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Abstract—Land use and land cover (LULC) classification has
played a key role over the last decade for managing the decay
of resources and mitigating the impact of population growth. It
is used in several places, such as rapid urbanization, agriculture,
climate change, coastal areas, and disaster recovery. The traditional
remote sensing (RS) techniques encounter limitations in accurately
classifying dynamic and complex ariel scenes, such as coastal ar-
eas and LULC. This article proposed a novel squeeze—excitation
multiscale fusion network (SEMSF-Net) to classify LULC and the
coastal regions using RS images. The proposed model is based on
the squeeze-and-excitation block initially embedded with inception
and dense blocks separately. These blocks are designed based on
the multiscale to generate more important feature information
that can later perform accurate classification. In the next phase,
these blocks are fused at the network level, where bottleneck and
inverted residual blocks are connected to reduce the learnable
parameters and improve feature strength. The hyperparameters of
this network are selected based on the several experiments utilized
in the training of the proposed model. The trained SEMSF-Net
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architecture is further employed in the testing phase, and classi-
fication is performed. The GradCAM is also used to interpret the
trained model’s visual prediction. Three datasets are utilized for the
experimental process: the Coastal dataset, MLRSNet, and NWPU.
We obtained an improved accuracy of 94.94 %, 93.7 %, and 95.70 %
on these datasets, respectively. In addition, the macro recall rates
are 79.0%,93.0 %, and 96 %, respectively. Comparison with several
recent techniques shows that the proposed model outperforms the
selected datasets.

Index Terms—Aerial scene, coastal areas, deep learning (DL),
explainable artificial intelligence (AI), remote sensing (RS).

1. INTRODUCTION

AZARDOUSLY, between 1959 and 2019, land use
H change contributed 19% of total anthropogenic COs2
emissions, which emphasizes the urgency to monitor and
manage earth’s resources accurately [1]. Remote sensing (RS)
classification of land cover and land use (LCLU) has, thus,
become an essential tool for understanding and reducing
environmental challenges, assisting urban planning, disaster
management, and sustainable development [2]. Modern
advancement in RS technologies, such as high-resolution
satellite imaging, drones, and aerial platforms, has considerably
enhanced data acquisition capabilities with more comprehensive
datasets for analysis [3]. These rich data have sparked interest
among computer vision researchers, who have further fueled
innovations in automated systems designed to interpret RS
imagery with increased accuracy [4]. However, high-resolution
RS data cause unusual challenges in analysis due to significant
variability in land covers and environmental conditions [5].

Researchers have widely applied machine learning (ML)
methods to analyze RS data [6]. Still, these methods were
inefficient for grappling with high-resolution images that cause
great variability between different land covers and environments
[7]. Although ML methods, such as SVM [8], Single decision
trees (DTs) [9], [10], boosted DTs [11], Random forests [12],
KNNs [13], [14], and artificial neural networks (ANNSs) [15],
provide fundamental tools for analyzing and processing RS data,
their dependence on handcrafted features limits them from being
adaptive to dynamic and unseen patterns, which results in poor
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classification performance [16]. The handcrafted features fail to
capture RS imagery’s complex and multiscale nature because
they are task specific and not generalizable [17]. This depen-
dence makes the models vulnerable to changes in environmental
conditions, variations in lighting, or noise in the data, which
are common in high-resolution RS datasets [18]. Furthermore,
traditional approaches require a lot of human effort in feature
engineering, which is very time consuming and may introduce
bias in the classification process [19].

To overcome these limitations, deep learning (DL) has
emerged as a compelling alternative to outperform traditional
ML in automatically extracting meaningful patterns from large
and complex datasets [20], [21]. Artificial neural networks
(ANNSs), an early form of DL, were initially explored for RS
image analysis [22]. The ANN can master complex relationships
due to their ability to deal with nonlinear data. However, they
lack spatial inductive bias, which is needed to capture hierar-
chal and contextual relationships. As in ANNs, each input is
connected to all the neurons, so they cannot preserve spatial
information and treat all the regions equally, which results in
poor performance due to loss of contextual information [23]. The
convolutional neural network (CNN) overcomes this inability
with its specialized layers: convolutional, pooling, and fully
connected for extracting hierarchical features from images in
RS data [24]. Convolutional layers capture spatial features by
applying filters throughout the image, identifying things like
edges, textures, and shapes in RS data [25]. Pooling layers
refine these by reducing spatial dimensions, making the network
computationally efficient while preserving critical information
[26]. However, CNNs have limitations as they require a large
amount of labeled data and high computational cost to train the
model from scratch. It is often unavailable in the RS domain and
suffers scalability issues [27], [28]. The challenges have been
overcome by pretrained CNN models, such as VGG16, VGG19
[29], AlexNet [30], ResNet [31], and EfficientNet [32], which
support transfer learning to adapt prelearned weights for RS
applications. Still, they have limited adaptability to the unique
complexities of RS data, such as overlapping class patterns and
high intraclass variability [33].

Several techniques are introduced in the literature for classify-
ing land use and land cover (LULC) and coastal areas using RS
images [34]. They used DL techniques and trained the models
on well-recognized publically available datasets. Rauf et al.
[35] have recently presented a novel architecture exclusively
designed for RS image classification called FMANet. The devel-
oped model utilizes a tailored superresolution network intended
to improve the resolution of RS images as a first step. After that,
they designed a fused bottleneck self-attention mechanism for
deep feature extraction. In the training process, high-resolution
RS images are utilized, which are further optimized using
Bayesian optimization for hyperparameter tuning. This tuning
ensures that the model is well suited for diverse data character-
istics. The architecture was accurately tested on three datasets:
MLRSNet, Bijie Landslide, and Turkey Earthquake, and it ob-
tained improved accuracies of 91.0, 92.8, and 99.4, respectively.
Lietal. [36] presented a DL model named AMEGRF-Net, which
is especially envisioned to surpass conventional architectures
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such as VGG16 and ResNet50 over RS tasks. This local-global
feature learning methodology of AMEGRF-Net captures both
spatial and semantic information from the RS imagery simulta-
neously. In addition, this process improves the modeling of the
complex patterns in RS imagery. The second innovative aspect
of this work is its receptive field expansion method, by which
the network captures spatial information without significantly
increasing computational overhead. Yang et al. [37] presented
an efficient and lightweight satellite image classification model
targeting the processing challenges of large RS images on-
board satellites. They improved the working of MobileNetV3
architecture to reduce the computational and communication
overhead from transmitting large amounts of image datasets to
the ground stations. This improved model utilizes depth sepa-
rable convolution, which reduces the number of parameters and
computation cost to a large extent. An inverted residual linear
structure is further added to the network that maintains better
accuracy and reduces the parameters. Shah et al. [38] introduced
a superresolution-based fuzzy DL architecture to classify aerial
RS data related to land cover and landsliding. The presented
model addresses the challenges of noise and interference in
RS images while improving classification accuracy through an
innovative combination of components. The architecture com-
bines an optimistic activation function to enhance nonlinear
transformations and a depth separable convolutional layer to re-
duce model complexity. Moreover, the inverted bottleneck block
further optimizes the model by retaining the most critical spatial
information and reducing redundancy. The model has a super-
resolution preprocessing step that improves the resolution of the
input data, allowing meaningful features to be extracted. They
used Bijie Earth, EuroSAT, and NWPU-RESISC45 datasets for
the experimental process and obtained improved accuracy. Wang
et al. [39] introduced a weakly supervised scale adaptive data
augmentation network (WSADAN) to handle scene classifica-
tion tasks concerning high-resolution RS images. The model
deals with the problem of extracting robust multiscale features.
For this challenge, the WSADAN incorporates a scale generation
module that learns optimal scale parameters dynamically. This
module enhances the model’s ability to adapt to variations in
image scale without relying on exhaustive manual tuning. In
addition to the scale generation module, the WSADAN includes
afusion module that intelligently filters, and merges feature from
multiple scales, further improving the robustness and accuracy
of the classification process. Albarakati et al. [40] designed a
self-attention fused CNN that is tailored for the classification of
LCLU in RS data. The authors have addressed the strengthening
of essential features in the high-dimensional RS imagery dataset,
which often suffers from challenges such as class overlap, noise,
and high variability. The architecture relies on two custom-built
networks, namely, IBNR-65 and Densenet-64, with the former
being optimized to compute efficiently with feature refinement
and the latter for deep feature learning with densely connected
layers. A self-attention mechanism was incorporated into the
CNN framework to enhance its capacity to focus on more
significant regions within the image. Shree and Meiaraj [28]
evaluated two ML algorithms: SVM and RF for LULC clas-
sification for change detection based on RS data from 1993 to
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Fig. 1. Sample Coastal areas RS images collected from several publically
available datasets.

