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Abstract: Land Cover (LC) classification is an effective technique that categorizes the Earth’s surface
into urban, forest, and agricultural land classes by utilizing remote sensing data. Nevertheless, the
hyperspectral remote sensing images are afflicted with a lack of labeled data, spectral variability, and
the curse of dimensionality, which limit their competence in remote sensing applications. Hence, this
research presents a Spatial Split Attention-enabled Distributed Learning-based Encoder Generative
Bidirectional Network (S?A-DL-EGBNet) model for accurate LC classification using hyperspectral
images (HSIs). The model integrates a distributed learning module to process large datasets, and
training is done in parallel by reducing complexity while improving scalability. Also, a Generative
Adversarial Network (GAN)-based data balancing is employed to address the class imbalance problem
and enables the model’s effectiveness. Thereafter, the parallel Bidirectional Long Short-Term Memory
(BILSTM) is integrated to speed up the training process and minimize computation time. The research
applies multiple feature extraction techniques, capturing complex features, scaling variations in
photographic distortions, and illumination changes from the aspects of input data. Notably, the S?A-
DL-EGBNet model is validated using the Hyperspectral Remote Sensing Scenes dataset, and the S?A-
DL-EGBNet model shows remarkable performance by achieving 98.44% sensitivity, 98.84% accuracy,
and 99.24% sensitivity on the Indian Pines dataset for training data of 90%.
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1. Introduction

The method of fine-grained Land Cover (LC) classification determines how the surface of the
Earth is covered and utilized. However, classifying LC is important in disaster management, urban
planning, and climate change research [1]. Evaluating LC is mandatory for upholding, monitoring,
and planning the utilization of natural resources. Likewise, classifying LC has a direct influence on
soil erosion, water, and atmosphere, which is indirectly associated with the issues of the global
landscape [2,3]. Various LC classifications are done accurately by categorizing and defining factors
such as vegetation types, soil types, crops, and urban areas. Importantly, remote sensing (RS)
technologies are utilized to provide meaningful information about land usage patterns, ecosystem
dynamics, and environmental changes [4,5]. Modern precision agriculture technology is widely
emerging, and RS plays a major role in transforming such strategies [6,7]. In LC analysis, RS plays an
essential part, because it allows a detailed ecosystem mapping, natural resources, agricultural, and
urban development [8—10]. The volume of information and satellite imagery about the surface of the
Earth is issued by modern RS. In LC classification, the accuracy inspires the decision-makers and
scholars to make informed decisions on preservation initiatives, decline in biodiversity, and
afforestation schemes in forest regions [11]. High-Resolution Remote Sensing (HRRS) determines the
images with a spatial resolution of more than 10 m, and they are obtained by aerial platforms or
satellites. The classification of LC depending on HRRS images provides support for variation detection,
environmental monitoring, and LC mapping [12].

The classification and extraction of LC data are important in land surveys because they offer
greater significance [13]. However, integrating RS to perform LC classification provides important
benefits across sectors such as urban planning, environmental protection, land resource management,
and agriculture [14]. With the development of RS strategies, multimodal images with high resolution,
including multispectral imagery (MSI), synthetic aperture radar (SAR), and digital surface models
(DSM), capture the detailed information about the surface of the Earth [1]. In the agriculture field, HSI
has been widely used to monitor the growth of crops, detect pests, and evaluate soil nutrients. The
main principle of HSI is to exploit features of electromagnetic wave radiation with different bands to
acquire the spectral information [10,15]. In RS-based agricultural analysis, Vegetation Indices (VIs)
act as a basic component, because they provide interpretable, scalable, and rapid insights into biomass,
canopy dynamics, and vegetation health [7,16]. To monitor the LC deviations, the parameters such as
the normalized difference built-up index (NDBI), land surface temperature (LST), and normalized
difference vegetation index (NDVI) are utilized [17]. However, in RS images, the complex features,
illumination changes, scale variations, and variability in photographic distortions lead to a complex
process in applying traditional models to classify images effectively [14,18].

Mostly, the traditional models rely on surface attributes such as hue, form, texture, and pixel
dimension for image classification. However, machine learning (ML) approaches, such as K-nearest
neighbors (KNNs), K-means clustering, random forests (RFs), and support vector machines (SVMs),
are utilized for RS imagery classification. Typically, these algorithms are associated with some
challenges. Hence, deep learning (DL) techniques are used in addressing the spectral, intricate, and
spatial characteristics present in the hyperspectral data [5,19]. The issues associated with RS image
analysis are overcome by introducing tools like convolutional neural networks (CNNs) and recurrent
neural networks (RNNs) [11]. Nonetheless, issues like a lack of an extensive dataset and inadequate
transferability arise when applying deep network models for the task of LC classification [14]. The
segmentation anything model (SAM) provides generalization capabilities and robust transfer by
enabling semantic segmentation and effective instance across several downstream applications [12].
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The SAM focuses on segmentation with prompts for users, and its output has limitations on object
category information, which makes it rigorous during the generation of classification results [1].
However, the CNN faces challenges like overfitting and high computational complexity with the
presence of an imbalanced dataset, which decreases the model performance [2,20].

To address the earlier drawbacks, this research introduces an S?’A-DL-EGBNet model for accurate
LC classification. Initially, the methodology processes hyperspectral remote sensing images using
standard datasets to improve the adaptability. The obtained input is further applied to the feature
extraction model, where the informative regions of the image are extracted. Thereafter, all the features
are concatenated and passed into the proposed framework, where the model is trained effectively for
accurate LC classification.

Spatial Split Attention enabled Distributed Learning-based Encoder Generative
Bidirectional Network: Parallel training of large-scale data can be done by utilizing a distributed
learning framework in the S?A-DL-EGBNet model, which reduces the training complexity and
enhances generalizability. However, the stability of the network and the strength of the model are
improved by exploiting the hybrid attention mechanisms in the model. Moreover, the model
incorporates an encoder architecture, which minimizes the dimensionality of input data by preserving
important information that helps the model to learn efficient and robust representations.

The organization of this research is described as follows. The overview of the related works with
their limitations is presented in Section 2, whereas Section 3 depicts the system model with a neat
diagram, Section 4 provides the detailed model architecture with methodology, Section 5 explains the
proposed specifications and experimental setup with results, and Section 6 provides the conclusion by
summarizing the future research of the work.

2. Literature review

The methodologies utilized, advantages, and disadvantages of the related articles are illustrated
below. Reddy et al. [5] developed a 3D CNN with a self-attention technique for hyperspectral image
classification. Typically, the model improves its adaptability and accuracy by incorporating a self-
attention mechanism. However, the attention technique in the model leads to improved classification
accuracy and provides insights into an informed decision-making process. The primary drawback
encountered by the model is that it lacks data fusion collected from different sensors. Li et al. [10]
explained an algorithm for LC classification that incorporates a random forest and spectral transformer
network structure (RS-Net). The method combines different approaches to map the multidimensional
time series for image features, enabling recognition and extraction to improve the accuracy of
classification. The relationship between the features was captured with various scales, and the
recognition ability of the LC features was improved significantly. The model handles high-dimensional
data effectively to achieve high efficacy and performance.

