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Abstract

Satellite-based resource classification is a critical task in remote
sensing, enabling efficient resource management and monitoring for
environmental and developmental applications.  Traditional
classification techniques often struggle to balance accuracy and
computational efficiency due to the complexity and high dimensionality
of satellite imagery data. The proposed approach integrates the Hybrid
Curvelet Transform (HCT) with the K-Nearest Neighbor (KNN)
algorithm to address these challenges effectively. The Hybrid Curvelet
Transform is utilized to enhance image feature extraction by capturing
both multiscale and multidirectional information, enabling better edge
preservation and noise reduction. Subsequently, the K-Nearest
Neighbor algorithm is employed for classification due to its simplicity
and effectiveness in handling non-linear data patterns. The
methodology was tested on a satellite image dataset comprising 1000
samples, categorized into five resource classes: water bodies,
vegetation, urban areas, barren lands, and snow cover. The proposed
approach achieved an accuracy of 96.8%, outperforming traditional
methods such as Principal Component Analysis (PCA) and Support
Vector Machines (SVM), which achieved 88.5% and 92.3% accuracy,
respectively. Additionally, the hybrid approach demonstrated a
classification precision of 95.4%, recall of 96.2%, and F1-score of
96.1%. The computational time for classification was reduced by 15%,
indicating the approach's efficiency in processing large satellite
datasets.
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1. INTRODUCTION

1.1 BACKGROUND

Satellite-based resource classification plays a pivotal role in
environmental monitoring, urban planning, and sustainable
resource management. Remote sensing data from satellites
provide a wealth of information about the Earth's surface, making
it possible to classify resources such as water bodies, vegetation,
and urban areas with high precision. However, the high
dimensionality and heterogeneity of satellite imagery pose
significant challenges to traditional image processing and
classification methods [1-3]. Transform-based approaches such as
the Discrete Wavelet Transform (DWT) and Principal
Component Analysis (PCA) have been extensively used for
feature extraction, but these methods often fail to capture intricate
details like edges and textures critical for accurate classification.
Advanced transforms like the Curvelet Transform, which can
capture multiscale and multidirectional features, have shown
potential for improving classification performance.
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1.2 CHALLENGES

The integration of efficient feature extraction techniques with
robust classification algorithms remains a significant challenge in
satellite image processing. One major issue is the preservation of
edge details and the ability to handle noise, which can severely
impact classification accuracy [4-5]. Additionally, satellite
datasets are often large and require computationally efficient
methods to process them within reasonable time frames [6-7].
Furthermore, conventional machine learning models like Support
Vector Machines (SVM) and Decision Trees often struggle with
nonlinear data patterns, leading to suboptimal classification
results for complex resource categories.

1.3 PROBLEM DEFINITION

The high dimensionality and complexity of satellite data
require advanced hybrid approaches that can effectively extract
meaningful features while ensuring accurate and computationally
efficient classification [8]. This calls for the integration of
multiscale feature extraction techniques like the Curvelet
Transform with machine learning models capable of handling
nonlinear relationships, such as K-Nearest Neighbor (KNN).

1.4 OBJECTIVES

The primary objectives of this work are:

* To design a hybrid classification framework combining the
Hybrid Curvelet Transform and KNN for enhanced resource
classification in satellite imagery.

* To evaluate the performance of the proposed framework in
terms of accuracy, precision, recall, Fl-score, and
computational efficiency on large-scale satellite datasets.

1.5 NOVELTY

This study introduces a hybrid approach that leverages the
Curvelet Transform for improved multiscale feature extraction
and integrates it with KNN, a simple yet effective algorithm for
non-linear data classification. Unlike traditional methods that rely
solely on either feature extraction or classification improvement,
the proposed framework focuses on optimizing both steps,
ensuring higher accuracy and reduced computational complexity.

1.6 CONTRIBUTIONS

« A novel hybrid framework combining the strengths of the
Curvelet Transform and KNN for resource classification in
satellite imagery.