2023. LULC features, such as water bodies, built-up land, barren
land, agricultural land, grassland, etc., are categorized by NRSC
level 1 classification, and experimental findings reveal that RF
outperforms the SVM algorithm by achieving an accuracy of
0.92, which is higher than 0.81 obtained by SVM. Moreover,
study shows that from 1993 to 2023, water bodies, agricultural
land, and grassland decrease in area, while the built-up land,
mining land, and barren land increased by area. Pushpalatha et al.
[41] suggested a CNN-based approach for LULC classification
using RS images obtained from linear imaging self-scanning
sensor III. The objective of study was LULC classification for
change detection using maps of years 2010 and 2020. Exper-
imental results demonstrate that the proposed model obtained
an overall accuracy of 94.08% and 95.30% for 2010 and 2020
data, respectively, and further analysis shows that an increase of
8.34 km? in built-up areas, 2.21 km? in agricultural land, and
3.31 km? in water bodies is detected, followed by a decrease of
1.49 km? in forest areas and 11.93 km? in other land sources
over a period of ten years. However, the authors agreed on the
point that medium resolution of data used in this study leads
to high computational cost as well as limits the accuracy of
model, which can be enhanced by using the high-resolution
data [41].

In short, literature review highlights the most common and re-
cent techniques used for RS classification, including traditional
ML methods (SVM, KNN, and Random Forest), pretrained
models (VGG16, VGG19, EfficientNet, AlexNet, and ResNet),
and custom DL techniques (WSADAN, AMEGRF-Net, and
FMANet), which utilize attention modules, multiscale feature
fusion, and receptive field expansion, in order to improve the
performance of RS image classification; however, they are still
facing the issue of imbalanced datasets, important deep feature
extraction, model generalizability, and overfitting. Moreover,
they did not consider any work related to coastal areas’ recog-
nition, as the images of coastal areas include similar features,
as shown in Fig. 1. To address these issues, we propose a
novel DL architecture called squeeze—excitation multiscale fu-
sion network (SEMSF-Net) for classifying LULC regions with
improved accuracy and precision. The proposed SEMSF-Net
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integrates squeeze-and-excitation (SE) mechanisms throughout
its structure to improve channelwise feature recalibration, thus
boosting the representational power of the network. The pro-
posed architecture is a fusion of different blocks—Residual,
Bottleneck, Inverted Bottleneck, Inception, and Dense blocks—
each of which has been carefully integrated to exploit the
strength of each block in the process of multiscale feature ex-
traction and hierarchical representation learning. By embedding
SE blocks in these components, the SEMSF-Net gains better
adaptability to spatial and contextual information, so accuracy
and robustness improve for LULC classification tasks. This
innovative design solves the problem of complex spatial patterns
and varying scales of LULC datasets in an integrated manner,
giving a holistic solution for proper and efficient classification.
Our major contributions in this work are as follows:

1) Existing models are less accurate due to poor feature
representation and often lack generalization. To overcome
this, a new SEMSF-Net is proposed for classifying LULC
and coastal areas with an improved precision rate.

2) Deep models often struggle with vanishing gradient prob-
lem and lack better hierarchal feature extraction. To ad-
dress this, a residual block based on four convolutional
layers is designed, where each layer has the same filter
size of 3 x 3.

3) High computational cost is a serious problem while de-
signing deep models. It is solved by designing an inverted
residual, dense, and inception blocks and embedded all of
them in a single block for the lesser learning parameters
and better precision.

4) Prior techniques lack interpretability, which makes it diffi-
cult to trust the model’s prediction. To tackle this problem,
the proposed SEMSF-Net is further evaluated on explain-
able artificial intelligence (AI) techniques for in-depth
evaluation and visual output of the trained model.

II. DATASET DESCRIPTION

In this work, we utilized three datasets for the evaluation
of the proposed architecture: MLRSNet dataset [42], NWPU-
RESISC45 [43], and coastal areas combined dataset.

A. MLRSNet Dataset

The MLRSNet dataset consists of 109 161 high-resolution
images divided into 46 categories, and the number of images in
each category varies from 1500 to 3000. Each image has a fixed
pixel size of 256 x 256 and pixel resolution ranging from 10 to
0.1 m. Each image is tagged using predefined 60 class labels,
and the number of labels for each image varies from 1 to 13.
Sample images of the MLRSNet dataset are shown in Fig. 2.

B. NWPU-RESISC45 Dataset

The NWPU-RESISC45 dataset is composed of 10 500 images
separated into 12 classes, such as Airfield, Harbor, Beach, Dense
residential, Farm, Overpass, Forest, Game space, Parking space,
River, Sparse residential, and Storage tanks. Each image has a
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Fig. 2.

Sample images of the MLRSNet dataset [42].
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Fig.3. Sample images of the NWPU-RESISC45 dataset [43].

pixel size of 256 x 256 x 3 with dpi of 96 x 96. Sample images
of the NWPU-RESISC45 dataset are shown in Fig. 3.

