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Abstract: Image classification plays a key role in remote sensing, image analysis, and pattern recognition. Detecting
and classifying objects in satellite images is vital for applications like marine monitoring, land use planning,
ecological studies, and military operations. Satellite images, with their rich spatial and temporal information,
help address many real-world challenges. However, classifying these images is challenging due to limited data
availability, varying quality, and uneven distribution. Deep learning (DL) algorithms have become popular
for satellite image classification because of their effectiveness in tasks such as land-use planning, disaster
response, and resource management. This study introduces a deep convolutional neural network (DCNN)
model combined with batch normalization (BN) for classifying satellite images. The dataset includes images
from remote sensing satellites categorized into four classes: cloudy regions, deserts, water bodies, and green
areas. CNNs are well-suited for image processing, as they automatically extract key features like edges and
textures. Batch normalization improves training by stabilizing inputs within the network layers, making the
process faster and more efficient. Our proposed model demonstrates high accuracy in classifying satellite
images, achieving an overall performance of 94.50%, outperforming existing methods. This shows its potential
for real-world applications.

1 INTRODUCTION

Satellite image processing involves analyzing data
collected by Earth-orbiting satellites using sensors
like cameras and radar. These images provide valu-
able insights into weather, land use, and more (Voigt,
2007) (Nguyen, 2019). A major challenge is handling
the vast amount of data generated by these sensors,
which is too complex for manual processing. Ad-
vanced algorithms are used to interpret the images,
applying techniques like enhancement, classification,
and feature extraction (Fu, 2018). These methods
are widely used in fields like environmental moni-
toring, agriculture, and urban planning, helping track
changes in crops, urban areas, and forests (Singh,
2022) (Padmanaban, 2019).

Satellite image processing involves analyzing data
captured by Earth-orbiting satellites using sensors
like cameras and radar. These images provide valu-
able insights into weather patterns, land use, and
other critical aspects of Earth’s surface. However,

the sheer volume of data generated by satellite sen-
sors presents a major challenge. Advanced computer
algorithms are necessary to process and interpret this
complex data effectively. Key techniques include im-
age enhancement, feature extraction, and classifica-
tion. Feature extraction identifies specific elements in
an image, such as roads or buildings, making it useful
for applications in environmental monitoring, agri-
culture, and urban planning. For example, satellite
images are used to track crop health, urban growth,
and deforestation rates. With technological advances,
satellite image processing continues to play a vital
role in managing Earth’s resources.

Deep learning has emerged as a powerful tool for
satellite image classification. Inspired by the human
brain, deep learning uses neural networks with multi-
ple layers—input, hidden, and output layers (Diker,
2022). These networks process data through inter-
connected neurons using weights, biases, and acti-
vation functions like ReLU, sigmoid, or tanh. This
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structured approach enables deep learning models to
extract meaningful features and classify satellite im-
ages efficiently. Several studies demonstrate the ad-
vancements in satellite image processing using deep
learning. (Tripodi, 2022) developed an automated
pipeline for 3D reconstruction of landscapes from
high-resolution satellite images. This method used
convolutional neural networks (CNNs) to extract se-
mantic features and classify data into 16 categories,
producing detailed 3D maps. Similarly, (Anggi-
ratih, 2019) combined the ZFNet CNN architecture
with the Random Forest algorithm to enhance fea-
ture extraction and classification. While the model
achieved 87.5% accuracy for large vessel detection,
it struggled with smaller vessels, achieving less than
50% accuracy. (Munirah Alkhelaiwi, 2021) intro-
duced privacy-preserving deep learning (PPDL) to
safeguard sensitive satellite image data. Their ap-
proach allowed CNN models to train directly on en-
crypted data without significant computational over-
head. Testing on a dataset from Saudi Arabia demon-
strated that the method effectively balanced data util-
ity and privacy. (Ghazaleh Serati, 2022) applied a
conditional generative adversarial network (CGAN)
to extract building footprints in Yangon City, Myan-
mar, using optical satellite images. Their model
achieved 71% completeness, 81% correctness, and
an F1 score of 69% for building footprint extraction,
demonstrating the potential of CGANs for urban map-
ping tasks. (Ashwini, 2023) developed an ensem-
ble method for classifying satellite images into cat-
egories such as Cloudy, Desert, Water, and Green
areas. The approach combined confidence scores
from four classifiers—Decision Tree, Random For-
est, Gaussian Naı̈ve Bayes, and Support Vector Clas-
sifier—achieving an overall accuracy of 92%. (T. Yo-
gesh, 2024) used a dataset of 5,631 satellite images
to classify cloud-covered areas, deserts, green land-
scapes, and water bodies. They employed the VGG-
16 CNN architecture, achieving high validation accu-
racy and showcasing the potential of deep learning for
satellite image classification.