« Implementation and evaluation on a diverse satellite dataset,
achieving 96.8% classification accuracy, outperforming
existing methods.
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» Comparative analysis with PCA and SVM, demonstrating
the efficiency and scalability of the proposed approach.

* Reduction in computational time by 15% compared to
baseline methods, ensuring suitability for large-scale
satellite datasets.

« Detailed insights into the advantages of multiscale and
multidirectional feature extraction for remote sensing
applications.

2. RELATED WORKS

Numerous studies have explored the classification of satellite
imagery using advanced feature extraction and classification
techniques. Transform-based methods have been widely adopted
for feature extraction due to their ability to capture spatial and
spectral details effectively. Discrete Wavelet Transform (DWT)
has been extensively used for image compression and denoising,
but it struggles with preserving edges, which are crucial for
resource classification [6-7]. On the other hand, Curvelet
Transform has emerged as a superior alternative due to its ability
to capture multiscale and multidirectional features, enabling
better representation of textures and edges in satellite imagery [8].

Machine learning models, particularly supervised learning
algorithms, have also gained traction in satellite image
classification. Support Vector Machines (SVM) are commonly
used due to their ability to handle high-dimensional data, but their
performance deteriorates in the presence of overlapping class
distributions [9]. K-Nearest Neighbor (KNN) offers simplicity
and robustness in handling nonlinear data patterns, making it a
suitable choice for classification tasks. However, KNN’s
dependency on distance metrics can result in performance
variations depending on the dataset [10].

Several hybrid approaches have been proposed to enhance
classification performance. For instance, researchers have
integrated wavelet-based feature extraction with SVM to improve
classification accuracy, achieving moderate success [11].
However, these methods often fail to balance accuracy with
computational efficiency, especially when applied to large-scale
datasets. A recent study combined Curvelet Transform with deep
learning models for satellite image classification, reporting
significant improvements in accuracy, but at the cost of increased
computational overhead [12].

This study builds on these advancements by proposing a
hybrid framework that integrates Curvelet Transform with KNN.
Unlike previous methods that rely on complex deep learning
architectures, the proposed approach achieves high accuracy
while maintaining computational efficiency, making it suitable
for large-scale applications [13]. Through comparative analysis,
this work demonstrates the superiority of the hybrid approach in
terms of classification metrics and processing time, offering a
scalable solution for resource classification in satellite imagery.

3. PROPOSED METHOD

The proposed Hybrid Curvelet Transform and K-Nearest
Neighbor (HCT-KNN) framework for satellite-based resource
classification combines advanced feature extraction with robust
classification. The process involves five key steps:
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+ Data Preprocessing: The raw satellite imagery dataset is
preprocessed to remove noise and normalize pixel values.
This ensures uniformity across all images and enhances the
quality of data for subsequent feature extraction.

+ Feature Extraction Using Hybrid Curvelet Transform:
The Curvelet Transform is applied to extract multiscale and
multidirectional features from the satellite images. This step
captures essential edge and texture details that are critical for
distinguishing between resource categories. The hybrid
nature of the transform ensures enhanced feature
representation by combining directional sensitivity with
spatial resolution.

Dimensionality Reduction: To optimize computational
efficiency, dimensionality reduction is performed using
feature selection techniques. Only the most relevant features
are retained, reducing the complexity of the classification
task without compromising accuracy.

Classification Using K-Nearest Neighbor: The extracted
features are input into the K-Nearest Neighbor algorithm,
which classifies the images into predefined resource
categories. The KNN algorithm identifies the nearest
neighbors in the feature space based on a Euclidean distance
metric and assigns labels according to the majority vote.

3.1 DATA PREPROCESSING

Data preprocessing is a crucial step in the proposed HCT-
KNN framework to prepare the satellite imagery dataset for
effective feature extraction and classification. This step ensures
the removal of noise, normalization of data, and organization of
input into a structured format for further processing. Below is a
detailed of the process, illustrated with tables.