C. Coastal Areas Combined Dataset

We acquired coastal-related classes from several publicly
available datasets, such as EuroSAT, MLSRNet, and SIRI-
WHU, to classify coastal areas. We selected 13 classes from
these datasets, as shown in Fig. 1. The dataset contains 13
classes: Anchorage, Beach, Harbor, Harbor & Port, Island, Lake,
Landslide, Red sea fish, River, Snow berg, Swimming pool,
Water, and Wetland. The size of each sample is 256 x 256 x 3,
and the nature of the samples is RGB. The total number of
samples in the collected dataset is 9206.

III. PROPOSED ARCHITECTURE OVERVIEW

The proposed architecture for the classification of LULC
and coastal areas through DL is presented in this section.
The CNN is a type of DL that first introduced by LeNet by
Yann LeCun, specifically for structured data such as images
and gave promising results in image classification, recognition,
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segmentation, and retrieval [44]. However, there were certain
limitations in the initially proposed CNN, such as vanishing
gradient problem, degradation, high computational cost, overfit-
ting, exploding gradient problem, etc. [45]. Beyond its individual
challenges of DL models, as it is natural that vanishing gradients,
overfitting, and computational challenges are relevant problems
across deep architectures, we are driven by challenges accorded
to the RS image classification domain, specifically as it relates
to coastal and land use scenes, which involve visual similarities
among classes, e.g., water versus wetland, interclass variability
associated with seasonality or change in geography, and spatial
complexity related to heterogeneous landscape features. To add
to these issues, most of the existing models do not general-
ize across multiscale patterns and struggle to learn significant
salient spatial-contextual relations to high-resolution imagery.
To address these domain-specific issues, we proposed an archi-
tecture named SEMSF-Net, as shown in Fig. 4, for RS image
classification and further interpreted through the explainable Al
technique.

The proposed architecture is a combination of different vari-
ants of the CNN, where each variant has its own advantage
over others. It incorporates residual block to solve the vanish-
ing gradient problem, inception blocks for multiscale feature
extraction, dense blocks to promote feature reuse and gradient
flow, bottleneck and inverted bottleneck blocks to balance the
computational cost and SE blocks to emphasize the important
regions. Each block is incorporated more than one time in the ar-
chitecture which enables the hierarchal feature extraction, where
initial blocks extract low-level features and later blocks extract
high-level complex features, resulting in overall better feature
representation. Thus, each block in the proposed architecture
addresses one or more challenges in the existing models, and
together they make a new model that is not only deep and
accurate but also generalized and lightweight.

A. Proposed SEMSF-Net

The proposed SEMSF-Net model is presented in detail here.
As shown in Fig. 4, the model starts with a 2-D convolutional
layer with 64 filters, 7 x 7 filter size, stride of 2, and same
padding. A 3-D input tensor of size 224 x 224 x 3 is fed to this
convolutional layer, which is followed by a batch normalization
layer. After that, a ReLLU activation function is applied, and
finally, a MaxPooling layer with a pool size of 3 x 3 and stride
of 2 is applied. Then, a residual block has been added.

Originally, the residual blocks were introduced in 2015 by
researchers of Microsoft [46], and the main idea of residual
blocks is the integration of a shortcut connection that skips one
or more layers and solves the problem of vanishing gradient
and degradation [47]. In the proposed architecture, two residual
blocks are added one after other, each having 64 filters. In
each residual block, input tensor is fed to a 2-D convolutional
layer for feature extraction followed by a batch normalization
layer, which normalizes the input to the next layer. The ReLU
activation function is applied to introduce nonlinearity in the
model. Mathematically, it is formulated as follows:

1 = o(BN (W7 % 2) (1)
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where z is an input of this block, W7 denotes the weights of
first convolutional layer, BN denotes the batch normalization
layer, o represents the ReLU activation function, * represents
the convolutional operation, and c; is the output of the first con-
volutional layer. After that, input is passed through the second
convolutional layer with same filters again followed by batch
normalization layer. Mathematically, BN is defined as follows:

Co = BN (W2 * Cl) (2)

where W5 represents weights of the second convolutional layer.
A shortcut connection is added to the output, and the ReL.U ac-
tivation function is applied to it. Moreover, a projection shortcut
is used by employing the following mathematical formulation:

zs = BN (W), % 2) 3)

where z, denotes the shortcut connection, and W, denotes
weights of the projection layer. The final output of the residual
block is defined as follows:

Y = o(co+ 2s). 4)

Fig. 5 represents the visual representation of designed residual
block for the proposed architecture.

After the residual block, an SE network-based block is added.
The SE block was introduced by Hu et al. [48], and the main
idea behind this is to recalibrate the interdependencies between
channels. The SE block consists of a global average pooling layer
that converts feature maps into one scalar value and two dense
layers, where the first layer reduces the number of channels,
and the second restores the original number of channels. The
output from the residual block is first passed through the global
average pooling layer to perform a squeeze operation through
which a scalar value is calculated for each channel. After that, the
squeezed vector is reshaped to (1, 1, C), where C is the number of
channels. Two dense layers are applied to this reshaped vector
in the next step. The first dense layer reduces the number of
channels by 16. The ReLU activation function is applied to intro-
duce nonlinearity, and he_normal, selected as kernel initializer,
initializes the weights for a deeper network. The second dense
layer restores the original number of channels, where a sigmoid
function is applied, normalizing the values in the range of [0,1]
to compute channelwise importance. Finally, the input tensor
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is multiplied by channelwise importance. Mathematically, this
block is defined by the following equation:

h

1
h x wmz

=1

E=o (WZ’,’ (o—’ (W{’S))) 6)

where h and w represent the height and width of the feature
map, respectively, and ¢ represents the index of channel. For
the excitation block, ¢ and ¢’ represent the sigmoid and ReLU
activation functions, respectively. Also, W, and W., represent
the weights of dense layers. Hence,

S = GAP (Y) =

> Y(moni) (5
n=1

Ysg = Y.E. @)

After the implementation of the SE block, the final output of
the residual block is formulated as follows:

Y= o(co+ z) .E. (8)

The output Y} enhances feature extraction and solves the
problem of vanishing gradient. Visually, the SE block is shown
in Fig. 6.

An optimized inception block, which includes several parallel
layers, is embedded after the SE block. The inception network
was initially proposed in 2014 by Google researchers in a paper
titled “Going Deeper with Convolutions,” and the focus behind
this architecture is to increase the precision, accuracy, and speed
of the model [49], [50]. An inception module consists of parallel
layers with different kernel sizes, such as 1 x 1, 3 x 3, and
5 x 5, to extract features at multiple scales. In the proposed
architecture, two inception blocks are added after the residual
blocks, each having 64 filters and composed of four parallel
branches, as shown in Fig. 7. The first branch consists of a
1 x 1 convolutional layer with the same padding to extract
the localized features and reduce spatial dimensions. The ReLU
activation function is applied to introduce nonlinearity, followed
by a batch normalization layer to normalize the inputs to the next
layer

Z1x1 = BN (0’ (COHV1><1 (Z))) . (9)

The second branch is composed of a 1 x 1 convolutional layer
followed by a 3 x 3 convolutional layer to extract the features
at larger receptive field. The ReL.U activation function followed
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by the batch normalization layer is applied to both convolutional
layers

Z23x3 = BN (U (COHVgxg (BN (0’ (COHV1><1 (Z)))))) .