Zhang et al. [1] suggested the FlexiSAM method based on semantic segmentation of multimodal
data for LC classification. Here, the model handles the variations that occur in RS imagery, and it treats
RGB as the primary modality. However, the model significantly enhances the robustness and
classification accuracy by outperforming conventional methods. The model consumes high resources,
which is considered the main challenge. Yang et al. [4] developed a multi-level feature adaptation-
segment anything model (MLFA-SAM) that exploits a fine-tuning strategy for remote sensing
classification. The model utilizes different levels to separate the domains of spectral and spatial data
from the input images, and the training parameters of the model were reduced by the SAM. However,
the model was validated on multiple datasets, but it has issues with training data characteristics and
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model architecture.

Li et al. [10] explained the DASR-Net algorithm that integrates the Residual Network (ResNet)
with a dual attention network (DAN) in parallel to enhance the classification of LC. The model utilizes
a dual attention technique to capture multiscale semantic information, and it enhances classification
capabilities with feature extraction for hyperspectral data. The model exhibits a parallel architecture to
prevent loss of information and recognize the types of features with high similarity during the
classification process. Wang et al. [13] developed a triplet attention mechanism named border-
enhanced triple attention mechanism (BETAM) for the classification of LC. The model is exploited
with attention techniques that encode contextual features to enrich the representation of local features.
Typically, the model is applied in agricultural fields for disease and crop monitoring to identify the
crop disease areas effectively. The model offers benefits like better segmentation accuracy and
robustness, but it limits its applicability in datasets.

Fayaz et al. [14] suggested Inception-v3 and DenseNet networks for reliable and efficient LC
classification. The model was fine-tuned with datasets to enhance the adaptability and reliability
strategies. Here, optimized networks play an important role in capturing high-level features in LC
classification. The model fails to utilize data fusion technology, and the classification accuracy of the
model was low. Aljebreen et al. [3] introduced a technique named the river formation dynamics
algorithm with deep learning (LULCC-RFDADL) for LC classification. However, feature extraction
is done by incorporating the Dense EfficientNet algorithm, which takes complex information and
patterns from high-resolution images. Different applications are utilized by the model in several areas,
such as urban planning, environmental monitoring, and natural resource management. Typically, the
model exhibits high performance, but it has poor generalization capabilities across different weather
conditions.

2.1. Challenges

The limitations and challenges faced by the related works are listed below:
> The 3D-CNN method with an attention mechanism [1] issued valuable insights on
informed decision-making. The limitation of this approach is that it lacks data fusion from
different sensors.

> The RS-Net model [2] managed high-dimensional data when utilizing different
algorithms, but the model suffered from high computational cost and time.

> The MLFA-SAM approach [4] attained better generalizability than related
approaches, thereby supporting real-time implication. Nevertheless, the model displayed less
sensitivity in extracting small targets.

> The DASR-Net model [5] can differentiate between complex structures in the land,
like understory vegetation and tree species. However, the major drawbacks present here are
dataset complexities, which lead to poor robustness.

> The RFDADL-SOA method [8] achieved prominent performance based on
simulation results. Nevertheless, their complexities with the dataset and computation overhead
posed challenges.
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2.2. Problem definition

In remote sensing, LC classification is the task of classifying the objects or pixels that provide
important information for environmental monitoring, land management, urban planning, and disaster
response. However, it mainly categorizes the attributes of Earth’s surface, such as water and vegetation,
and classifies them into distinct classes like agriculture, forest, or urban areas. Typically, the existing
methods in LC classification consist of several limitations, such as a lack of computational resources,
limited empirical validation, noise sensitivity, low computational efficiency, and complexity of model
architecture. To address these issues, this research introduced a method named the S>’A-DL-EGBNet
model for accurate LC classification. The proposed model incorporates the Pavia Centre Scene, Salinas,
and Indian Pines datasets, which are gathered through the Hyperspectral Remote Sensing Scenes
dataset [21]. Initially, the hyperspectral remote sensing images are collected from the dataset F°,
which is mathematically expressed as

F={R.W,} (1)

where g denotes the hyperspectral remote sensing image, and here R eR" " denotes height,

width, and band of the image, respectively, and W, indicates the categorical pixel-wise mask image
for the corresponding hyperspectral sensing image. Here, the image g has N anumber of pixels,

and it is obtained by multiplying the width and height of the image, thatis, N =JxO pixels. Further,
each pixel present in the hyperspectral image r_ is mathematically expressed as

R ={U}" (2)

s i)i=1

th

where N indicates the number of pixels in an image, y indicates the ;i pixel present in the

hyperspectral image, and here U, Z{RS (u,v)} in which (u,v) implies the position of the pixel in an

1

image. Likewise, the mask image is represented as W, = {di}fil, where d; denotes the label value
corresponding to pixel U, inimage R,.For the Indian Pines dataset, the label values are represented
as W;(u,v)e(O,l,...,lS), and for the Pavia Centre Scene dataset, label values are expressed as
VK(u,v)e(O,l,...,S) . Similarly, the label values for the Salinas dataset are denoted as

W (u,v) E(O, 1,...,15). After pre-processing the image and extracting the features, the collected pixels

along with the feature vector can be fed to the proposed model that classifies the LC. Thereafter, the
model’s error rate is specified through the Categorical Cross-Entropy (CCE) loss function, which is
mathematically denoted as

lossCCE:—%Zid log( ) 3)

i=l j=1
T . . l
where £ indicates the maximum number of classes, d[j represents actual labels present in the 1

th th

class of the i” sample, and di} indicates the predicted probability for the jth class of the i

sample.
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3. System model for Land Cover classification

LC classification is a geospatial technique that classifies physical attributes of Earth's surface,
such as water, vegetation, and soil, into distinct classes. However, this technique often uses remote
sensing data captured from satellites to create maps for applications like urban planning, disaster
management, and environmental monitoring. In this research, the hyperspectral image is collected as
input data, and further feature extraction is done to extract important features, where the extracted
features are applied to the proposed model. Here, the model is trained well to perform LC classification,
and its performance is analyzed by utilizing various evaluation metrics. Figure 1 depicts the system
model of the proposed framework.

/ Data collection [y smapeenl romeiis Feature extraction \

sensing images

— — — — — — — —

Training Testing

Hybrid attention- GAN-based data I i Data
based model balancing

T gl

Performance validation

\ Tl medkl] Classified output I /

Figure 1. System model for LC classification.

4. Land Cover classification using Spatial Split Attention-enabled Distributed Learning-
based Encoder Generative Bidirectional Network.

Remote sensing technology plays an important role because it is widely utilized for LC
classification to classify the attributes of Earth’s surface by providing certain information based on
applications in urban planning, environmental protection, and resource management. Here, the main
objective of this research is to introduce a method named the S?A-DL-EGBNet model to perform LC
classification. At first, the Hyperspectral Remote Sensing Scenes dataset [21] is utilized in the
proposed model to capture the hyperspectral image. Thereafter, feature extraction takes place for the
obtained image data, where the features include vegetative index features, deep statistical vegetative
features, resnet151, and hybrid structural pattern features. Specifically, the distributed learning utilizes
a data parallelism that generates a copy of the model on multiple devices, which improves the learning
of complex features. The given data is parallelly trained over multiple devices for accurate LC
classification, which leads to better scalability while reducing complexity. The proposed S*?A-DL-
EGBNet model incorporates a Bidirectional Long Short-Term Memory (BiLSTM) network for
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capturing the patterns present in hyperspectral images and improving the classification outcomes. The
utilization of multiple attention techniques enhances computational efficiency and performance of the
proposed model. Finally, model training takes place, and it is applied with test data features to perform
LC classification. The block diagram of the S>A-DL-EGBNet model is shown in Figure 2.