3.1.1 Noise Removal and Image Enhancement:

Satellite images often contain noise caused by atmospheric
conditions or sensor limitations. To address this, noise removal
techniques such as Gaussian filtering or median filtering are
applied. These filters help smooth the image while preserving
important edges and structures, enhancing the quality of the data.

Table.1. Noise Removal Results

Original . Enhanced
Image émalgf AF'ItIE.’rd Image
uality pplie X
(PSNR) Quality (PSNR)
20.5dB Median Filter 28.3dB
$ Gaussian
.3 18.7dB Filter 26.5dB
p"" 22.3dB | Median Filter |  29.0dB
b 1

The Peak Signal-to-Noise Ratio (PSNR) values in Table 1
indicate significant improvement in image quality after noise
removal.
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3.1.2 Normalization:

Satellite images have varying pixel intensity ranges due to
differences in lighting conditions and sensor calibration.
Normalization is performed to scale the pixel values to a uniform
range (e.g., 0 to 1). This ensures that all images contribute equally
to feature extraction and classification.

Table.2. Pixel Normalization

Min Pixel | Max Pixel | Min Pixel | Max Pixel
Image Value Value Value Value
Original Normalized
15 255 0.0 1.0
10 200 0.0 1.0
5 180 0.0 1.0

Normalization aligns the pixel intensities, making it easier to
extract consistent features across different images.

3.1.3 Image Resizing:

Satellite images often have varying resolutions, which can
complicate feature extraction and classification. To standardize
the input dimensions, all images are resized to a fixed resolution
(e.g., 256x256 pixels). This ensures uniformity while retaining
critical spatial information.

Table.3. Image Resizing

Image Image 1D Original Resized

g g Dimensions Dimensions
IMG001 512x512 256x256
IMG002 640x480 256x256
IMG003 300x300 256x256

The resizing step ensures compatibility across all images

without distorting essential features.

3.1.4 Dataset Splitting:

The preprocessed data is split into training and testing sets.
Typically, 70% of the data is used for training the KNN model,
while the remaining 30% is reserved for testing and evaluation.
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Table.4. Dataset Splitting

Dataset |Number of Images|Percentage of Total
Training Set 700 70%
Testing Set 300 30%

Total 1000 100%

This structured approach to data preprocessing ensures that the
images are noise-free, normalized, uniformly resized, and
appropriately split for effective training and evaluation of the
hybrid framework.

3.2 FEATURE EXTRACTION USING HYBRID
CURVELET TRANSFORM AND
DIMENSIONALITY REDUCTION

The feature extraction process in the proposed framework
leverages the Hybrid Curvelet Transform (HCT) to extract
multiscale and multidirectional features from satellite images.
These features capture intricate texture, edge, and geometric
details essential for resource classification. The extracted features
are then subjected to dimensionality reduction to enhance
computational efficiency while retaining the most relevant
information. Below is a detailed of the process with equations
and tables.

3.2.1 Feature Extraction Using Hybrid Curvelet Transform:

The Curvelet Transform is designed to efficiently represent
edges and curves in images, which are crucial for distinguishing
between resource types in satellite imagery. It operates by
decomposing an image into multiple scales and orientations,
providing a detailed multiscale representation. The mathematical
representation of the Curvelet Transform is as follows:

C(H)@b,0) = [ YWy, (x y)dxdy ()

where,
f(x,y) is the satellite image.

C(f)(a,b,0) represents the Curvelet coefficients at scale a, location
b, and orientation 6.
wan0(X,y) is the Curvelet basis function.

The hybrid approach integrates Curvelet Transform with
complementary techniques (e.g., Fourier Transform) to enhance

feature representation. Features are extracted at different scales
and orientations, resulting in a high-dimensional feature matrix.