The third branch also consists of two convolutional layers with
filter sizes of 1 x 1 and 5 X 5, respectively, to extract features
at an even larger receptive field

z5x5 = BN (0 (convsys (BN (o (conviyg (2)))))).  (11)

The last branch consists of an average pooling layer with a
pool size of 3 x 3 and same padding, followed by a 1 x 1
convolutional layer and a batch normalization layer

zp = BN (0 (convixi (poolsys (2)))) .

Outputs of all branches are concatenated and fed to the SE
block to enhance the feature representation

(10)

(12)

ze = concat ([21x1, 23x3, 25x5, Zp)) - (13)

The same operations are performed again in the SE block;
mathematically, it is defined as follows:

X = ; (m,n,1) (14)
=1ln=1

o i)

Zsg = 2z¢. X' (16)

Hence, the final output of the inception block after passing
through the SE block is formulated as follows:

Zp = Zse. (17)

An addition of a bottleneck residual block [51] is essential
at this stage to reduce the computational cost of the model;
therefore, we designed three bottleneck blocks and integrated
them with the inception excitation blocks, as shown in Fig. 8. In
this block, each convolutional layer filter size is 128. However,
the first has a stride of 2 to reduce spatial dimensions, while
the other two blocks have a stride of 1 to enhance feature
extraction. In each bottleneck block, the input tensor is fed to a
1 x 1 convolutional layer with the same padding, which reduces
the number of channels by a factor of four. This compression
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Fig. 8. Bottleneck residual block embedded with the SE block in the proposed
architecture.

layer reduces the spatial dimensions to reduce the computational
cost, which is then followed by a batch normalization layer
and a ReLU activation function. Mathematically, it is defined
as follows:

z1 = o (BN (convyyg (2

» fin/4))) -

After that, a second convolutional layer with a 3 x 3 filter size
is applied for feature extraction, which is followed by the batch
normalization layer and the ReLU activation function

29 = o (BN (convsys, (21, fin/4))).

Another 1 x 1 convolutional layer is applied to restore the
feature dimensions. Following this, a batch normalization layer
is employed to normalize the inputs to the next layer

= BN (COIIV1><1 (223 foul)) :

Finally, a residual connection is added to the output of the last
convolutional layer for proper gradient flow

(18)

19)

(20)

zs = BN(convixi (2, four, S) 21
Ze = % (22)
zr = 0(zs + 23). (23)

The output of this block z, is passed to the SE block for
enhanced feature representation. Mathematically, it is defined
as follows:

Xsg= 2. X' (24)

where X' represents weights calculated by the SE block. Hence,
the final output of the residual bottleneck block after passing
through the SE block is as follows:

X;= Xgg. (25)

We added dense blocks connected to inverted bottleneck
residual blocks to feed this network forward. The dense blocks
are derived from the DenseNet architecture introduced in 2017
by Huang et al. [52]. In dense blocks, each layer is connected
directly to all the subsequent layers, preserving the feedforward
nature. Unlike ResNet, features are combined by concatenation,
which solves the problem of vanishing gradient at less compu-
tational cost and increases the system’s efficiency [52], [53]. In
the proposed architecture, a dense block is incorporated after
the bottleneck residual block to enhance parameter efficiency
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by encouraging feature reuse through dense connections, as
shown in Fig. 9. The designed dense block comprises four
layers, each consisting of a 1 x 1 convolutional layer, a 3 x 3
convolutional layer, a concatenation operation, and an SE block.
Input tensor first passed through a 1 x 1 convolutional layer, in
which the growth factor, originally 32, was multiplied by a factor
of four. This intermediate expansion ensures enhanced feature
representation while maintaining the computational cost. The
output of the first convolutional block is passed to a 3 x 3
convolutional layer for feature extraction. The growth rate of
this layer is the same as the original. After that, a concatenation
layer is applied, which merges the features of the current layer
with subsequent layers as follows:

I f3 (fl (Z])))

Finally, an SE block is applied, which enhances the feature
representation; hence, the total number of features after the dense
block is defined by the following equation:

Fou= Fo+ Lm

zj41 = concat (2o, 21, .. (26)

27)

where L denotes the number of layers, m is the growth factor,
and [ is the number of extracted features on this block.

Moreover, three inverted bottleneck blocks are incorporated,
where first block has a stride of 2, while the other two blocks have
stride of 1 to ensure the effective feature extraction while main-
taining computational cost. Input tensor first passed through
the 1 x 1 convolutional layer, in which the number of filters,
originally 256, expanded by the factor of four. This intermediate
expansion offers rich feature representation while maintaining
computational cost. After that, a depthwise separable 3 x 3
convolutional layer is employed for feature extraction. The
depthwise convolutional layer is much better in terms of param-
eters as compared with the standard convolutional layer. Again,
a batch normalization layer and an activation layer are applied
as follows:

2" = o (BN (DWconvsys (2'))) . (28)
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TABLE I
HYPERPARAMETERS SELECTED BY VARIOUS EXPERIMENTS OF THE PROPOSED
ARCHITECTURE

Hyperparameters Values
Epochs 25
Learning Rate 0.001
Optimizer Adam
Mini Batch Size 32
Dropout 0.5
Momentum 0.688

A1 x 1 convolutional layer is applied to restore the original
number of channels and make the network computationally effi-
cient. It is followed by a batch normalization layer to normalize
the inputs to the next layer. Finally, an SE block is applied to
enhance the feature representation, as shown in Fig. 9.

After the third inverted bottleneck block, a global average
pooling layer is incorporated to convert the feature map to
1-D. That 1-D feature vector is passed to the dense layer, and
finally, a SoftMax activation is added for classification. The loss
is calculated using the categorical cross entropy. The proposed
architecture contains a total of 2.64 million parameters with 6.86
GFLOPS, which makes it computationally inexpensive while
having enough power to catch complex patterns from the data.

B. Training of the Proposed Architecture

In this section, we added a detailed explanation about the
training of the proposed model on the selected datasets. As we
used three datasets, three different models will be obtained in
the output. In the training process of the proposed SEMSF-Net
architecture, we opted several hyperparameters based on random
search and different experiments. The best hyperparameters that
are selected in this work are based on the obtained training
accuracy. Table I presents the selected hyperparameters of this
work. The categorical crossentropy is used as the loss function
for training, whereas 70% of the data from each dataset are used
for the training.