Input Land HS?V-based Feature Extraction
cover image
> Vegetative Hybrid Structural | Deep Statistical Vegetative
Index Features Pattern Features ResNetl51

Test Image ) [

h 4

| Trained Model I

SZA-DL-EGBNet

Classified Output

J

Figure 2. Structure of the S>A-DL-EGBNet model for LC classification.
4.1. Input data collection

At first, the input hyperspectral images are obtained from the Pavia Centre Scene, Salinas, and
Indian Pines datasets, which are collectively taken from the Hyperspectral Remote Sensing Scenes
dataset [21]. The dataset utilized to gather the hyperspectral images is mathematically represented as

F' . Here, the input image shape acquired from the Indian Pines dataset is denoted as R, which has

200 spectral bands and 145x145 pixels, and is represented as [145><145><200]. Likewise, the input

shape of the hyperspectral image collected from the Pavia Centre Scene dataset is denoted as R,
which has the dimensions [1096><715><102] of 102 spectral bands and [1096><715] pixels. Similarly, the

Salinas dataset contains 204 spectral bands with [512><217] pixels, and it is denoted as R’ a matrix

with dimensions [5 12X217><204]. To classify the LC, the p input captured from the dataset is

applied to the feature extraction process and further fed into the model to get the classified outcome.
4.2. Feature extraction using hybrid structural statistical vegetative features
Feature extraction plays an essential role in identifying and extracting the key characteristics,

such as textures, patterns, and spatial information, from the hyperspectral images. Here, the HS?V
features are obtained by integrating vegetative index features, hybrid structural pattern features, and
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deep statistical vegetative features of ResNet 151. However, higher model accuracy is achieved by
employing these features, which provides better performance. Moreover, drawbacks like
computational complexity are reduced, and the model enhances the interpretability and generalization
by transforming the data into meaningful features.

4.2.1. Vegetative index features

Vegetative index features are the combinations of spectral bands obtained from the satellite
images that emphasize the specific characteristics of vegetation. These features are crucial for tasks
such as yield prediction, crop monitoring, and environmental change detection. The vegetation indices
are single values that are calculated from different spectral bands, and they are mainly designed to

enhance the contrast of vegetation. Typically, to extract the information of vegetation from two or more
spectral bands, these vegetation indices are utilized [22]. At first, a hyperspectral input image r_ is

passed as input to all the vegetation features separately. Here, the vegetative features such as enhanced
vegetation index (EVI), normalized difference vegetation index (NDVI), global environmental
monitoring index (GEMI), soil adjusted vegetation index (SAVI), green normalized difference
vegetation index (GNDVI), difference vegetation index (DVI), leaf area index (LAI), visible
atmospherically resistant index (VARI), near-infrared (NIR), atmospherically resistant vegetation
index (ARVI), and green atmospherically resistant index (GARI) are extracted. All these features are
considered powerful tools in remote sensing for improving agricultural practices and managing natural
resources. Table 1 summarizes the vegetative index features.

Table 1. Vegetative index features.

Vegetative Index Description Formula Dimension
Features

The NDVI is a remote sensing S—S [145 x145x 1]
Normalized measurement that analyzes the 4, = S+ 52
Difference health of vegetation by taking where S denotes the near-infrared

Vegetation Index the difference between the reflectance, S indicates the red

visible and near-infrared light it
band, and Al denotes the NDVI.

reflects.

The SAVI is developed to 4 S-S ) [145>< 145 Xl]
Soil Adjusted minimize the brightness of soil 2 9484+ y( Ty )
Vegetation Index influences in spectral

where L indicates the soil adjustment

vegetation indices.
factor, and A2 denotes the SAVI.

This measure is used to 4 = S-K [145 x145x 1]
Green Normalized calculate the green and near- POS+K
Difference infrared bands of an image, where K the green band is’ and A3

Vegetation Index which estimates the health of a represents the GNDVI

plant.

Continued on next page
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Vegetative Index Description Formula Dimension
Features
Difference This computes the difference 4,=S _$ [145 x145x 1]
Vegetation Index between the red band from S
¢ near-infrared reflectance. whete 4, indicates the DVL
Enhanced This measure aims to optimize A =ix S-S [145><145 Xl]
Vegetation Index the signal of vegetation by S+1, S— I, S,-* +7
improving the sensitivity in where [ denotes a gain factor, INA
biomass regions, and i
. o represents the aerosol resistance
vegetation monitoring is coefficients, §¢ denotes the blue band,
improved through the '
decoupling of the canopy and AS is the EVL
background signal.
Leaf Area Index It describes the total amount of log (1j [145 x145x 1]
area of the leaf per unit of A, = _\1=5)
ground surface area. Q
where (Q denotes the coefficient of
light extinction, and 4, denotes the
LAL
Visible This measures the health of (K -S ) [145 x145x l]
Atmospherically vegetation by mitigating the T KiS_S
Resistant Index atmospheric effects and Where 4, is tlhe VARL
illumination differences.
Near-Infrared This denotes the 4 =S [145 x145x 1]
electromagnetic spectrum’s
region that ranges from 780 nm where A8 denotes the NIR.
to 2500 nm.
Atmospherically This measure is utilized to (S -8s’ ) [145 x145x 1]
Resistant correct the influence of the = m
Vegetation Index atmosphere, and it is useful in '
regions with atmospheric where gS; =5- P (S,* -8 ) >
aerosol, such as tropical areas. © =1, unless the aerosol is a priori,
and Ag is the ARV
Global This is a nonlinear vegetation $-0.125 [145 x145x 1]
Environmental index, and it is less sensitive to Ao =1 (1 B 0'2577) B T
Monitoring Index  atmospheric effects. where 1] denotes an intermediate
variable, and Am is the GEML
Green Generally, this index is less g_ (K _ (Si* _ 52)) [145 x145x 1]
Atmospherically sensitive to atmospheric effects 4, =

Resistant Index

and more sensitive to

chlorophyll concentrations.

s-(k+(s-3))

where A11 indicates the GARI.

AIMS Mathematics
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Finally, the concatenated features of the vegetative index are represented as A with the
magnitude of [145><145 x1 1] ,

A={4

4.2.2. Hybrid structural pattern features

A, ||4

3

A

4

A5

%"

2

4 uAguAgnAmnA”}. @)

The hybrid structural pattern features are utilized to extract complex features, whereas they

improve computational efficiency, enhance model performance, and encompass faster execution of the
model by capturing multi-scale information. Initially, the hyperspectral image r_ with dimensions

[145><145><200] is split into three bands, such as red, green, and blue. Here, the dimensions obtained
for three bands are represented as [145><145><3] . Further, the three bands are resized into the magnitude

of [224 X224 x 3] . Thereafter, the resized information is forwarded into the ResNet-101 model as input,

where the output of the second layer in the ResNet-101 model has 64 channels, and the obtained
magnitude is denoted as [1 12x112x 64] . From these 64 bands, the best band's output is considered, that

is, the band with the highest visual representation is taken, and it obtains the magnitude [1 12x1 12><1].

