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Abstract— Remote Sensing is an area anthropogenic study
undertaken worldwide. It has succeeded significantly in
important applications such as climate monitoring,
disaster prediction and land use planning. However, due to
the diversity of scales, intra-class similarities, and complex
scenes, the accurate recognition process remains
challenging. Transformers' global attention mechanism
helps them to overcome the limitations of CNNs' local
receptive fields; however, they have drawback of increased
computing complexity. To overcome such challenges, this
work proposes an Adaptive Scale-Space Pyramid Network
(ASSPN) for improved remote sensing image classification.
The ASSPN architecture contains a learnable Gaussian
pyramid module for multi-scale feature representation, a
scale selection attention mechanism for dynamically
weighing feature relevance, a cross-feature propagation
module for fusion guided by uncertainty, and a
complexity-aware adaptive pooling module for preserving
semantic  discriminative features. Experiments are
performed three benchmark datasets such as EuroSAT,
NWPU-RESISC-45, and MLRSNet. On these datasets, the
ASSPN achieves state-of-the-art results with accuracies of
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96.14%, 94.73%, and 95.42%, respectively. The obtained
accuracy is outperforming previous CNN and
transformer-based systems with significant margins.
Furthermore, ASSPN is noise perturbation-resistant and
shows generalization capability across a wide range of
land-cover categories. Ablation studies established the
complementary benefits of the core modules, while LIME-
based explainability analysis confirmed the predicative
trustworthiness of the model.

Index Terms— Remote sensing; Image classification;
Adaptive Scale-Space Pyramid Network (ASSPN);
Complexity-aware pooling; Multi-scale feature fusion;
Explainability; Gaussian pyramid; Attention Mechanisms

. INTRODUCTION

emote sensing can be defined as the method of gathering

data and information about an object without making

physical contact with it [1]. It involves the use of specific
sensors that can detect the wavelengths of emitted and
reflected radiation from an object [2]. As remote sensing
provides detailed information about local and global regions,
its applications include climate monitoring, resource
management, disaster prediction, weather forecasting,
precision agriculture, forest management, and many others [3-
5]. Technological advancements in satellite imagery result in
large amounts of RS data, which become a gain and a strain at
the same time. It helps improve predictions and observations,
but handling this large amount of data is a challenging task
[6]. In early times, manual approaches were used to handle
and analyze RS data, which required a lot of time and human
labor. Despite these efforts, high error rates impaired the
reliability of this approach, and with the surge in RS data, this
option is no longer available [7]. With the rise of Industry 5.0,
the use of Al systems has become highly popular, and
researchers have started to explore their effectiveness in
remote sensing image classification [8].
Remote sensing images are challenging to classify due to
irregular regions, multiple scene associations, high inter-
similarity, and complex scenic backgrounds [9, 10]. Therefore,
the traditional Machine learning algorithms like Support
Vector Machine [11], Random Forest [12], Decision trees [13,
14] and K-Nearest Neighbors [15, 16] are not suitable for this
purpose due to their reliance on hand-crafted features. This
drawback of ML algorithms limits their generalization and
restricts their ability to adapt to changing environmental
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conditions and data variations [17, 18]. These challenges were
addressed by Deep Learning (DL), a branch of ML that
supports automatic feature extraction to handle high-
dimensional data such as images, audio, videos, etc. A
Convolutional Neural Network (CNN) is a fundamental deep
learning algorithm that shows promising results in image
classification tasks; however, a traditional CNN is not suitable
for RS image classification due to its inability to capture
global spatial relations, which are highly important in RS

)
4

images [19]. Moreover, the diverse scales and high variations
in RS data can pose a challenge for traditional CNNs due to
their fixed-scale feature extraction [20, 21]. A few sample RS
images can be shown in Figure 1. In this figure, it is observed
that the each image include different objects and patterns.
Also, due to some images contains low resolution make the
classification process using traditional techniques complex
and harder [22].