C. Testing of the Proposed Architecture

The testing process of the proposed architecture is presented
in this section. In the testing phase, the testing image set of the se-
lected datasets was passed to the trained model which outputs the
classification result. The numerical results are presented in detail
in Section IV. Moreover, the trained models are also visually
tested through an explainable Al technique named GradCAM.
The visual illustration of the proposed testing process is shown
in Fig. 10. This figure shows that the test image is passed to the
trained model, where features are extracted and matched for the
final prediction.

IV. EXPERIMENTAL SETUP

Three publicly available datasets are utilized for the experi-
mental process of the proposed classification challenge. Datasets
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are presented under Section II. Each dataset is split into a ratio
of 70:30, from which 70% of the data are used for training
purposes and the remaining 30% for testing purposes. Through
detailed ablation studies, Adam is selected as an optimizer with
a learning rate of 0.001. In contrast, the number of epochs is 25,
and the batch size is 32, which is also selected through detailed
ablation studies. During the testing phase, a SoftMax classifier
is used for classification, and GradCAM is implemented for
model interpretability and transparency. Accuracy, precision,
recall, and Fl-score are evaluation metrics. Experiments are
conducted using Python programming language with its frame-
work, i.e., Tensorflow/keras. Simulation environment includes
a workstation with 24-GB RAM and a 12-GB Graphics Card
RTX 4090.

A. Proposed Architecture Results

This section presents the proposed architecture results in
terms of numerical values, confusion matrices, and graphs. The
results are separately presented for each dataset, whereas the
detailed discussion and ablation studies are performed in the
following:

Testing process of the proposed deep architecture for coastal and LULC area classification.

1) MLRSNET Dataset Results: This section presents the
proposed architecture results for the MLRSNET dataset.
Table II presents the obtained average accuracy of 93.07% on
this dataset. Moreover, the precision rate of 0.9381 emphasizes
that it minimizes false positives to the maximum extent. Its
recall rate is 0.9275, suggesting that the model captures the
most relevant positive cases. An Fl-score of 0.9321 reflects a
robust balance between precision and recall. The above metrics
collectively highlight the model’s robust performance. It delivers
precise and reliable predictions over the MLRSNET dataset.

Table II shows the classwise performance metrics for the
MLRSNet dataset, showing the model’s effectiveness in clas-
sifying RS images with different categories. High precision,
recall, and F1-scores are seen for most classes, such as airplane,
beach, cloud, and dense residential area, which means that the
model can correctly predict these categories with fewer errors.
However, some classes, such as railway stations, overpasses, and
parks, tend to have relatively lower F1-scores due to interclass
similarities or even fewer features that distinguish such classes.
Macro average scores (94% precision, 93% recall, and 93% F1-
score) confirm that the model was balanced on all classes, while
micro average and weighted average metrics showed excellent
overall accuracy on this dataset. Although the model faces some
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TABLE II
PROPOSED CLASSIFICATION RESULTS OF THE MLRSNET DATASET USING THE
PROPOSED ARCHITECTURE

Class Precision Recall FI1- Support
(%) (%) Score
(%)
Airplane 97 97 97 503
Airport 92 88 90 673
Bareland 88 95 92 463
baseball_diamond 97 99 98 617
basketball_court 87 92 89 910
Beach 99 98 98 780
Bridge 89 94 92 711
Chaparral 97 97 97 771
Cloud 98 99 99 536
commercial_area 92 91 92 725
dense_residential area 96 98 97 867
Desert 97 97 97 763
eroded_farmland 89 87 88 726
Farmland 94 95 94 746
Forest 94 95 95 731
Freeway 96 94 95 753
golf course 95 97 96 780
ground_track_field 96 91 94 754
harbor_port 97 96 97 766
industrial_area 98 88 93 699
Intersection 95 91 93 733
Island 98 98 98 717
Lake 97 97 97 743
Meadow 97 82 89 773
mobile_home_park 97 98 97 753
Mountain 91 85 88 741
Overpass 81 89 85 769
Park 90 76 82 509
parking_lot 96 98 97 726
parkway 90 93 92 742
railway 84 71 81 743
railway_station 74 79 76 653
river 92 93 93 769
roundabout 92 85 89 599
shipping_yard 99 99 99 760
snowberg 94 97 96 768
sparse_residential_area 93 95 94 544
stadium 93 90 91 701
storage_tank 95 96 96 745
swimming_pool 99 100 99 591
tennis_court 92 92 92 759
terrace 95 91 93 732
transmission_tower 98 93 96 752
vegetable_greenhouse 98 97 98 773
wetland 95 81 87 758
wind_turbine 99 100 99 609
n:icro average 9;% 9;’/0 93_% 32_736
macro average 94% 93% 93% 32 736
weighted average 94% 93% 93% 32736
samples average 93% 93% 93% 32 736
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Fig. 11.
tecture.

Confusion matrix of the MLRSNet dataset using the proposed archi-

Fig. 12.  ROC and PRC curves of the MLRSNet dataset using the proposed
architecture.

challenges in a few classes, it obtains robust classification results
and can be used for complex and heterogeneous RS data.

Fig. 11 also depicts the confusion matrix of this dataset. The
confusion matrix visually depicts the model’s classification per-
formance across all classes. It shows strong diagonal dominance,
meaning that most categories are predicted accurately. Misclas-
sifications are sparse, showing that the model can effectively
handle diverse RS categories with minimal confusion between
similar classes.

To further analyze the performance of the proposed architec-
ture on this dataset, we plotted ROC curves. Fig. 12 illustrates the
ROC curves of the dataset obtained by the proposed architecture.
The left ROC curve depicts the tradeoff between the true and
false positive rates at different thresholds, with curves closer to
the top-left indicating better performance. The precision—recall
curve emphasizes the relationship between precision and recall,
which is useful for imbalanced datasets, where curves closer to
the top-right indicate superior performance. In this figure, all the
classes are plotted based on their precision and recall values.