Further, the selected band is resized into the dimension of [145><145><1]. Thereafter, the resized output

is applied to grid-based structural pattern features. Here, the powerful texture descriptor Local Binary
Pattern (LBP) is computed by comparing the gray level values of neighboring and central pixels.
Generally, the LBP operator takes the central pixel of the window as a threshold. Here, the difference
between the neighboring and central pixels is calculated, and some values are assigned to the pixels.
The descriptor LBP is formulated as follows

LBP,, :MZIL(N,"—NO)z”’, (5)
| Lifm=0
L(m)_{o, if m<0 ©

where N, indicates the central pixel of the image, N, denotes the neighboring pixel, D implies

the distance between N , and N , and M represents the radius. Here, rather than considering the

traditional LBP, the grid-based structural pattern is exploited to divide images into a grid of
overlapping regions. Typically, the hybrid structural features obtain the output H , which has the

dimension [145 x145x% 1] .

4.2.3. Deep statistical vegetative features ResNet 151

The deep statistical vegetative features Resnet 151 are mainly employed in feature extraction to
achieve robust feature representation that leads to high accuracy. Moreover, these features enhance the
model performance by capturing informative features, and the ResNet 151 model extracts textural,
spectral, and spatial features by improving the ability of generalization of the model. Initially,

AIMS Mathematics Volume 11, Issue 3, 7945-7979.



7955

vegetative index features such as the transformed soil adjusted vegetation index (TSAVI),
renormalized difference vegetation index (RDVI), and modified soil adjusted vegetation index

(MSAVI) are taken as input with dimension [145 ><145><3]. The TSAVI index is used to assess the health

of a plant by minimizing the interference caused by the color and brightness of the soil. It is expressed

as
TSAVI = (WA(S_W'S_F)) (7)
S+wS—wr

where W,7r represent the intercept and slope of the soil line, respectively, .S denotes near-infrared
reflectance, and S indicates the red band. Moreover, the RDVI index helps to monitor the growth

and health of the vegetation by analyzing the reflectance of light from plants. It is mathematically
denoted as

RDVI=—5=5 (8)

(S+S”)O'5

The index MSAVI assesses the health of vegetation in certain areas with exposed soil by reducing
the effect of soil brightness on the vegetation signal, and it is expressed as

S-S
MSAVI = ————(1+L) 9)
S+S+L'
where L' denotes the primary soil line parameter. Thereafter, the obtained input dimension is resized

into the magnitude [224><224><3] and forwarded to the ResNet 151 model. Here, the ResNet 151

model tackles the vanishing gradient problem, which leads to faster training and stable performance.
The acquired output from the ResNet 151 model is denoted as §, which has the dimension of

[1 12><112><64]. Next, the output is forwarded to extract statistical information like mean, median, and

standard deviation. Table 2 illustrates the statistical features.

Table 2. Statistical features.

Features Description Formula Dimension
The metric mean defines the color IR [1 12x112% l]
. . Yl - Z =1 Sy
Mean value in the image. Z ‘

where 7, indicates the number of data

samples, S, istheinput,and ¥, denotesthe

mean.
The median represents the central y, _ Z+1 [1 12x112x 1]
Median tendency, and it is calculated for 2
spectral bands in images. where Y denotes the median.
This defines the square root of the [1 12x112x 1]
Standard  distribution variation. \/ z 7= 1)

deviation
where 3 is the standard deviation.

AIMS Mathematics Volume 11, Issue 3, 7945-7979.
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The concatenated statistical features are denoted as Y with the dimension [1 12x112x% 3] , which

is expressed as

r={x|nx}- (10)

Thereafter, the output Y is resized to obtain the dimension as [145><145><3], which is

represented as G . Overall, HS?V features are obtained by performing concatenation, and they are
mathematically formulated as

x ={4|H]|G} (11)

where X denotes the HS?V features extracted for the Indian Pines dataset with the dimension
[145><145><15], which is then applied to the proposed model. Likewise, features extracted from the

Pavia Centre Scene dataset are represented with the magnitude of [1096><715 XIS]. Further, the

dimension obtained for the Salinas dataset after extracting features is denoted as [512><217><15].

4.3. Spatial Split Attention-enabled Distributed Learning-based Encoder Generative Bidirectional
Network.

In this research, the S?’A-DL-EGBNet model is exploited accurately for LC classification, and it
integrates an effective distributed learning technique with a hybrid attention mechanism. Nevertheless,
the attention mechanisms are employed to capture the interdependence and long-range dependencies
between channels from the perspective of the channel and space. Typically, the exploitation of
distributed learning can minimize the overall training time of the model. Moreover, the model’s
accuracy and stability are enhanced by utilizing the learning mechanism, which is useful for large
datasets and complex models. Moreover, the model incorporates an encoder architecture that
automatically learns to capture important patterns from the input features. Further, a data balancing
technique based on a GAN is utilized to balance the datasets, and it enhances the reliability of the
model. The detailed architecture of the S?A-DL-EGBNet model is illustrated in Figure 3.

Encoder

I .
s 1
I p . AT
o f GAN
. ddi:
1 1
\ | 4’ .
(2 4 v
Densc layer
\4 Reshap: \/
layer
[ o I

LST™

Classificati
Ourtput

Figure 3. S?’A-DL-EGBNet model’s detailed architecture.

Concatenation

Spatial Split
Attention
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4.3.1. Encoder

The proposed S?A-DL-EGBNet model contains an encoder network, which takes the feature
extracted output X as input data with a dimension [N ><15] . The encoder network contains three dense

layers, and the output is further passed into GAN-based data balancing, which is discussed below. Here,
the encoder architecture is mainly utilized to understand the spatial location of features, and it explores
meaningful features by capturing both frequency and spatial domains. At first, the encoder takes the

X input and passes it into the dense layer. Thereafter, the dimension of the dense layer is [N ><64],

which is forwarded again to the dense layer. Further, the data with dimension [N ><32] is obtained

from the dense layer as output. Next, the outcome is again passed into the dense layer, which is denoted
as ¢ with the magnitude [N ><32], and it is further fed into data balancing.

4.3.2.  GAN-based data balancing

The data balancing technique helps to tackle the problem of class imbalance, where one class
consists of fewer samples than another. Generally, balancing the data for training increases the model’s
accuracy by improving the diversity and size of data, which helps to avoid the overfitting problems.
Here, the GAN-based data balancing technique is used to balance the data ¢ obtained from the encoder

network. The GAN generates samples for the minority class, which efficiently makes the data samples
more balanced.