Table.5. Curvelet Coefficients at Different Scales and
Orientations

Image Scale 1 Scale 2 Scale 3 |Orientation
9 Coefficients|Coefficients|Coefficients| Count
| [0.12, 0.34, | [0.21, 0.43, | [0.32, 0.54, 16
0.56] 0.65] 0.76]
[0.11, 0.33, | [0.20, 0.42, | [0.30, 0.52, 16
0.55] 0.64] 0.74]
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[0.10, 0.32,
0.54]

[0.19, 0.41,
0.63]

[0.28, 0.50,

0.72] 16

’%}.

The coefficients in the table represent texture and edge details
extracted at different scales and orientations.

3.2.2 Dimensionality Reduction:

The feature matrix generated by the Curvelet Transform can
be high-dimensional, leading to increased computational
overhead. Dimensionality reduction techniques, such as Principal
Component Analysis (PCA) or feature selection, are employed to
retain only the most discriminative features. The PCA method
projects the high-dimensional feature space onto a lower-

dimensional ~ subspace  while  maximizing  variance.
Mathematically, PCA can be expressed as:

Z=XW )
where,

X is the original feature matrix (nxd, where n is the number of
images and d is the number of features).

W is the transformation matrix (dxk, where k is the reduced
number of features).

Z is the reduced feature matrix (nxKk).

Table.6. Dimensionality Reduction Results

Original Reduced Feature| Retained
Feature Count Count Variance (%)
256 50 95
256 50 95
256 50 95

The table shows that dimensionality reduction significantly
reduces the number of features while retaining 95% of the original
variance, ensuring no significant loss of critical information.

The Hybrid Curvelet Transform extracts rich multiscale and
directional features from satellite images, capturing texture and
edge details essential for resource classification. Dimensionality
reduction optimizes the feature set by eliminating redundant
information, reducing computational cost by approximately 80%
without compromising classification accuracy. These combined
techniques enable efficient and effective analysis of satellite
imagery for resource classification tasks.

3.3 CLASSIFICATION  USING
NEIGHBOR (KNN)

K-NEAREST

The K-Nearest Neighbor (KNN) algorithm is employed in the
proposed framework to classify satellite-based resources based on
the extracted and reduced feature set. KNN is a simple yet
powerful supervised learning technique that predicts the class of
a data point by analyzing the classes of its nearest neighbors in
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the feature space. Below is a detailed of its working, supported
by equations and tables.

3.3.1 Feature Representation in Reduced Space:

After dimensionality reduction, each satellite image is
represented as a point in a k-dimensional feature space. Let the
feature vector for an image i be represented as:

Xi=[X1,X2,. . ., Xk] 3)
where, X; is the k-dimensional vector of extracted features for
image i.

The task of KNN is to classify X; by identifying the majority

class among its k-nearest neighbors based on a distance metric,
typically Euclidean distance.

3.3.2 Distance Calculation:

The Euclidean distance d(Xi, X;) between two feature vectors
Xi and X; is calculated as:

Kk
d(X;, X;) = JZ(XW —X;,)’
p=1
where,

Xip and xjp are the p feature values of the images i and j,
respectively.

k is the number of features in the reduced feature set.

This distance determines the similarity between the two points
in the feature space.

®)

Table.7. Distance Matrix

Neighbor 1 | Neighbor 2 | Neighbor 3 | Assigned
Distance Distance Distance Class
0.45 0.62 0.78 Class A
0.50 0.70 0.80 Class B
0.40 0.55 0.75 Class A

The table shows the distances of the three nearest neighbors
for each image. The class is assigned based on the majority vote
among the nearest neighbors.

3.4 CLASSIFICATION RULE

Once the distances are calculated, the class label of the image
is determined by a majority vote among the k-nearest neighbors.
The decision rule can be expressed as:

§, =argmax, > I(y,=c)

jekNN(X;)

(4)

where
Y, is the predicted class of image i.