ABBAS et al.: SEMSF-Net: EXPLAINABLE SQUEEZE-EXCITATION MULTISCALE FUSION NETWORK

15765

TABLE III
ABLATION STUDY 1 ON THE MLRSNET DATASET FOR THE EVALUATION OF THE PROPOSED DL MODEL
Epochs
10 v
15 v
20 4
25 v AR aEeaRaEis A araEaxis
Optimizers
ADAM v v 4 4 v |/ A araEaxis
SGDM v
POP v
NADAM v
Batch Size
16 4
32 v v 4 4 e v v |V
64 v
128 v
Learning Rate
0.1 v
0.01 v
0.001 v v 4 4 o v N Y v |/ v
0.0001 v
Accuracy 88 89 91 93 80 |90 190 193 [ 89 |93 87 |89 |67 |87 193 |89
Bold denotes the most highest accuracy.
TABLE IV

a) Ablation studies: For the in-depth analysis of the pro-
posed model for this dataset, we performed some ablation stud-
ies. These ablation studies systematically evaluate the effect of
several hyperparameters, including epochs, optimizers, batch
size, and learning rate, on model accuracy. All the results of
this ablation study are noted in Table III. This table shows that
25 epochs consistently produce the highest accuracy of 93%,
thus being a preferred number of epochs for convergence. In
the case of optimizers, ADAM performed best, making high
accuracy across configurations, whereas other alternatives, such
as SGDM, POP, and NADAM, did not significantly contribute
to achieving high accuracy. For batch size, the highest is the 32
instances that facilitate multiple repetitions with high accuracy,
and more than that, such as 64 and 128, cause underperformance.
For alearning rate, the rate of 0.001 facilitates the best, with 93%
of best accuracy, whereas a tremendous rate (0.1) and minimal
rates (0.0001) bring suboptimal performance. This study shows
that fine-tuning hyperparameters enhance performance, and it
is essential to balance factors like training iterations, choices
of optimization algorithms, and data batch handling to achieve
robust model results.

In the second ablation study, we compare the baseline model’s
performance with and without including the SE module across
four metrics: accuracy, precision, recall, and F1-score (see re-
sults in Table IV). The baseline model achieves an accuracy of
92.74%, precision of 93.51%, recall of 92.27%, and F1-score
of 92.85% . Adding the SE module improves every metric by a
small extent, and accuracy increases to 93.07%, precision up to
93.81%, and recall up to 92.75% while increasing the F1-score

ABLATION STUDY 2 FOR THE MLRSNET DATASET TO ANALYZE THE
PERFORMANCE OF BASELINE MODELS

Variants Accuracy | Precision | Recall | F1-

Score
Baseline 92.74% 93.51% 92.27% | 92.85%
Baseline + 93.07% 93.81% 92.75% | 93.21%
SE

to 93.21% . These indicate that the SE module improves the
model’s capability to target relevant features, contributing to
marginal but consistent gain in all evaluation metrics. Moreover,
we compared the proposed CNN architecture with pretrained
models, which shows that our model improves accuracy with
the least parameter count and is the most efficient. The proposed
architecture achieves a maximum accuracy of 93.07% with a
minimum number of parameters, i.e., 2.64 million parameters
(see results in Table V).

2) NWPU Dataset Results: Table VI presents the results of
the NWPU dataset that achieved overall improved performance
of the model compared to all the key metrics of evaluation. The
model has obtained an accuracy of 95.70%, expressing its ability
to classify most cases with correctness. It has also achieved a
precision of 96.04%, stating that the positive predictions are
solidly reliable, and the recall of 95.41%, which portrays its ef-
ficiency in identifying those relevant instances. The F1-score of
95.72% confirms the balanced performance between precision
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TABLE V
COMPARATIVE ANALYSIS WITH PRETRAINED MODELS FOR THE MLRSNET
DATASET
Model Accuracy Parameters Model Model
Name (Million) size Layers
(MB)
Alexnet 61.32 60 240 8
[30]
VGGl16 72.44 138 528 16
[29]
VGGI19 67.10 143.7 550 19
[29]
GoogleNet = 84.36 6.8 27 22
[54]
ResNet50  85.68 25.6 98 50
[31]
ResNetl101 = 86.05 44.5 170 101
[31]
Proposed  93.07 2.64 10 211
TABLE VI

PROPOSED CLASSIFICATION RESULTS OF THE NWPU DATASET USING THE
PROPOSED ARCHITECTURE

Class Precision Recall F1-Score | Support
(%) (%) (%)
Airfield 94 92 93 422
Anchorage 100 97 98 224
Beach 97 99 98 202
Dense 94 99 96 194
Residential
Farm 96 96 96 428
Flyover 95 98 97 189
Forest 98 99 98 207
Game Space 97 96 96 440
Parking Space | 97 96 97 195
River 90 89 90 207
Sparse 98 93 95 210
Residential
Storage 100 94 97 218
Cisterns
Micro Avg 96% 95% 96% 3136
Macro Avg 96% 96% 96% 3136
Weighted 96% 95% 96% 3136
Avg
Samples Avg | 95% 95% 95% 3136

Bold denotes the most highest accuracy.

and recall. These metrics highlight the model’s robustness and
reliability for classification tasks on the NWPU dataset.

The classwise performance metrics that highlight the model’s
effectiveness across various classes are also computed in this
table. The precision, recall, and F1-scores for most classes are
remarkably high, while some classes, such as Anchorage and
Storage Cisterns, perform with perfect precision at 100% and
high Fl-scores of 98% and 97%, respectively. Other classes,
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Fig. 13.  Confusion matrix of the NWPU dataset using the proposed CNN
model.

I

\

|
Fig. 14. ROC and PRC curve of the NWPU dataset.

such as Beach, Forest, and Parking Space, have a remarkable
balance in their metrics. On the other hand, the class River scored
relatively less (90% precision, 89% recall, and 90% F1-score).
This may denote difficulty with differentiating features for this
particular class. A micro, macro, and weighted average value
of 96% could be found for precision, recall, and Fl-score,
denoting consistency across all classes. A confusion matrix is
also presented for this dataset in Fig. 13. A strong diagonal
on the confusion matrix signifies that the model’s prediction
is quite accurate for most classes. There are off-diagonal cells
representing minor misclassifications, and such occurrences are
very noticeable, especially for classes similar to “River.” In
summary, the confusion matrix further ascertains that the model
is accurate with strong robustness performance on the diversified
categories.

Moreover, the ROC and PR curves for multiclass classification
performance are shown in Fig. 14. The AUC values of the ROC
curves are all high and close to 1 for all classes, which means that
true positive rates are excellent, while false positive rates are low
across the classes. Similarly, the PR curve shows relatively high
precision and recall, and most classes show good performances,
as illustrated by the steep curves near the upper right region.
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TABLE VII
ABLATION STUDY 1 ON THE NWPU DATASET FOR THE EVALUATION OF THE PROPOSED DL MODEL
Epochs
20 v
40 v
60 v
80 A A A R A A VAN VA I IV VA B I
Optimizers
ADAM I VA A A A I VA IRV I
SGDM v
POP v
NADAM 4
Batch Size
16 v
32 A A A A A A v SN
64 4
128 4
Learning Rate
0.1 v
0.01 4
0.001 AR AR AR A A A A A A 4
0.0001 4
Accuracy | 92 [ 91 [ 93 195[92 |91 |93 |95(93 95|91 |94|93|92|95|92

Bold denotes the most highest accuracy.