These advancements highlight the importance of
deep learning in improving the accuracy and effi-
ciency of satellite image processing. Techniques like
CNNs, ensemble classifiers, and generative networks
are continuously pushing the boundaries of what can
be achieved, making satellite image analysis a crucial
tool for addressing real-world challenges.

This research focuses on improving satellite im-
age classification using a DCNN combined with batch
normalization (BN). DCNN have emerged as a piv-
otal tool in modern machine learning, particularly for
tasks involving image and signal processing. Their

ability to automatically extract and learn hierarchi-
cal features from raw input data makes them highly
effective for complex pattern recognition problems.
DCNN leverage multiple convolutional layers to cap-
ture intricate spatial and temporal relationships in the
data. BN enhances this process by keeping the fea-
ture distributions stable, which helps the model train
faster and more effectively. Together, DCNN and
BN enable the model to handle large and complex
datasets while ensuring accurate results. The model
is designed to classify satellite images into four cat-
egories: water bodies, green areas, cloudy regions,
and deserts. Experimental results show that the pro-
posed model achieves high accuracy in classification.
The study also compares its performance with other
deep learning methods, demonstrating that the pro-
posed approach is more effective.

The study presents a DCNN model combined with
batch BN to enhance the classification of satellite im-
ages. CNNs are effective for image classification
as they automatically extract important features from
images and classify them accurately. Batch normal-
ization improves the learning process by ensuring the
features maintain consistent distributions, which sta-
bilizes and speeds up the training. This combination
helps the model learn strong and reliable features, en-
abling accurate classification of large and complex
image datasets. The model successfully categorizes
satellite images into four types: water bodies, green
areas, cloudy areas, and deserts. The proposed model
achieves high accuracy, which is validated by exper-
imental results. The model is also compared with
other deep learning methods to demonstrate its ef-
fectiveness. The paper is organized as follows: Sec-
tion 1 provides an introduction to various satellite im-
age classification approaches. Section 2 outlines the
proposed methodology for satellite image classifica-
tion. Section 3 presents the results and discussion of
the classification model, and Section 4 concludes the
work.

2 DATA DESCRIPTION

This study used the RSI-CB256 dataset for satel-
lite image classification. The dataset is publicly
available online and referenced in (Available online,
2022). Fig. 1. shows sample images from the dataset,
which contains 2,000 satellite images evenly divided
into four categories: 500 images each for cloudy re-
gions, desert areas, green areas, and water bodies.
These categories are labeled as follows: cloudy re-
gions are Class 1, desert areas are Class 2, green areas
are Class 3, and water bodies are Class 4.
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Figure 1: Samples of satellite images from Dataset-RSI-
CB256.

3 METHODOLOGY

This research focuses on classifying satellite images
into four types of terrain using a DCNN model com-
bined with BN. The process starts with a satellite im-
age as input, which is then classified into one of the
four terrain categories. The methodology involves
three steps: pre-processing the images, extracting fea-
ture maps, and classifying the images based on these
features. Fig. 2. illustrates the basic structure of the
CNN model, which includes three main layers: con-
volutional layers for feature extraction, pooling layers
for reducing data size, and fully connected layers for
final classification (Ozbay, 2023) (Onal, 2020).

Figure 2: Basic architecture of CNN

The framework of the proposed model is depicted
in Fig. 3. It begins by processing the input image
as a matrix. The convolutional layer extracts features
from the image by sliding filters across it, perform-
ing matrix multiplications at each position, and creat-
ing a feature map that highlights specific characteris-
tics of the image. Next, the pooling layer reduces the
size of the feature map while retaining essential infor-
mation, often using max pooling to capture the most
significant values. The batch normalization layer sta-
bilizes the inputs across layers by normalizing them
based on batch mean and variance (Yamashita, 2018)

(Narin, 2021) This helps mitigate internal covariate
shifts, speeds up convergence, allows for higher learn-
ing rates, reduces overfitting (often eliminating the
need for dropout), and improves overall classification
performance, particularly for satellite image classifi-
cation tasks. The flattening layer then converts the
matrix data from the previous layers into a single vec-
tor, making it suitable for processing in fully con-
nected layers. The fully connected layer processes
this vector by associating it with learned weights and
applying an activation function, enabling the model
to identify high-level features necessary for classifi-
cation. Finally, the output layer classifies the input
image into specific categories. It uses fully connected
neurons to predict class probabilities and applies a
SoftMax classifier at the end to select the category
with the highest probability as the model output. The
DCNN architecture, with BN, is designed for accu-
rate classification, effectively mapping complex im-
age data into categories.