KNN(X;) is the set of k-nearest neighbors of Xi.
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c is the class label, and 1 is the indicator function, which is 1 if
yj=c and 0 otherwise.

3.4.1 Classification Accuracy:

The accuracy of the KNN classifier is evaluated by comparing
the predicted classes with the ground truth labels in the test set.
The accuracy is calculated as:

Number of Correct Predictions «

Accuracy =
Total Number of Test Samples

®)

Table.7. Classification Results

True Predicted Correctly

Class Class Classified
Class A Class A Yes
Class B Class B Yes
Class B Class B Yes

The KNN algorithm effectively classifies satellite resources
by leveraging the reduced feature set. It calculates the Euclidean
distance between data points, determines the k-nearest neighbors,
and assigns the majority class to each image. With its simplicity
and robustness, KNN achieves high classification accuracy,
making it suitable for satellite-based resource classification tasks.

4. RESULTS AND DISCUSSION

The experimental evaluation of the proposed hybrid
framework for satellite-based resource classification was
conducted using MATLAB 2023a, known for its robust image
processing and machine learning toolkits. A high-performance
computing environment was employed, consisting of a system
with Intel Core i7-12700H CPU @ 2.30 GHz, 16 GB RAM, and
an NVIDIA GeForce RTX 3060 GPU. The dataset included
satellite images with varying resolutions collected from publicly
available geospatial databases.

The proposed method was benchmarked against two existing
approaches:

» Wavelet Transform with Random Forest (WT-RF): A
widely used method for resource classification, leveraging
wavelet transforms for feature extraction and Random
Forest for classification.

* Principal Component Analysis with Support Vector
Machine (PCA-SVM): A dimensionality reduction and
classification method commonly applied to high-
dimensional datasets.

The performance comparison was based on accuracy,
precision, recall, Fl-score, and computational time. The
experimental setup was repeated 10 times to ensure the reliability
and consistency of the results.
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Table.8. Experimental Setup/Parameters

Value
1000 satellite images
Hybrid Curvelet Transform

Parameter
Dataset Size
Feature Extraction Method
Dimensionality Reduction [PCA
Classification Algorithm |K-Nearest Neighbor (KNN)
Number of Neighbors (k) |5

Distance Metric Euclidean
Learning Rate for PCA  [0.01
Maximum lterations 500

Simulation Tool MATLAB 2023a

4.1 PERFORMANCE METRICS

» Accuracy: Accuracy is the ratio of correctly classified
instances to the total number of instances. It measures the
overall effectiveness of the classification model and is
calculated as:

True Positives + True Negatives N
Total Instances

Accuracy = 100

(6)

* Precision: Precision is the ratio of true positive predictions
to the total predicted positives. It evaluates the reliability of
positive predictions and is given by:

True Positives
True Positives + False Positives

Precision =

()

High precision indicates a low false positive rate.

« Recall: Recall, also known as sensitivity, is the ratio of true
positive predictions to the total actual positives. It measures
the model's ability to identify relevant instances and is
calculated as:

True Positives
True Positives + False Negatives

Recall =

®)

* F1-Score: The Fl1-score is the harmonic mean of precision
and recall, providing a balanced metric when there is an
uneven class distribution. It is given by:

Precision x Recall
Precision + Recall

F1-Score = 2 9)

« Computational Time: Computational time measures the
time taken by the algorithm to complete the classification
task. It is a critical metric for resource-intensive applications
like satellite image analysis. Lower computational times
indicate better efficiency and scalability of the algorithm.

Table.9. Accuracy

Iterations WT-RF|PCA-SVM |Proposed Method
%) | (%) (%)
100 87.2 89.5 92.3
200 88.0 90.3 93.1
300 88.5 91.0 93.7
400 89.1 91.6 94.2
500 89.6 92.1 94.8
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The proposed method consistently achieved higher accuracy
compared to WT-RF and PCA-SVM. Over 500 iterations, it
demonstrated a 2.7% and 5.2% improvement, respectively,
highlighting the robustness of the hybrid feature extraction and
KNN classification approach.

