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ABSTRACT: In recent days, remote sensing images (RSIs) are increasingly utilized for observing the
changes in rural and urban areas and other wide range of applications such as disaster risk assessment, land
use and environmental status. Since the resolution of RSIs is high with varying and wide data, clear
illustration of RSIs is required. In geospatial analysis and remote sensing, Land use and Land-cover
(LULC) classification based on deep learning (DL) has been emerged as effective approach that make use
of Shapley additive explanations (SHAPs), which is a part of explainable artificial Intelligence (XAl). It
aids in environmental monitoring, land management, mapping and land planning. Maintaining better
accuracy in classification is necessary in various application domains. Hence in this work, a innovative
structure that integrates Dense Net 121 and Deep Belief Network (DBN) model is employed to optimize
parameters of Norther Goshawk Optimization (NGO) Algorithm, which aids in enhancing classification
accuracy of classifier employed in this work. Effective feature extraction is performed using DenseNet121
through dense feature propagation, NGO optimize model parameters and improve quality of learned feature
representation and DBN performs higher-level representations from extracted features. Outcomes achieved
from simulation shows better results for NGO optimized DenseNet121 and DBN model than other
conventional approaches.

Keywords: Land-use, Shapley additive explanation (SHAP), explainable Al (XAl), Northern Goshawk
Optimization (NGO), DenseNet121 and Deep Belief Network.

1. Introduction which is cost effective. In this work, DenseNet121
[6] is employed for classification of image which
make the model more computationally effective,
which aids the network to attain adaptive features
and more durable. In [7], optimized and
Explainable Al-based Framework for Land Use
and Land cover Classification (OEF-LULC) is
proposed for environmental and agricultural
monitoring, but single dataset is used with 80/20
train-validation split. Hence in this work, NGO-
optimized [8] using DenseNet121 and Deep Belief
Network is proposed that classifies satellite scenes

The technique of independently identifying
remote sensing pictures into certain semantic
labels based on environmental and geographic
information contained in photos is known as
remote sensing scene classification (RSSC). One
of the important aspects of remote sensing picture
interpretation is that each scene image is often
linked to a single semantic term, such as building,
forest, farming or road [1-3]. Land surveying often
provides good results but it consumes more time
and it is cost dependent. Hence, Earth observation

(EO) data is performed to classify LULC [4,5] with better accuracy of classifier than other
’ baseline approaches.
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2. Recent Works

Meng Meng Li et al [2024] [8] has proposed a
transformer need large scale training data, high
complexity urban land use classification through
scene wise unsupervised multisource domain
adaptation with transformer in which the
continuous use of source domain data is
eliminated. Although it has high potential, high
classification accuracy and strong stability, in
computation and limited generalization to unseen
region.

Yan-E-Hou et al [2023][9] have proposed end-to-
end contextual spatial-channel attention network
(CSCANet) to enhance performance in their
classification and to study their hierarchical
feature representations by integrating shallow
object-level semantic information. Although
accuracy is higher for classifying images, this
model suffers from limited interpretability and
large training data requirements.

Mohammed Aljebreen et al [2024][10] have
proposed classification of Land use and Land
cover using River Formation Dynamics Algorithm
through deep learning in remote sensing images.
The dense Efficient Net approach is employed for
feature extraction. Although the simulation
outcomes show higher accuracy than other
approaches, it lacks convergence analysis, limited
cross-dataset validation and high computational
complexity.

Feng Xie et al [2025][11] have proposed scene-
level detection model using Multiscale Feature
Correlation Network for remote sensing images.
Siamese-based multiscale feature corelation
network (MSFCN) is employed for correlation
extraction process. Although scene classification
accuracy is higher, model suffers from sensitivity
of images, limited generalization across datasets
and high computational complexity.

Anastasios Temenos et al [2023][12] have
proposed deep learning framework for Land use
and land cover classification using Shapley
additive explanation (SHAP). This model uses
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convolutional neural network (CNN) for satellite
image classifications.  Although prediction
accuracy is higher, model suffers from
correlations among image features, high
computational and memory requirements and
limited generability.

The contributions of the proposed work is given in
the following;

e Integration of DenseNetl21 for multi-
layer spatial feature extraction with Deep
belief Network (DBN) for land-use scene
classification and high-level feature
learning is developed.

e Optimizing the parameters of proposed
deep-learning framework, NGO based
algorithm is employed, which enhance
classification performance.

e Higher accuracy is achieved using
proposed  framework  than  other
conventional deep-learning framework.