PP

2~

Figure 1: Sample Remote §e:nsing lr;qages

To resolve these issues, various deep learning techniques have
been introduced [23-25]. For instance, Alsubaei et al. [20]
presented a novel block scrambling-based encryption with a
privacy-preserving optimal DL technique (BSBE-PPODLC)
for RS image classification. The presented technique
incorporates a two-stage process, which includes RS image
encryption via BSBE and classification through DenseNet
feature extraction. XGBoost is used as a classifier, and the
artificial Gorilla Troops Optimizer (AGTO) is utilized for
hyperparameter optimization. This model is applied to the
UCM dataset and produces a peak signal-to-noise ratio equal
to 55.22dB demonstrating high quality of encryption and an
overall accuracy equal to 99.06% showing good quality of
classification performance. However, because it is specifically
developed on aerial images, its applications are limited. Firat
et al. [26] proposed a new three-dimensional residual spatial
spectral convolutional network (3D-RSSCN) aimed at
hyperspectral image classification. The approach performs
principal component analysis (PCA) to perform spectral band
reduction of HSRI, which are then segmented into 3D non-
overlapping patches and fed into the network. ResNetl8
processes the 3D patches to retrieve spatial-spectral features
while maintaining a beneficial gradient flow. The proposed
model is evaluated on three datasets, and the results show 3D-
RSSCN achieved classification accuracy scores of 99.93% on
Indian Pines, 99.99% on Pavia University, and 100% on the
Salinas dataset. However, the added computational complexity
of the model may limit its use in practice. Esmaeili et al. [27]
developed a ResMorCNN model for improving HSRI
classification accuracy, leveraging a 3D Convolutional Neural
Network that included, as morphological features, spatial-
spectral features extracted by skip connections. The approach
is to combine the 3DCNN with a spatial-spectral morphology
box (SSMB). The SSMB consists of a parallel network of four

morphological operators with convolutional layers. Residual
connections are used to inject morphological features into
3DCNN, thereby enhancing feature extraction and improving
overall feature classification. The presented model is
evaluated on four datasets, achieving an overall classification
accuracy of 97.81% on the Indian Pines dataset, 99.33% on
the Pavia University dataset, 98.67% on the Houston
University dataset, and 99.71% on the Salinas dataset.
However, the problem of increased computational complexity
remains the same. To improve the classification accuracy of
RS images with small training samples, Zhang et al. [28]
presented a novel hybrid classical-quantum transfer learning
CNN model that combines a 4-qubit tensor quantum circuit
with a pre-trained ResNet34, utilizing quantum encoding and
variational quantum circuits. The presented model is evaluated
on two datasets, and experimental results reveal that the model
achieves classification accuracies of 95.81% (90/10) and
96.62% (80/20) on EuroSAT, and 97.33% (20/80) and 98.82%
(50/50) on the AID dataset, respectively. However, in addition
to the high computational cost, the limited number of samples
and the less diverse dataset question the generalization of the
model.

Sitaula et al. [29] presented a novel deep learning technique
that incorporates an enhanced attention module (EAM) to
improve the classification of high-resolution remote sensing
images. For this purpose, features are extracted from the
ResNet-50 architecture, and EAM is applied with an improved
convolutional block attention module (ICBAM) to extract
multi-scale information. An atrous spatial pyramid pooling
(ASPP) and global average pooling (GAP) are used to fuse the
features, which are then used for classification. Three datasets
are used to evaluate the model, and the results indicate that the
presented model outperforms most state-of-the-art (SOTA)
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architectures, achieving classification accuracies of 95.39%,
93.04%, and 98.61% on the AID, NWPU, and UCM datasets,
respectively, with a low standard deviation of 0.001. However,
this approach cannot effectively handle spatial similarities and
also requires substantial computational resources. In [30], the
authors presented a deep learning approach to detect large-
scale forest disturbances by combining DL time series
classification with prior knowledge constraints. The method
involves a two-stage process, in which the first stage consists
of preprocessing data using cloud masking and calculating the
NBR index. This preprocessed data then enters the first stage
of the model, where a self-attention module classifies the
Landsat data to detect disturbance patches. In the second
stage, a skip disturbance recovery index using prior
knowledge is used to pinpoint disturbance years. Experimental
findings reveal that the presented model outperforms
LandTrendr and Global Forest Change, achieving an overall
accuracy of 87.8% with lower emission rates (10.0% to
67.4%). However, the model struggles to detect low-
magnitude changes and periods due to the limited training
data. Pushpalatha et al. [31] presented a CNN-based deep
learning technique for LULC classification and change
detection. For this purpose, LISS-I1I satellite image data is
used and preprocessed for radiometric, geometric, and
atmospheric corrections. This preprocessed data is further
processed to form a composite image from relevant bands,
which is then used for feature extraction. A CNN model is
trained with 60% training data, 20% validation data, and 20%
test data. Experimental findings indicate that the presented
model achieved classification accuracies of 94.08% and
96.30%, with kappa values of 0.926 and 0.934 for the 2010
and 2020 data, respectively. For land change detection, the
study found an increase of 8.34 square kilometers in built-up
areas, 2.21 square kilometers in agricultural lands, and a
decrease of 1.49 square kilometers in forest cover. However,
the accuracy of the model can be further improved by
increasing the resolution of the images.