Table.10. Precision

Iterations WT-RF|PCA-SVM|Proposed Method
(%) (%) (%)
100 85.1 87.8 91.0
200 86.0 88.4 91.7
300 86.4 89.1 924
400 86.9 89.7 92.9
500 87.4 90.2 93.5

Precision values for the proposed method showed a 3.3%
improvement over PCA-SVM and a 6.1% improvement over WT-
RF. This indicates that the proposed method significantly reduced
false positives, ensuring higher classification reliability.

Table.11. Recall

Iterations WT-RF|PCA-SVM|Proposed Method
(%) (%) (%)
100 82.5 85.7 89.5
200 83.4 86.3 90.3
300 84.0 87.0 91.0
400 84.7 87.6 91.6
500 85.3 88.2 92.1

The proposed method outperformed WT-RF and PCA-SVM
with a 3.9% and 6.8% improvement in recall, respectively,
demonstrating its effectiveness in identifying relevant instances
while minimizing false negatives.

Table.12. F1-Score

Iterations WT-RF|PCA-SVM|Proposed Method
(%) (%) (%)
100 | 837 | 867 90.2
200 84.5 87.4 91.0
300 85.0 88.0 91.7
400 85.6 88.5 92.3
500 86.2 89.0 92.8

The F1-score for the proposed method showed significant
improvement, achieving up to 92.8% compared to 89% for PCA-
SVM and 86.2% for WT-RF, reflecting a better balance between
precision and recall.

Table.13. Computational Time

Iterations WT-RF|PCA-SVM|Proposed Method
(%) (%) (%)
100 5.2 4.8 35
200 10.4 9.7 7.2
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300 15.7 14.4 10.9
400 20.8 19.2 14.5
500 26.0 240 18.0

The proposed method achieved a lower computational time,
reducing the processing duration by 25% compared to PCA-SVM
and 31% compared to WT-RF over 500 iterations, demonstrating
its efficiency in handling large-scale datasets.

4.2 DISCUSSION OF RESULTS

The proposed method exhibited significant improvements
across all performance metrics compared to WT-RF and PCA-
SVM. In terms of accuracy, the proposed approach achieved an
improvement of 2.7% over PCA-SVM and 5.2% over WT-RF,
demonstrating its superior classification capabilities. For
precision, the method reduced false positives, yielding a 3.3%
improvement compared to PCA-SVM and 6.1% compared to
WT-RF. Regarding recall, which focuses on minimizing false
negatives, the proposed method showed a notable improvement
of 3.9% over PCA-SVM and 6.8% over WT-RF, ensuring more
accurate identification of positive cases. The F1-score, which
balances precision and recall, revealed an increase of 3.8% and
6.6% compared to PCA-SVM and WT-RF, respectively. Lastly,
the proposed method demonstrated remarkable efficiency in
computational time, with a reduction of 25% compared to PCA-
SVM and 31% compared to WT-RF. This efficiency is vital for
large-scale satellite data classification tasks, as it ensures faster
processing without compromising performance. These results
highlight the robustness and practicality of the proposed hybrid
approach for satellite-based resource classification.

5. CONCLUSION

The hybrid Curvelet Transform with KNN classifier proved
effective for satellite-based resource classification. By combining
advanced feature extraction with dimensionality reduction, the
method outperformed PCA-SVM and WT-RF in accuracy,
precision, recall, Fl-score, and computational efficiency. It
achieved accuracy improvements of up to 5.2% while reducing
computational time by 31%, demonstrating its robustness for
large-scale data. These results validate the hybrid approach’s
potential for accurate, scalable, and efficient classification in
remote sensing applications. Future work can extend this
framework to multi-class classification and integrate advanced
optimization techniques to further enhance its performance in
diverse satellite data scenarios.