Figure 3: The framework of the proposed model.
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4 EVALUATION OF THE
PROPOSED MODEL

The performance of the proposed model is mea-
sured using metrics like Accuracy, Precision, Recall,
and F1 score, all derived from a multi-class confusion
matrix (Musali, 2024). The confusion matrix pro-
vides a detailed evaluation of the model performance
by comparing predicted labels (shown in rows) with
true labels (shown in columns). It highlights correct
predictions on its diagonal and is essential for calcu-
lating the key performance metrics. Figure 4 presents
the confusion matrix for the proposed CNN model,
showing an accuracy of 94.50%. Table 1. summarizes
the performance metrics, including the precision, re-
call, and F1 score, demonstrating the effectiveness of
the model in classifying satellite images accurately.

Table 1: Performance score of the proposed model

Precision Recall F1-score
Cloudy regions
(Class 1)

1.00 O.97 0.98

Desert areas
(Class 2)

0.97 1.00 0.99

Green areas
(Class 3)

0.85 0.99 0.91

Water bodies
(Class 4)

0.99 0.82 0.90

Figure 4: Confusion matrix of the proposed model.

Fig. 5. shows the accuracy of the developed CNN
model, with the best training and validation accuracy
achieved at 150 epochs. This plot illustrates how
the model’s accuracy improves as it trains, reaching

92.80%. Fig. 6. presents the model’s loss, which
shows the decrease in the error between the model’s
predictions and the actual target values on the training
data. The loss stabilizes at around 150 epochs, reach-
ing 84.75%, indicating that the model is learning ef-
fectively. Together, these figures reflect the model’s
learning process and how it improves over time. Fig.
7. shows the Learning Rate vs. Epoch plot, which
tracks how the learning rate changes during train-
ing. The learning rate controls the size of adjust-
ments the model makes to its weights based on errors.
If the learning rate is too high, the model can make
large, unstable changes, while a low rate can slow
down progress. Adjusting the learning rate through-
out training, using methods like learning rate decay,
helps the model find a balance between fast learning
and stability, ultimately improving performance and
accuracy

Figure 5: Model accuracy of the proposed model.

Figure 6: Model loss of the proposed model.

Figure 7: Model learning rate of the proposed model.

5 TRAINING, VALIDATION AND
TESTING OF THE MODEL

The dataset used in this study consists of remote
sensing satellite images, which are divided into four
categories: cloudy regions, desert areas, water bodies,
and green spaces. To prevent overfitting, a dropout
rate of 0.2 is applied in the hidden layer, which helps
the model generalize better and speeds up the learn-
ing process. During training, the Adam optimizer is
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used to adjust the weights and biases of the model. A
fully connected dense layer with a Softmax activation
function is then used to classify the images into one of
the four categories. The model is implemented using
TensorFlow version 1.0, with 80% of the data used for
training. A small portion of the training data is also
set aside for validation, while the remaining 20% is
reserved for testing the model’s performance.

6 RESULTS AND DISCUSSION

This study introduces a DCNN architecture com-
bined with BN for classifying satellite images. The
dataset used in this study consists of images from re-
mote sensing satellites, categorized into four classes:
cloudy regions, desert areas, water bodies, and green
spaces. The performance of the proposed model
is compared with traditional statistical methods and
other deep learning models. Table 2. shows that our
CNN model achieves the highest accuracy in satel-
lite image prediction, with an accuracy of 94.50%.
In comparison, the RNN, which is often used for
time series forecasting, had lower performance in this
task. The other methods tested, including SVM, Ran-
dom Forest, KNN, Decision Tree, PPDL, VGG16,
ResNet50, and DenseNet121, achieved accuracies of
72.84%, 84.20%, 80.56%, 75.33%, 90.92%, 89.00%,
89.80%, and 90.50%, respectively.

Table 2: Comparison of results with existing methods

Methods Accuracy
(%)

SVM 72.84
Random Forest 84.20
KNN 80.56
Decision Tree 75.33
PPDL Techniques 90.92
VGG16 89.00%
ResNet50 89.80%
DenseNet121 [9] 90.50%
The Proposed Model 94.50%

7 CONCLUSIONS

In this study, a DCNN model with BN is pro-
posed to classify satellite images into four categories:
cloudy regions, desert areas, water bodies, and green
spaces. Satellite images are commonly used to solve

various problems in remote sensing, but classifying
them can be difficult due to issues like data avail-
ability, quality, quantity, and distribution. Traditional
methods often struggle to handle these challenges
accurately. To improve the classification accuracy,
a new approach is introduced that combines feature
generation, feature selection, and model design. The
proposed BN-based CNN model is effective in cap-
turing complex patterns in satellite images, achieving
better results during training and testing compared to
other methods using the same dataset. The results
show that this model is highly effective for satellite
image classification. The study also suggests that fu-
ture research should focus on reducing the model’s
complexity and further improving its performance,
with batch normalization playing a key role in en-
hancing stability and speeding up training.
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