These metrics confirm a strong discriminative ability for the
model with good reliability in both balanced and imbalanced
scenarios.

a) Ablation studies: We performed several ablation stud-
ies and comparisons with pretrained models for the in-depth
evaluation of the proposed CNN model. In the first ablation
study, the performance of a proposed model under varying
hyperparameter settings, such as epochs, optimizers, batch size,
and learning rates, is done (see Table VII). The accuracy val-
ues, thus, depict the impact of those configurations on the
model’s effectiveness. The performance improves by increasing
the epochs (from 20 to 80), with a highest consistent result at
80 epochs. Among optimizers, the ADAM consistently shows

robustness across configurations. While others, such as SGDM,
POP, and NADAM, contribute moderately. Batch size variations
indicate that 32 is the best performance, although results can be
competitive with sizes of 16 and 64. The choice of learning rates
presents 0.001 as a stable and efficient rate since it achieves high
accuracy in most settings; on the other hand, others, such as 0.1
and 0.0001, present a high variability. This analysis highlights
the role of hyperparameter tuning, which should be used to
achieve an optimal model configuration with 95% accuracy.
The second ablation study compares the baseline level with
the addition of SE blocks, and the performance is computed
(see Table VIII). The baseline model resulted in an accuracy of
94.96%, a precision rate of 95.33%, a recall rate of 94.67%, and
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TABLE VIII: TABLE X
ABLATION STUDY 2 FOR NWPU DATASET, WHERE BASE MODELS ARE CLASSIFICATION RESULTS OF THE COASTAL DATASET USING THE PROPOSED
COMPARED ARCHITECTURE
Model Accuracy | Precision | Recall F1- Class Precision | Recall | F1- Support
(% (% %) Score Score
°) o) | (B | oy Anchorage 0.76 093 | 0.84 | 210
Baseline Beach 0.97 0.97 0.97 585
94.96 95.33 94.67 | 94.97 Harbor 0.58 047 0.52 60
Baseline Harbor & port 0.95 0.74 0.83 376
vsp ] 9570 | 96.04 | 9541 | 9572 P
Island 0.95 0.99 0.97 375
Lake 0.97 0.99 0.98 1275
TABLE IX
COMPARATIVE ANALYSIS WITH PRETRAINED MODELS FOR THE NWPU Landslide 0.98 0.90 0.94 231
DATASET Red Sea Fish | 1.00 100 | 1.00 | 315
Model Accuracy Parameters Model Model River 0.94 0.95 0.95 960
Name (Million) Z‘\Zﬁ}) Layers Snowberg 0.96 098 | 097 |384
Alexnet 84.66 60 240 8 Swimmimg_pool | 1.00 0.98 0.99 301
[30] Water 0.53 042 047 |60
Eg(g}]Gm 86.25 138 528 16 Wetland 0.92 0.89 0.91 392
VGG19 85.92 143.7 550 19 Micro Avg 0.95 0.95 0.95 5524
[29] Macro Avg 0.81 0.79 | 0.80 | 5524
leNet 83.41 6.8 27 22
g‘;‘]’g e Weighted Avg | 0.95 095 | 095 | 5524
ResNet50  90.14 25.6 98 50 Samples Avg 0.95 0.95 0.95 5524
[3 1] Bold denotes the most highest accuracy.
ResNet101 = 91.78 44.5 170 101
[3 l] Confusion Matrix
Proposed 95.70 2.64 10 211 Anchorage 159 6 3 3 s 1 4 3 4 8 s s 1200

an Fl-score of 94.97% . The addition of the SE block further
improved all the metrics, such as accuracy of 95.70%, precision
rate of 96.04%, recall rate of 95.41%, and the F1-score value
of 95.72% . This result shows that SE blocks improve feature
representation and enhance the model’s overall performance in
classification tasks.

Finally, a comparative analysis with standard pretrained mod-
els was conducted using a proposed accuracy and parameter effi-
ciency model. A comparison is performed in Table IX. From this
table, it is noted that the proposed model gained much accuracy
of 95.70% while having only 2.64 million parameters, making
it the most accurate and lightweight compared to benchmarked
architectures. Also, this highlights its exceptional balance be-
tween performance and computational efficiency, making it a
more practical choice for deployment in real-world applica-
tions, especially in environments with limited computational
resources.

3) Coastal Dataset Results: The coastal dataset results for
the proposed model are presented in Table X. Overall, the
proposed model obtained 94.94% accuracy on this dataset. The
precision rate of this dataset is 95.36, the recall rate is 94.81,
and the Fl-score value is 94.94% . The classwise results are
also presented in Table X. This table shows that the precision
rates of Anchorage, Harbor, and Water classes are 0.76, 0.58,
and 0.53, respectively, which are not good compared to other

Beach 1 567 o 1 1 1 2 4 4 1 1 1 1
Harbe 2 3 £ 2 2 5 3 1 3 1 2 1 1 1000
Harbor&port - 4 0 1 357 1 3 2 2 o 1 1 2
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Fig. 15. Confusion matrix of the Coastal dataset using the proposed architec-

ture.

classes presented in this dataset. This dataset’s micro average
precision rate is 0.95, the macro average precision rate is 0.81,
the weighted average precision rate is 0.95, and the sample
average value is 0.95. Similarly, the micro average recall rate
is 0.95, the macro average recall rate is 0.79, and the weighted
average recall rate is 0.95. Overall, it is observed that the recall
rate and precision rates are above 90% for this dataset using
the proposed architecture. Fig. 15 also illustrates the confusion
matrix of this dataset that shows each class’s improved correct
prediction rate.
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Fig. 16.  Training plots of the proposed architecture on selected datasets.

B. Discussion and Comparison With State of the Art

This section includes a brief discussion based on the proposed
architecture’s graphical and tabular form. Tables II-X present
detailed results for each dataset of this article. Moreover, the
obtained accuracy and precision values are supported through
confusion matrices, as seen in Figs. 11, 13, and 15. Moreover,
precision—recall ROC plots are also added to validate the pro-
posed model performance.

The detailed architecture of the proposed SEMSF-Net, which
was trained on three datasets separately, is presented. The train-
ing and loss curves are shown in Fig. 16. In this figure, the
graphs of the MLRSNet dataset depicted the model’s training
and validation performance over 25 epochs. The left graph
increases in both the training and validation accuracy. On the
other hand, the right graph shows a smooth decrease for both
training and validation loss, confirming the convergence of the
model. Although the validation loss varies slightly, its overall
decreasing pattern indicates that the prediction capacity is im-
proving. The graphs of the NWPU dataset show that the model’s
training and validation accuracy (left) and loss (right) have been
done over 80 epochs. Training accuracy is steadily increasing
to nearly 97%, while validation accuracy is stabilizing at a high
value after some initial fluctuations, which means that it has
learned effectively and generalized well. Similarly, the coastal
area dataset training curves show the validation and training
accuracy of over 90% and below 94.6% . Hence, the overall
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TABLE XI
COMPARATIVE ANALYSIS WITH SOTA FOR THE MLRSNET DATASET

