep
convolutional layers. Hyperparameters
such as learning rate, batch size, and epochs
are carefully tuned. Model checkpoints
save the best performing weights. The
trained model becomes capable of
distinguishing normal land from changed
land regions.

Land Cover Classification: After training,
the model predicts land cover categories for
unseen satellite images. The input image
passes through preprocessing and feature
extraction stages. The trained network
outputs probability scores for each class.
The highest probability determines whether
the land is classified as Normal or Changed
Land. Classification results assist in
identifying urban expansion or
environmental degradation. Prediction
confidence values help evaluate reliability.
Batch prediction enables large-scale
analysis of satellite scenes. Classified
outputs can be mapped geographically for

urban planning insights. This step
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transforms raw satellite data into actionable
information. Results support sustainable
urban development decisions.

Model Evaluation and Performance
Analysis: Model performance is evaluated
using  standard metrics.  Accuracy,
precision, recall, and Fl-score measure
classification effectiveness. A confusion
matrix visualizes correct and incorrect
predictions. Training and validation loss
curves are analyzed to detect overfitting.
Cross-validation improves robustness of
performance estimation. Receiver
Operating Characteristic (ROC) analysis
measures discrimination ability. Evaluation
is performed on a separate test dataset.
Comparative analysis between ResNet and
VGG16 identifies the best model.
Performance results guide further model
optimization. Reliable evaluation ensures
practical usability for wurban planning
applications.

Output Visualization and Change
Detection: Prediction results are visualized
to make outputs interpretable. Classified
satellite images are displayed with labeled
land categories. Changed land areas are
highlighted using colored overlays.
Visualization helps planners quickly
identify urban growth patterns. Temporal
comparison between images supports
change detection analysis. Graphical plots
show distribution of land cover classes.

Heatmaps may represent areas
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experiencing rapid development. Visual
outputs simplify understanding for non-
technical wusers. These insights assist
policymakers in sustainable resource
management. The visualization stage
bridges deep learning outputs with real-
world planning decisions.

Deployment and Output Checking Using
Flask: The final system is deployed using a
Flask web framework for real-time testing.
Users upload satellite images through a web
interface. The Flask backend loads the
trained deep learning model. Uploaded
images undergo preprocessing
automatically before prediction. The model
classifies the image as Normal Land or
Changed Land. Prediction results are
displayed instantly on the webpage.
Visualization outputs such as classified
images and confidence scores are shown to
users. Flask enables easy integration
between deep learning models and web
applications. The deployment allows
planners to analyze land cover without
technical expertise. This completes the end-
to-end intelligent land cover classification

system

Vol 26 Issue 04, April, 2026

Page 2397 of 2402



International Journal of Engineering Science and Advanced Technology(IJESAT)

RESULTS AND DISCUSSION

This project shows the details of profile

how we can detect easily.

Deep Learni
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Figure 2.1: Home Page
In this picture we showed home page of the

project in these basic details we can get.
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Figure 2.2: Create Account
Create an account to access personalized
features and securely manage your

information.
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Figure 2.3: Sign in Page
In the Sign in page, Enter your details.
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Figure 2.3: Detection page
Analyze input data to identify patterns or

detect results automatically.
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Figure 2.4: Uploading Input Image
Upload satellite imagery to classify land
types using deep learning for accurate

analysis.
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Figure 2.5: Result Page
The system predicts the uploaded image as
a highway using the Land Al model.
CONCLSUION

The proposed deep learning—based land
cover classification system successfully
demonstrates accurate identification of
urban and environmental features from
satellite imagery. By utilizing CNN Dense,
VGG16, and ResNet50 architectures, the
system achieves improved -classification
performance compared to traditional
methods. Automated feature extraction
reduces manual effort and enhances
scalability for large datasets. The results
confirm the effectiveness of deep learning
models in analyzing land use patterns.
Overall, the system supports sustainable
urban  planning and environmental
monitoring through reliable land cover
mapping.

FUTURE SCOPE

Future work can focus on integrating larger
and more diverse satellite datasets to further
improve model generalization. Advanced
architectures such as Vision Transformers
and hybrid deep learning models can be
explored for higher accuracy. Real-time
land cover monitoring systems using cloud
platforms and GIS integration can be
developed. The system can also be
extended to detect environmental changes

like deforestation, flooding, and urban
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sprawl automatically. Incorporating

multispectral and hyperspectral imagery

will ~ further enhance classification
performance and decision-making
capabilities.
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