At first, B is represented as a generator and Z is denoted as a discriminator, where both are
network architectures of the GAN model. Generally, the discriminator is fooled by the generator,
whereas the discriminator differentiates between fake and real samples that are generated by the

generator [23]. Typically, the function of the generator B is generally expressed as B (Q) =h, where

hindicates the generated samples of the generator, and QO denotes random noise. Mostly, the generator
takes the random noise Q as input that consists of data points ¢, where QO is determined as a prior
distribution. The architecture of the GAN in this research comprises various dense layers. The
generator takes the random noise Q as input with dimension [N ><32] and applies it to a dense layer.

Further, the dense layer's outcome with magnitude [N ><32] is again passed to the dense layer. Finally,

the dense layer obtains the dimension as [N ><32], and the generator generates the samples, which are
denoted as k. Likewise, the working of the discriminator is done by taking the fake samples /and the

output from the encoder ¢as input data. Here, the input with [N ><32] dimension is forwarded into the
dense layer, which obtains the output magnitude as [N X 32]. Further, the output is again fed to a dense
layer, and it obtains the dimension [N X 16] . Thereafter, the output is again passed to a dense layer that

classifies the data as fake or real with a dimension [N ><1], which is denoted as V.

The discriminator and generator function is mathematically formulated as

minmax V' (B,2)=E, [log Z(q)]+ E,. £, [l08(1=Z(B(0)))] (12)

where PC(Q) represents the generator distribution, B(Q) denotes the generator function, Z(Q) and
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Y4 (B (Q)) indicates predictions for fake and real data samples, Pda,a((]) describes samples of a real

data distribution, and P(Q) denotes the probability appearing from data of the original distribution.

The above Eq (12) is known as the optimization function. Figure 4 shows the detailed working
principle of GAN-based data balancing.

Generator

lle]
1

4
Input Layer

DenséLayer

| I Discriminator
1

Loss

N

Dense Layer

Loss Update

Figure 4. Structure of GAN-based data balancing.

Further, data balancing output obtained with the dimension [N ><32] is given as input to the

BiLSTM blocks. First, the output is resized into the magnitude of [N ><32><1] , and it is applied

separately to the parallel BILSTM layers. The BILSTM layers are employed to represent the contextual
information in a better way, and they are comprised of two LSTM networks [24]. Moreover, these
networks have the ability to process the inputs in both forward and backward directions. The
information is processed from left to right in the forward LSTM, where the hidden state is expressed

as z,=LSTM (nx,fx_l), and the backward LSTM processes the information from right to left, and its
hidden state is represented as z, =LSTM(n,Z,). Lastly, the BiLSTM output is obtained by
concatenating the backward and forward states z, = [Ex,fx] . The parallel BILSTM blocks obtain the
output as k¥ and " with dimension [N ><32><64], and they acquired the magnitude [N ><64><128] by

performing concatenation, which is formulated as

T ={k|n}. (13)

Further, the concatenated output 7" obtains the magnitude [N X 64><128], which is applied to the

hybrid attention mechanism.
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4.3.3. Spatial Split Attention mechanism

The S?A mechanism is obtained by the combination of spatial [25] and split [26,27] attention
mechanisms. Integration of split and spatial attention mechanisms enhances the modeling capabilities
and expressive power of the network. Moreover, the S?A mechanism increases the robustness,
interpretability, and accuracy of the model. The structure of the S2A mechanism is visualized in
Figure 5.

(P=xC=o0)

Input-1 Input-n
ﬂ Global Pooling

? Dense Layer
(PxCxo0)

lj Batch Normalization
N Relu Actrvation

B,
A4 v v
[ r-Softmax J
Spatial Attention w

(PxC=g) 3‘?

Figure 5. Working of the S?A mechanism.

The Split attention block comprises a feature map, and it can be divided into various splits given by
the radix hyperparameter 3. The representation of the split is X,, where X € (CPXCXO, and P,C,
and o are the outputs from the block with the feature map. However, the contextual global

information with embedded channel-wise statistics is collected with global average pooling between
the spatial dimensions e c’. The formulation of the C th component is denoted as:

¢ __ 1 - C AC
y = PxC;;x (a,b), (14)
#(a,b) =Y x (a.b). (15)

Here, the intermediate representation with weighted fusion pgec™ is aggregated by utilizing

channel-wise soft attention. Generally, the channel that contains feature maps is produced by
employing a combination of weighted splits. Further, the Cth channel is computed as:
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B.(a,b)=> #x (a,b) (16)
t=1
where ¢ represents a soft weight factor given by:

exp((ff(ec)) N

g lZneelE () (17)
1

1+ exp(—é" (80 )) ’

J=1

Here, ftc indicates each split weight for the Cth channel based on &£° global information. The

output from the split attention module is further applied to the spatial attention mechanism.

Similarly, the spatial attention map is produced by employing features with spatial relationships.
Mostly, the spatial attention mainly concentrates on the informative part, which is more
complementary to the channel attention [28]. Moreover, the max-pooling and average pooling
operations are concatenated for calculating the spatial attention along the channel axis, and they
generate an efficient feature descriptor. Here, the informative regions are highlighted by applying some
operations of pooling with the channel axis, and a map is generated by applying the convolutional

layer on the feature descriptor Z (p)ERPXC, which encodes where to suppress. At first, pooling

operations are used for aggregating the feature map’s channel elements that include generating 2D
s IxCxo IxC

maps p,,, €Q p,, Q™"

generating a 2D spatial attention map. It is formulated as

Z,(p)=o (77 ([4vg(p); Max(p)])) (18)

. The feature maps are concatenated using a convolutional layer by

X7 . . . . . .
where f denotes a convolutional operation with 7x7 filter size, and O denotes the sigmoid

function. The magnitude obtained for the S?’A mechanism is [N ><64><128], which is denoted as X, and

it is applied to the dense layer. Here, the dense layer output with dimension [N ><64] is forwarded again
into the dense layer. At last, the dense layer classifies the output into 16 classes for the Indian Pines

dataset, which is represented as d ", with the dimension [N X16], respectively.

lj )
5. Results and discussion

The section below explains the experimental setup, performance analysis, and dataset description
of the S2A-DL-EGBNet model with conventional methods in LC classification.

5.1. Experimental setup

The implementation of the S?’A-DL-EGBNet model is done through a Python 3.7 tool using the
operating system of Windows 11 operating system with an Intel Core 17 processor, 16 GB of RAM,
and 12 GB of GPU memory. The results are carried out by utilizing various libraries like Keras,
TensorFlow, and PyTorch. Further, three datasets are used to evaluate the S?A-DL-EGBNet
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performance. The hyperparameters of S2A-DL-EGBNet are shown in Table 3.

Table 3. Hyperparameters of the S?’A-DL-EGBNet model.

Hyperparameters Values
Dropout rate 0.3
Learning rate of the GAN 0.0002
Number of epochs 200
Latent space size 100
Discriminator layers 3
Generator layers 3
Discriminator hidden units 256
Generator hidden units 256
Batch size 64
Weight decay 0.0001
BCE loss True
Gradient penalty True
Gradient penalty C 10
Learning rate of BILSTM 0.001
LSTM hidden units 128
Default optimizer Adam

5.2. Dataset description

The Hyperspectral Remote Sensing Scenes Dataset [21] contains the images that are collected
from satellites or airborne sensors. This dataset is classified into Salinas, Indian Pines, and Pavia Centre
Scene sections. The scenes in Indian Pines are collected from different sensors over northwestern
Indiana, and they contain 224 spectral reflectance bands. Moreover, the scenes contain one-third forest,
two-thirds agriculture, and natural vegetation. Likewise, the Salinas scene was gathered by 224 bands
over California, the Salinas Valley, and they obtained it with high resolution. Together, the ground truth
of Salinas contains 16 classes. Similarly, the Pavia Scenes consist of 102 spectral bands, and some
samples in the images have no information. They contain 9 classes with 1.3 meters of geometric
resolution.