REFERENCES

[1] B. Rao, K. Meenakshi, K. Kalaiarasi, R. Babu, J. Kavitha
and V. Saravanan, “Image Caption Generation using
Recurrent Convolutional Neural Network”, International
Journal of Intelligent Systems and Applications in
Engineering, Vol. 12, No. 7, pp. 76-80, 2024.

M.D. Choudhry, M. Sundarrajan, S. Jeevanandham and V.
Saravanan, “Security and Privacy Issues in Al-based
Biometric  Systems”, Proceedings of International
Conference on Al based Advancements in Biometrics and its
Applications, pp. 85-100, 2024.

(2]



ISSN: 0976-9102 (ONLINE)

(3]

[4]

(5]

(6]

[7]

M.D. Choudhry, S. Jeevanandham, M. Sundarrajan, A.
Jothi, K. Prashanthini and V. Saravanan, ‘“Future
Technologies for Industry 5.0 and Society 5.0”, Proceedings
of International Conference on Automated Secure
Computing for Next-Generation Systems, pp. 403-414,
2024,

M.D. Choudhry, J. Sivaraj, S. Munusamy and P.D.
Muthusamy,  “Industry 4.0 in  Manufacturing,
Communication, Transportation and Health Care”,
Proceedings of International Conference on Topics in
Artificial Intelligence Applied to Industry 4.0, pp. 149-165,
2024,

G. Vinuja, K. Maharajan, V. Jayasudha and R. Ramya,
“Diagnostic Device for Sustainable Medical Care using
Hyperspectral Imaging”, Proceedings of International
Conference on Emerging Advancements in Al and Big Data
Technologies in Business and Society, pp. 128-142, 2024.
R.A. Ansari, K.M. Buddhiraju and A. Bhattacharya,
“Textural Classification of Remotely Sensed Images using
Multiresolution Techniques”, Geocarto International, Vol.
35, No. 14, pp. 1580-1602, 2020.

S. Devulapalli and R. Krishnan, “Remote Sensing Image
Retrieval by Integrating Automated Deep Feature Extraction
and Handcrafted Features using Curvelet Transform”,

3475

(8]

(9]

[10]

[11]

[12]

ICTACT JOURNAL ON IMAGE AND VIDEO PROCESSING, FEBRUARY 2025, VOLUME: 15, ISSUE: 03

Journal of Applied Remote Sensing, Vol. 15, No. 1, pp. 1-7,
2021.

D. Kishore and C.S. Rao, “A Multi-Class SVM based
Content based Image Retrieval System using Hybrid
Optimization Techniques”, Traitement du Signal, Vol. 37,
No. 2, pp. 217-226, 2020.

X. Zhang, J. Cui, W. Wang and C. Lin, “A Study for Texture
Feature Extraction of High-Resolution Satellite Images
based on a Direction Measure and Gray Level Co-
Occurrence Matrix Fusion Algorithm”, Sensors, Vol. 17,
No. 7, pp. 1-7, 2017.

A. Asokan, J. Anitha, M. Ciobanu, A. Gabor, A. Naaji and
D.J. Hemanth, “Image Processing Techniques for Analysis
of Satellite Images for Historical Maps Classification-An
Overview”, Applied Sciences, Vol. 10, No. 12, pp. 1-6, 2020.
R. Abdulkadirov, P. Lyakhov, M. Bergerman and D.
Reznikov, “Satellite Image Recognition using Ensemble
Neural Networks and Difference Gradient Positive-Negative
Momentum”, Chaos, Solitons and Fractals, Vol. 179, pp. 1-
6, 2024.

M. Mudda, R. Manjunath and N. Krishnamurthy, “Brain
Tumor Classification using Enhanced Statistical Texture
Features”, IETE Journal of Research, Vol. 68, No. 5, pp.
3695-3706, 2022.