The proposed work is explained in the following
section.

3. Proposed Work Explanation

In the proposed methodology, image is fed as
input to preprocessing unit which is performed
using Gaussian filter that removes noise and blur
from the input image given.
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Figure 1: Block diagram of proposed model

After processing input image, noise-free image is
subjected to clustering-based segmentation, in
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which pixel grouping and region extraction takes
place. Feature extraction is performed to extract
texture of image and feature representation which
facilitates data classification. The selected features
are subjected to classification performed using
DBN classifier in which training of DBN classifier
is performed using NGO optimized algorithm
through DenseNet121 and predicted output is
subjected to SHAP that improves interpretability
of proposed model. The schematic diagram for
proposed model is illustrated in Figure 1.

Gaussian Filter for preprocessing

In image processing, Gaussian filter is a critical
tool that aids in noise reduction. Applying
Gaussian kernel, filter provides central pixel that
is more heavy than other regions, thereby reducing
noise while preventing image structure. Filter
scope and subsequent smoothing is controlled
using Gaussian parameter. Using gaussian filter
subtle noise pattern in image and blur iamages are
removed thereby this filter is used in many image
processing applications.

Clustering-Based Segmentation

Classification of different images requires
different clustering approaches for processing
images with better quality and reduced noise.
Using cluster-based segmentation pixel grouping
and region extraction is obtained. Clustering
algorithm is used for minimizing sum of square in
groups and it is stated as follows,

(VA=Y T WO @

DenseNet121 architecture

From the conventional neural network, a predicted
label is obtained which begins with capture of
input image. Then image is subjected to network
to provide expected label. Every subsequent
convolutional layer produces a output feature
except the first layer which receives input image.
Since each layer is interconnected to each other in
the network, it is collectively called as Densely
Connected Convolutional Network.
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Figure 2: Schematic diagram of Dense Net 121
Deep Belief Network

DBN classifier performs classification of data
using multiple layers of hidden units. The
restricted Boltzmann layer undergoes
unsupervised learning and supervised learning is
performed using MLP layer. DBN architecture is
shown in Figure 3.
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Figure 3: Deep Belief Network architecture
Northern Goshawk Optimization Algorithm

A medium-large hunter in family Accipitridae is
named as norther goshawk, which hunts variety of
prey such as mice, other birds prey, rabbits,
squirrels, small and large birds, raccoons and even
foxes. It follows two stages for hunting its prey
namely, in the first stage it moves in high speed
after identifying its prey and in its second stage,
prey is hunted using short tail-chase process. In
proposed algorithm, norther goshawk is the
searcher members and each population member is
indicated as solution for optimization problems
that define specific value for decision variables.
Each population is expressed as vector and these
vectors form matrix. Initially population members
are randomly selected in search space. Using
equation (1) population matrix is initialized,
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Where X denotes northern goshawk population, N
indicates population members numbers and X;
denotes ith proposed solution and number of
problem variables is denotes as m. The flowchart

for proposed NGO algorithm is represented in
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Figure 4: Flowchart for NGO Algorithm

The population members values attained using a
vector function since each population member is
defined as proposed solution to the problem and it
is represented in equation (2),

[y = F(Xq)7
FOO = | Fi= F(X) @3)
[ Fy = f'(XN),le

Where F; denotes objective function value
attained for ith proposed solution and obtained
objective function value vector is denoted as F.
The best solution is decided using obtained
objective function.
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3.1 Mathematical Expressions and Symbols

The Mathematical expressions of proposed model
are explained in the following. The proposed
algorithms performance is evaluated using the
metrics such as sensitivity, accuracy and
specificity. Accuracy is stated as ratio of true
measure to summation of observation given and it
is indicated in equation (1) as,

_I4]

Total

(4)

Where J indicates true negative, | indicate true
positive and D indicates accuracy. The ratio of true
positive rate to predicted observation rate, which
is expressed in equation (2) as,

H=— (5)

I+v
Where false negative is denoted as V and
sensitivity is denoted as H. Ratio of true negative
measure to unpredicted observations is termed as
specificity and it is expressed in equation (3) as,
J
== (6)

T JtU

Where specificity is indicated as L and false
positive rate is denoted as U.

4. Results and Discussion

This section provides details about outcomes of
proposed model which is executed experimentally
with given dataset. The dataset is accessed using
the following link
https://www.kaggle.com/datasets/apoll02506/lan
duse-_scene-classification and dataset name is
given as satellite land dataset. Train image count
is 8400 and test image count is 2100.