MLRSNET Dataset Comparison
Architecture Accuracy | mF1 Params
FMA-Net [35] 91.0 11.3M
AMEGRF-Net [36] 91.51 14.8M
Yang et al. [37] 82.59 7.79M
VGG16 [55] - 68.01 134M
VGG16 + SSM [55] - 72.44 -
VGG16 + SRBM [55] - 71.26 -
VGG16 + SR-NET [55] - 73.80 31IM
VGG19 [55] - 67.10 140M
VGG19 + SSM [55] - 72.91 -
VGG19 + SRBM [55] - 70.12 -
VGG19 + SR-Net [55] - 73.33 36M
ResNet50 [55] - 85.68 24M
ResNet50 + SSM [55] - 86.58 -
ResNet50 + SRBM [55] - 86.07 -
ResNet50 + SR-Net [55] - 87.21 42M
ResNetl101 [55] - 86.05 43M
ResNet101 + SSM [55] - 86.92 -
ResNetl101 + SRBM [55] - 87.71 -
ResNet101 + SR-Net - 87.55 61M
[55]

DenseNet201 [55] - 86.17 18M

DenseNet201 + SSM - 86.56 -

[55]

DenseNet201 + SRBM - 86.26 -

[55]

DenseNet201 + SR-Net - 87.36 39M

[55]

Proposed 93.07 93.21 | 2.64M
NWPU Dataset

Architecture Accuracy | Params

Khan et al. [56] 93.3 5.7M

EAM [57] 93.04 -

WSADAN-ResNet50 [39] 92.63 -

BestC [58] 95.28 43.78M

Albarakati et al. [40] 91.7 18.6M

Proposed 95.70 2.64M

Bold denotes the most highest accuracy.

training of the proposed model seems smooth on the selected
datasets without any overfitting.

1) Comparison With State of the Art: The comparative anal-
ysis evaluates the proposed architecture against state-of-the-art
(SOTA) models in terms of accuracy, mean F1-score (mF1), and
parameter efficiency (see Table XI). The proposed model out-
performs all existing architectures with an accuracy of 93.07%
and an mF1-score of 93.21% . In addition, the proposed model is
highly parameter efficient with just 2.64M parameters, which is
much smaller than other architectures, such as ResNet101 with
SR-Net (61M) and DenseNet201 with SR-Net (39M). Notably,
SOTA models, such as AMEGRF-Net accuracy of 91.51%, pa-
rameters 14.8M, FMA-Net accuracy of 91.0%, and parameters
11.3M, are a bit higher in parameters and lesser in terms of
accuracy than the proposed architecture.
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Similarly, for the NWPU dataset, it shows that the proposed
model improved the accuracy and less required trainable pa-
rameters. The existing architectures, such as in [5], achieve
93.3% accuracy with 5.7 million parameters, while EAM [6]
achieves 93.04% . WSADAN-ResNet50 [7] delivers 92.63%
accuracy, and Pal and Mather [9] obtain 91.7% with 18.6 million
parameters. BestC [8], with an impressive accuracy of 95.28%,
is very parameter intensive and has 43.78 million parameters,
which makes it less efficient. The proposed model surpasses
these approaches with a maximum accuracy of 95.70% and also
has only 2.64 million parameters. This indeed shows a wonderful
balance of accuracy and computational efficiency that makes
the proposed model more suitable for resource-constrained en-
vironments. Moreover, it makes the applicability more effective
toward real-world practice.

2) GradCAM Visualization of the Proposed SEMSF-Net:
Finally, to analyze the training of the proposed model on se-
lected datasets, we performed interpretation through GradCAM
visualization. GradCAM highlights different areas of the image
with different colors, and each color shows the importance of
that region in the overall classification. The red color shows that
these areas are most critical and influential. The model’s decision
heavily relies on these regions, whereas orange or yellow colors
show that these regions have a moderate influence on model’s
output, while the blue color shows little to no influence. Overall,
the image shows the visual outcome of a model’s classifying per-
formance, including Grad-CAM visualizations for interpretabil-
ity. Correctly classified examples are marked with green ticks,
showing accurate predictions that include “airplane,” “bridge,”
and “baseball diamond.” The Grad-CAM heatmaps depict re-
gions contributing to the predictions: they align well with target

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 18, 2025

l Coastal Dataset Visualization

GradCAM visualization of the proposed SEMSF-net model on the selected dataset.

objects. However, an incorrect classification is also obtained and
circled by a red cross, such as the “Beach” class, which shows
that the model could not successfully localize or interpret the
dominant characteristic features and, thus, produced heatmaps
on the wrong characteristics.

In the samples of the NWPU dataset, each row is a class from
Airfield to Anchorage, Dense Residential, Forest, and more,
which are represented by the predicted labels and confidence
scores accompanying the Grad-CAM heatmaps. Most predic-
tions align well with the actual class, as the green checkmarks
indicate; thus, the model is precise. However, there are a few mis-
classifications, marked by red crosses, which indicate areas for
improvement. For the coastal region dataset, the Harbor & Port
classis wrongly predicted by the proposed model. In contrast, the
rest of the images are correctly predicted and generated heatmap
on the correct region. Hence, the results emphasize the model’s
strength in feature localization and classification accuracy, but
the occasional errors give insights into further refinement.

V. CONCLUSION

This article proposes a novel SEMSF-Net to classify LULC
and the coastal regions using the RS images. In the proposed
network, several blocks are designed based on multiscale such
as dense, inception, inverted, and bottleneck residual embedded
with the SE module to extract an RS image’s more in-depth
feature information. The proposed architecture is trained on
three datasets: Coastal dataset, MLRSNet, and NWPU, with an
improved accuracy of 94.94%, 93.7%, and 95.70%, respectively.
Based on the detailed ablation studies and comparisons, we
conclude the following points:
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1) The datasets used in the work are imbalanced or have
fewer training images; however, the proposed network
is especially designed for imbalanced and smaller image
datasets. With the current datasets, there is no need for
augmentation; the network training performance is not to
be degraded.

2) The SE module increased the entire network’s learning
capacity when embedded with dense, inception, and bot-
tleneck residual blocks.

3) The use of SE with these blocks increased the train-
ing/testing accuracy and reduced the learnable parameters
that make this network more suitable for real-time appli-
cations.

4) GradCAM-based interpretation of the proposed shows
the correct prediction with high accuracy and precision
rate; however, for the few images, a wrong prediction
occurred.

The limitation of the proposed framework is the model pro-
duced some misclassification for class with small differences
between classes, such as “Harbor’ and “Harbor & Port.” There is
a slight performance drop for noisy or underrepresented classes
in the imbalanced datasets, suggesting room for improvement
in handling data imbalance issues, and the proposed model
components do limit long-range dependencies and do not have
the similar modeling features of a transformer architecture.
Therefore, we will explore various architecture designs with
vision transformers and also various modifications in data aug-
mentation techniques to improve classification performance and
generalizability in the future.
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