5.3. Experimental results

The proposed S?A-DL-EGBNet model’s image outcomes using three datasets are briefly shown
in Figure 6.
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Figure 6. S?’A-DL-EGBNet model’s image outcomes.
5.4. Performance metrics

Accuracy: The metric accuracy denotes the ratio of correctly predicted observations among all the
observations, which is expressed as follows:

Ac —i 19
Y v+S+a+e (19)

where, Uimplies the true positive, & represents the true negative, & denotes false positive, @
is the false negative, and Acy indicates the accuracy.

Sensitivity: This indicates the true positive pixel ratio based on the entire positive pixels, and it is
expressed as

8, = —— (20)

where S, denotes sensitivity.

Specificity: The true negative rate is another name for specificity because it determines the ratio of
negatives with respect to negative pixels, which is expressed as

)

§ =—
o+¢

) @1

where S, represents the specificity.
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5.5. Performance analysis

This part explores the performance of the S?’A-DL-EGBNet model using the Pavia Centre Scene,
the Salinas datasets, and the Indian Pines datasets.

5.5.1. Performance analysis with the Indian Pines dataset

Figure 7 depicts the performance analysis of the proposed S?A-DL-EGBNet model using Indian
Pines. The analysis shows that the accuracy obtained by the proposed model is 97.9%, 98.1%, 98.3%,
98.7%, and 98.8% for the epochs 20, 40, 60, 80, and 100 at 90% of the data. The sensitivity gained by
the model S>?A-DL-EGBNet model is 97.3% for epoch 100 in the training data of 80%, and by changing
the epoch values, the sensitivity values increased. The specificity attained for S?’A-DL-EGBNet is 99.2%
in 90% of the data at epoch 100. Hence, by improving the training data, the model gets better

performance with respect to the epoch values.
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Figure 7. Performance analysis with the Indian Pines dataset.
5.5.2. Performance analysis with the Pavia Centre Scene dataset

The Pavia Centre Scene dataset is utilized to analyze the S?’A-DL-EGBNet model’s performance,
which is depicted in Figure 8. From the analysis, the accuracy attained by the proposed model is 98.2%
for epoch 20, further it increases to 98.6% at epoch 60, and to 98.8% at epoch 100 with train data of
90%. Moreover, the sensitivity for the proposed model is 98.06% for epoch 100 at 80% of training. At
90% of training data, the specificity for the S?A- DL-EGBNet model is 99.1% at epoch 100. By
maximizing epoch values and training data, the performance of the proposed model gets better results.
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Figure 8. Performance analysis with the Pavia Centre Scene dataset.
5.5.3. Performance analysis with the Salinas dataset

Figure 9 illustrates the performance analysis of the S?A- DL-EGBNet model using the Salinas
dataset at different epochs. With training data 90%, the proposed model obtained the accuracy of 98.2%,
98.4%, 98.6%, 98.70%, and 98.77% for the epochs 20, 40, 60, 80, and 100, respectively, where the
accuracy is maximized with increased training data and epochs. The sensitivity and specificity for the
S?A- DL-EGBNet model are 98.3% and 98.6% for epoch 100 at 80% training data. The value of all
the metrics is improved when the training data and epochs are augmented.
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Figure 9. Performance analysis with Salinas dataset.
5.6. Comparative methods

The existing 3D CNN [1], RS-Net [2], MLFA-SAM [4], DASR-Net [5], BETAM [6], BiLSTM [24], and
GAN-BILSTM [25] methods are utilized to compare with the S?’A- DL-EGBNet model.

5.6.1. Comparative analysis using the Indian Pines dataset
Figure 10 represents the comparative results of the proposed S?A- DL-EGBNet model and

existing 3D CNN, RS-Net, MLFA-SAM, DASR-Net, BETAM, BiLSTM, and GAN-BiLSTM
approaches using the Indian Pines dataset. With 90% of training data, the accuracy achieved by the
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S?A-DL-EGBNet model is 98.8% and it is improved over 4.1%, 3.7%, 2.5%, 2.06%, 1.8%, 0.3%, and
0.2% with the 3D CNN, RS-Net, MLFA-SAM, DASR-Net, BETAM, BiLSTM, and GAN-BiLSTM
approaches. The sensitivity of S?’A- DL-EGBNet with 90% of training data is 98.4%, which is greater
than the 3D CNN by 4.09%, RS-Net by 4.02%, MLFA-SAM by 1.9%, DASR-Net by 1.5%, BETAM
by 1.09%, BiLSTM by 0.3%, and GAN-BiLSTM by 0.2%, respectively. The specificity of the
proposed S?A- DL-EGBNet model is 99.2%, which is higher than the existing methods 3D CNN, RS-
Net, MLFA-SAM, DASR-Net, BETAM, BiLSTM, and GAN-BiLSTM model by 4.1%, 3.4%, 3.1%,
2.6%, 2.5%, 0.4%, and 0.2% with 90% of training data.
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Figure 10. Comparative analysis with the Indian Pines dataset.
5.6.2.  Comparative analysis using the Pavia Centre Scene dataset

The comparative results of the proposed S?A- DL-EGBNet model and existing 3D CNN, RS-Net,
MLFA-SAM, DASR-Net, BETAM, BiLSTM, and GAN-BiLSTM approaches using the Pavia Centre
Scene dataset are depicted in Figure 11. The accuracy of the S2A- DL-EGBNet model is 98.3%, which
is higher than comparative approaches. 5.6% with 3D CNN, 4.7% with RS-Net, 4.06% with MLFA-
SAM, 3.07% with DASR-Net, 2.8% with BETAM, 2.5% with BiLSTM, and 2% with GAN-BiLSTM
with 80% training data. The sensitivity of the S?’A- DL-EGBNet model with 60% and 90% of training
data is 94.5%, and 98.4%, respectively. Comparatively, the sensitivity of the S?’A- DL-EGBNet model
is better than other compared techniques. The specificity value of S?A- DL-EGBNet with 90% of
training data is 99.1%, and it is higher than the 3D CNN by 4.3%, RS-Net by 2.2%, MLFA-SAM by
2.1%, DASR-Net by 1.6%, BETAM by 1.5%, BiLSTM by 1.3%, and GAN-BiLSTM by 0.9%.
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Figure 11. Comparative analysis with the Pavia Centre scene dataset.
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5.6.3. Comparative analysis using the Salinas dataset