Train and test image per class is depicted in Figure
5(a), which is plotted between number of images
vs class such as agriculture, beach, airplane,
harbour, buildings, forest, river, runway, golf
course, medium residential, storage tanks, tennis
court and intersections. Train and test image split
is depicted in Figure 5(b), which details that 20%
of 2100 test image count and 80% of 8400 train
image count is splitted.


https://www.kaggle.com/datasets/apollo2506/landuse-scene-classification
https://www.kaggle.com/datasets/apollo2506/landuse-scene-classification
https://www.kaggle.com/datasets/apollo2506/landuse-scene-classification
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Figure 5: Model Outcomes (a) Train and Test
image per class (b) Tain and test image split

Random train images from 8 classes such as
intersection, mobilehomepark, parking lot,
overpass, chaparral, forest, baseball diamond and
medium residential is depicted in Figure 6(a).
Random test images from 8 classes such as
intersection, golfcource, sparse residential,
runaway, buildings, river, forest and parking lot is
depicted in Figure 6(b).
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Figure 6: (a) Random train images from 8
classes (b) Random test images from 8 classes

In Figure 7, input image is depicted in Figure 7(a)
which is image given as input to model. Resized
image is shown in Figure 7(b), Grayscale image is
shown in Figure7(c) and image which is filtered
using Gaussian filter is shown in Figure 7(d).

RESIZED IMAGE

~ INPUT IMAGE

(c) (d)
Figure 7: (a) Input image (b) Resized image (c)
Grayscale image (d) Gaussian Filtered Image
Output image that is subjected to clustering-based

segmentation is depicted in Figure 8(a) and
GLCM feature image is depicted in Figure 8(b).

CLUSTERING-BASED SEGMENTATION
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Figure 8: Output image using (a) Clustering
based segmentation (b) GLCM feature image

Page | 22



Satellite Land-Use Scene Classification Using NGO-Optimized Densenet121 and Deep Belief Network Hybrid Model, 2026

The confusion matrix is depicted in Figure 9(a),
which is plotted between actual class and
predicted class. In Figure 9(b), ROC curve is
plotted between true positive rate and false
positive rate.
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Figure 9: Outputs (a) Confusion matrix (b) ROC
curve

The graph for training and testing accuracy is
depicted in Figure 10(a), which is plotted between
accuracy and epochs. Training and testing loss
curve is depicted in Figure 10(b) which is plotted
between loss and epoch values.
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Figure 10: Graph plotted for (a) Training and
testing accuracy (b) Training and testing loss
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The performance metrics of proposed model is
depicted in Figure 11, in which accuracy is 0.9605,
precision of 0.9631, recall value of 0.9605, F1-
score value of 0.9605, specificity of 0.9980,
sensitivity of 0.9605, balanced accuracy of
0.9605, MCC value of 0.9585, Cohens Kappa
value of 0.9585 and log loss of 0.1298.
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Figure 11: Model performance Metrics

In Figure 12(a), output predicted using dense Net
121 is shown, which gives details about class
predicted and its confidence value. Forest class is
predicted and its confidence value is 100%. Figure
12(b), gives details about output obtained using
XAI-SHAP, in which forest class is subjected and
its confidence value is 99.44%.
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Figure 12: Outputs using (a) Dense Net 121 (b)
XAI-SHAP
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Comparison various classifiers such as Support
Vector Machine (SVM), dense net 121 and
proposed approach is shown in Figure 13. It details
with 96% of accuracy, 96.3% precision, 96.05%
recall value and 96.05% F1-measure.
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Figure 13: Comparison graph on different
classifiers

5. Conclusion

In this proposed work, various stage of operations
has been incorporated namely, denseNet121 for
feature extraction, NGO-related parameter
optimizer and DBN. The proposed approach
combines DenseNet121 for hierarchical feature
extraction with representation learning ability of
DBN and selection and tuning of model
parameters is performed using NGO optimization
mechanism. This combination boosts
classification efficacy across a variety of land-use
categories by allowing model to incorporate both
intricate patterns and differentiated geographic
information identified in RSIs. This framework
applies in agricultural monitoring, urban planning,
environmental assessment, and large scale land-
use mapping and resource management. However,
proposed approach involves computational
complexity, performance of the model is affected
by dataset diversity, image resolution and spatial
conditions. Future research direction is focused on
evaluating this model with larger dataset
incorporating high spectral information and
improving interpretability of classification
decision by investigating XAl.
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