Figure 12 reveals the comparative analysis of the proposed S?A- DL-EGBNet model and existing
3D CNN, RS-Net, MLFA-SAM, DASR-Net, BETAM, BiLSTM, and GAN-BiLSTM techniques by
utilizing the Salinas dataset. The accuracy of the S?’A- DL-EGBNet model is 98.7% for 90% training
data, and it shows that the accuracy of the S?A- DL-EGBNet model exceeds the existing approaches.
Here, the sensitivity attained by the S?’A- DL-EGBNet model is 98.37% for 90% of the train data, and
it is with the improvement of 3D CNN, 5% with RS-Net, 3.8% with MLFA-SAM, 1.61% with DASR-
Net, 1.60% with BETAM, 1.5% with BiLSTM, and 1.2% with GAN-BiLSTM approaches. The
specificity of the S?A- DL-EGBNet approach is 99.1% at 90% of training data, and it is higher than
the existing 3D CNN, RS-Net, MLFA-SAM, DASR-Net, BETAM, BiLSTM, and GAN-BIiLSTM
approaches.
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Figure 12. Comparative analysis with the Salinas dataset.
5.7. Comparative discussion

The conventional 3D CNN, RS-Net, MLFA-SAM, DASR-Net, BETAM, BiLSTM, and GAN-
BiLSTM approaches are compared with the proposed S?A- DL-EGBNet model, which is described in
Table 4. The suggested 3D CNN [1] model suffers from a data scarcity problem because a vast amount
of labeled data is needed for training, and the model does not integrate transfer learning and data
augmentation to enhance model generalization. The developed RS-Net [2] model faced complexities
while handling large datasets, and it has limitations while extracting complex data features. The
suggested MLFA-SAM [4] model exhibits low performance because it fails to adopt advanced training
methods like fine-tuning strategies. The DASR-Net [5] model had poor generalization capability
across seasonal conditions, and it was evaluated with limited datasets. Moreover, the model cannot be
applied to large-scale remote sensing data due to computational issues. The BETAM method suggested
in [6] exhibits low segmentation accuracy and has dataset limitations that affect the performance of
the model. These challenges are faced by the conventional approaches in LC classification. Hence, the
proposed S?A- DL-EGBNet model is developed to address the above challenges that reduce the issue
of computational complexity, and improve feature representation by enhancing the quality of the
dataset by performing accurate LC classification. The incorporation of various feature extraction
techniques extracts complex and intricate features that influence the classification, and also eliminates
the background noise while focusing on significant features. The application of the GAN rectifies the
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class imbalance problem, which reduces overfitting issues. Most importantly, the DL improves the
S2A-DL-EGBNet model’s learning process and minimizes computation time, which enhances
generalizability. Moreover, the strength of the hybrid attention mechanisms, the encoder and BiLSTM,
preserves the minute features from the input and provides accurate LC classification consistently.

Table 4. Comparative outcome of the S>?A- DL-EGBNet model.

_ 3D RS- MLFA- DASR- _ GAN-  S’A-DL-
Methods/ Metrics BETAM BIiLSTM .
CNN Net SAM  Net BILSTM  EGBNet
Indian  Accuracy 947 951 962 96.8 97 98.4 98.5 98.84
Pines  Semsitivity 944 944 96.4 96.9 97.3 98.1 98.1 98.44
Dataset  Specificity 95.1 957 96 9.6 967 98.8 99 99.24
Pavia  Accuracy 95  96.6 96.6 97 97.3 97.6 98.1 98.82
Centre  Sensitivity 953 962 962 9.6 97 97.4 98 98.45
scene
Specificity 948 97 97 975 97.6 97.8 98.2 99.19
Dataset
wl Accuracy 943 945 953 9.6 975 97.8 97.9 98.77
Datmast Semsitivity 933 934 945 96.7 96.7 96.8 97.1 98.37
atase
Specificity 954 955 96 964 983 98.7 98.7 99.17

5.8. Confusion matrix with a

The confusion matrix measures the performance of the S?’A- DL-EGBNet model by associating
the positive prediction labels with predicted labels, and then it analyzes the number of positive
reactions that take place papredictions takesplace in the dataset. In the Indian Pines dataset, the model
correctly predicted 2348 classes as soybean-mintill, 1359 as corn-notill, 792 as corn-mintill, 230 as
corn, 459 as grass pasture, 696 as grass-trees, and so on. Similarly, the remaining dataset analyses the
true labels with correctly predicted labels. The classification ability of the S?A- DL-EGBNet model
with the Pavia Centre scene, Indian Pines, and Salinas datasets is visualized in Figure 13.
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5.9. Statistical analysis
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The statistical results of the S?’A- DL-EGBNet model for the Pavia Centre scene dataset, Salinas
dataset, and Indian Pines dataset are tabulated in Tables 57, respectively. Various tests, such as the
Wilcoxon signed-rank test, Nemenyi post-hoc test, Friedman test, and statistical test, are performed to
analyze the statistical significance of the evaluation results.
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Table 5. Statistical analysis with the Indian Pines dataset.

Indian Pines dataset

. Accuracy
Methods/ Metrics
3D RS- MLFA- DASR- . GAN- S2A- DL-
BETAM BiLSTM .
CNN Net SAM Net BiLSTM  EGBNet
Chi2-
_1 . 1.8010 1.5050 1.7872  0.1905 1.1044 0.3542 1.3653 1.0573
T- test Statistic
P-value 0.3679 0.3679 0.3679 0.3679 0.3679 0.3679 0.3679 0.3679
Best 94773 95.137 96.288 96.803  97.066 98.476 98.588 98.847
Mean 91.711 92.020 92.637 93.136 93.659 94.091 94.420 97.133
Variance 3.783  4.219 5.688 6.092 6.515 8.521 8.226 1.630
Statistical STD 1.945 2.054 2.385 2.468 2.552 2.919 2.868 1.277
test Median 91.652 91.856 92.182 93.021 93417 93.612 94.458 97.398
T-
. 3.1483 3.0352 3.0625 29713 2.6696 3.0040 2.9067 2.6846
Statistic
P-value 0.0035 0.0039 0.0038 0.0041 0.0056 0.0040 0.0044 0.0055
Wil W-
. reoxon .. 0.9849 0.1965 0.8318 0.1705  0.0389 0.1880 0.4840 0.9579
signed-rank  Statistic
test P-value 0.0011 0.0043 0.0045 0.0013 0.0015 0.0045 0.0026 0.0037
Table 6. Statistical analysis with the Pavia Centre scene dataset.
Pavia Centre scene dataset
Accuracy
Methods/ Metrics S?A-
3D RS- MLFA- DASR- . GAN-
BETAM BiLSTM . DL-
CNN Net SAM Net BiLSTM
EGBNet
Chi2-
Friedman L 1.4667 0.8556 1.7162 0.9925 0.3566 0.7021 1.4814 1.4135
test Statistic
P-value 0.3679 0.3679 0.3679 0.3679 0.3679 0.3679 0.3679 0.3679
Best 96.105 97.616 97.675 98.097 98.357 98.675 99.141 98.822
Mean 92.250 93.055 93300 93.816 94.175 94.666 94987 96.035
Variance 6.222 8.154 8.411 9.270 9.399 8.428 9.381 6.903
Statistical STD 2494  2.856 2.900 3.045 3.066 2.903 3.063 2.627
test Median 92.072 92.330 92474 93.151 94.134 94.735 95.006 95.953
T-
. 3.091 3.195 3.017 2.812 2.728 2.762 2.713 2.122
Statistic
P-value 0.0036 0.0033 0.0039 0.0048 0.0052 0.0050 0.0053 0.0101
. W-
Wilcoxon T 09251 04530 03218 02640 07672 09044 09625  0.8615
signed- Statistic
rank test P-value 0.0016 0.0007 0.0014 0.0005 0.0019 0.0030 0.0009 0.0045
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Table 7. Statistical analysis with the Salinas dataset.

Salinas dataset dataset

. Accuracy
Methods/ Metrics
3D RS- MLFA- DASR- . GAN- S2A-DL-
BETAM BiLSTM .
CNN Net SAM Net BiLSTM  EGBNet
Chi2-
Friedman L. 0.3883 1.4318 0.3401 1.5460 0.6618 0.8731 1.2578 0.0865
test Statistic
es

P-value  0.3679 0.3679 0.3679 0.3679 0.3679  0.3679 0.3679 0.3679
Best 95.389 95516 96329 97.630  98.590 98.822 99.002 98.774
Mean 91.541 92205 92.654 93.261  93.896 94.414 94.811 96.764

Variance 4.877 5.612 6.361 7.419 9.281 8.947 9.417 3.014

Statistical STD 2208  2.369 2.522 2.724 3.047 2.991 3.069 1.736
test Median  90.939 91.825 92.637 92.873  93.465 94.579 95.095 96.677
T-

_ 3.091 3.195 3.017 2.812 2.728 2.762 2.713 2.122
Statistic

P-value  0.0036 0.0033 0.0039  0.0048 0.0052  0.0050 0.0053 0.0101
Wilcoxon W-
signed-rank  Statistic
test P-value  0.0025 0.0049 0.0043 0.0033  0.0037  0.0042 0.0052 0.0082

3.4853 2.77958 29143  3.2084 3.0813  2.9480 2.7309 23154

5.10.  Ablation study of feature extraction methods

Figure 14 explicates the ablation study of the multiple feature extraction techniques and
components used in the proposed model for LC classification. The feature extraction methods, such as
vegetative-index, hybrid-structural-pattern, deep-statistical-vegetative, resnet-151, resnet-101, and
HS?V, are compared based on accuracy, which is shown in Figure 14a). The methods obtained accuracy
of 86.49%, 87.65%, 94.57%, 95.08%, 96.55%, and 98.85%. Here, after hybridizing all of the feature
extraction methods, HS*V obtained a high accuracy of 98.85% and outperformed other individual
methods. Moreover, the application of these techniques extracts complex and important features that
boost the accurate LC classification while reducing overfitting issues. Specifically, the depth feature
extraction techniques of ResNet-151 and ResNet-101 are used to differentiate the variations in
photographic distortions and illumination changes from the remote sensing images. Therefore, these
extracted features received from each technique are concatenated to generate significant features.

Figure 14b) depicts the ablation study of multiple components used in the proposed S2A-DL-
EGBNet model based on accuracy. Based on the analysis, the S2A-DL-EGBNet model attained a high
accuracy of 98.85% and outperformed every component. The model components obtained less
accuracy with Encoder at 93.54%, GAN at 95.56%, spatial-split-attention at 96.49%, BiLSTM at
98.48%, and DL of 98.59%. Hence, the benefits of each component enhance the model’s performance,
which leads to better robustness and scalability in LC classification.
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Figure 14. Ablation study.
5.11.  Computational complexity analysis

Figure 15a) explicates the computational time required for the proposed model for LC
classification, compared with other models. The S2A-DL-EGBNet model utilizes less computation
time of 20.23 ms and outperforms other models. The other models utilized high computation time: 3D
CNN of 20.59 ms, RS-Net of 20.60 ms, MLFA-SAM of 20.69 ms, DASR-Net of 20.74 ms, BETAM
0f 20.75 ms, BILSTM of 20.79 ms, and GAN-BiLSTM of 20.82 ms. Similarly, Figure 15b) illustrates
the inference time analysis of the models. The proposed model achieved a faster inference time of
401.95 ms and surpasses the 3D CNN of 670.57 ms, RS-Net of 620.32 ms, MLFA-SAM of 598.77 ms,
DASR-Net of 590.58 ms, BETAM of 540.35 ms, BILSTM of 492.85 ms, and GAN-BIiLSTM of
462.37ms. The utilization of DL, GAN data balancing, and a spatial-split-attention mechanism with
the BILSTM model allows it to learn effective features that reduce computational complexity.

Figure 15¢) depicts the computational cost analysis in terms of Floating-point Operations Per
second (FLOPs), which is performed to evaluate the model’s performance in handling the
computational workload and resource utilization compared to other existing algorithms. As per the
analysis, the proposed S2A-DL-EGBNet model reduced the computation cost to 959.52 FLOPs in 100
epochs. Simultaneously, the 3D CNN had 960.30 FLOPs, RS-Net had 963.69 FLOPs, MLFA-SAM
had 965.14 FLOPs, DASR-Net had 965.74 FLOPs, BETAM had 966.01 FLOPs, BiLSTM had 967.37
FLOPs, and GAN-BIiLSTM had 967.43 FLOPs. The computational complexity analysis of the S2A-
DL-EGBNet model based on computation time, inference time, and FLOPs analysis is depicted in
Figure 15.
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Figure 15. Computational complexity analysis.

5.12.  Per-class metrics analysis using the GAN

Figure 16 shows the evaluation of the S2A-DL-EGBNet model for the individual class with and
without the GAN based on performance metrics. The application of GAN-based data balancing
attained a high precision of 98.87%, recall of 98.05%, and F1-score of 98.46%, which leads to effective
performance of LC classification. However, the absence of the GAN creates overfitting issues that
affect the model’s classification process, with a precision of 92.90%, a recall of 93.59%, and an F1-
score of 93.24%. Therefore, the application of GAN-based data balancing is essential in this research

to attain a robust LC classification process.
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6. Conclusions

In this study, the S2A-DL-EGBNet model performed accurate LC classification, which utilizes
remote sensing techniques to classify particular categories of ground cover by understanding and
analyzing the attributes of the Earth's surface. Notably, the S?A- DL-EGBNet model employs HS?V
feature extraction to capture the complex attributes from images such as patterns, structures, and
textures, allowing for the extraction of informative regions. GAN-based data balancing is exploited to
ensure diversity in image samples and enhance generalization. The model is trained effectively in a
parallel manner with large datasets to enhance the classification accuracy. The distributed learning
module is integrated to offer flexibility to the model, and it enhances scalability by reducing the
computational cost. However, the hybrid attention techniques are utilized to preserve spatial saliency
and channel-wise diversity. Furthermore, the model’s generalization capability is improved by
adopting vast heterogeneous hyperspectral data to ensure its utility in a larger context with large-scale
scenarios. Based on the experimental results, the model showed impressive outcomes with an accuracy
of 98.84%, sensitivity of 98.44%, and specificity of 99.24% on the Indian Pines dataset for 90%
training. In the future, the model will be integrated with meta-heuristic algorithms to optimize the
hyperparameters to further enhance the classification accuracy with high convergence. Additionally,
an explainability technique will be incorporated to enhance the decision-making ability.
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