Van et al. [32] investigated the potential of deep learning
models to detect natural climate disasters. In this study, two
types of disasters —flooding and desertification —are
considered. A customized Climate Change dataset is also
considered, which consists of 6334 images collected from
open-source datasets. Four DL models, namely DenseNet201,
VGG16, ResNet50, and a Convolutional Neural Network, are
trained on a customized dataset. Results indicate that all the
models have potential in image classification and detection;
however, DenseNet201 and ResNet50 achieved higher
accuracy, reaching 99.37% and 99.21%, respectively.
However, the small size and limited diversity of the dataset
can be improved in the future for better results. Vaghela et al.
[33] analyzed the performance of different versions of YoloV8
for the classification of agricultural lands. The dataset selected
for this research contains a diverse range of classes, including
forest, highway, Sealake, pasture, river, residential, etc. Three
different versions of YoloV8 models are employed, including
medium, small, and nano versions, and are trained on the
selected dataset. The performance of all versions for different
numbers of epochs, momentum, learning rates, optimizers, and
weight decays is observed to analyze the impact of

hyperparameters. Experimental results indicate the potential of
YoloV8 in the image classification task; however, the
comparison reveals that the medium version of YoloV8 is the
most effective, achieving a classification accuracy of 99% at
50 epochs, while the other two models achieved 98.60%
(nano) and 98.50% (small), respectively. Haider et al. [34]
assessed the performance of a total of ten pre-trained
convolutional neural networks from the deep learning family
on three separate datasets: EuroSAT, NWPU, and Earth
Hazard. The authors aimed to address the story of the accuracy
and computational efficiency trade-off by implementing five
separate neural network classifiers across each architecture.
All models were examined on the chosen datasets and results
show DenseNet201 was again shown to outperform all models
in terms of accuracy, with classification accuracies of 97%,
99.40%, and 97.80%, respectively on EuroSAT, NWPU, and
Earth Hazard. However, MobileNetv2, while not performing
slightly lower accuracy than DenseNet201, Managed to
outperform all models, achieving the highest computational
efficiency measuring the time taken for each model to predict
that stood at 39.943s on EURSAT, 27.482s on NWPU, and
2.8986s on earth hazard. The factor of classifier was an
observed influence as well where it seemed that the Wide NN
classifier was the better suited for more diverse datasets,
whereas the Medium NN classified held more optimization
towards speed.

In summary, the methods discussed above have emphasized
pre-trained models, focusing on which one provides the best
computational efficiency, accuracy, and precision rate.
However, these methods have not built on the most recent
approaches and models such as ViT architectures and fused
models at the network level, so they do not tackle challenges
associated with transferability and generalizability of the
model. The prior challenges can be associated with limited
generalization capabilities across datasets, poor performance
due to limited data, noise sensitivity, inefficient modeling of
multi-scale features, and static extraction of meaningful
features. In this work, we propose a novel ASSPN network
that incorporates multiple modules for the better feature
learning. The modules are a learnable Gaussian Pyramid, scale
selection attention module, a cross-feature propagation
network, and complexity-aware adaptive pooling for
classification. Following are our key contributions in this
work.

e We proposed a novel deep learning architecture that
integrates a learnable Gaussian pyramid, scale
selection attention, cross-feature propagation, and
complexity-aware pooling with named ASSPN,
effectively addressing challenges of fixed-scale
processing, inter-class  similarity, and noise
sensitivity in remote sensing image classification.

e We employed complexity-aware adaptive pooling
mechanism that intelligently balances max-pooled
and average-pooled features based on image
complexity scores. This module enables the network
to adapt to both simple and highly complex scenes
flexibly.
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e Tree Structured Parzen Estimator optimization is redundant or noisy scale contributions might still appear in the
employed for selecting the best hyperparameters for  reasoning of the network, a Scale Selection Attention Module
the proposed ASSPN model during the training (SSAM) is implemented, forcing the network to evaluate each

process. scale's relevance for a particular scene, thus allowing the

e A detailed comparison and ablation studies has been ~ network to concentrate on scale-specific information.
conducted to validate the proposed ASSPN model. However, even scale relevance cannot eliminate ambiguity in
uncertain or visually overlapping regions; therefore, a Cross-

II. PROPOSED METHODOLOGY Propagation Feature Module (CPFM) is added to allow the

distinctive contribution of benign or useful features to be
propagated across scales while minimizing unreliable features.
Finally, since remote sensing scene complexity can vary
substantially from a simple homogeneous field to a densely
cluttered cityscape, Complexity-Aware Adaptive Pooling
Module (CAPM) is incorporated to manage the complexity for
balancing the dual pooling descriptor: max-pooled descriptors
to represent semantic structure and average pooled to conserve
fine-grained details. All of these modules are designed to work
together for a coherent design continuum utilizing adaptive
scale generation, selective attention, uncertainty-based
refinement, and complexity aware pooling features into one
system for robust classifying of remote sensing scenes. The
detailed proposed ASSPN network is demonstrated in Figure
2.

Remote sensing environmental scenes frequently contain
objects that exist in a great diversity of scales, show
pronounced inter-class similarity, and include confounding
complex backgrounds; thus, employing a fixed scale (or fixed
set of scales) for feature extraction will not produce
meaningful and robust scene classification performance. To
overcome these limitations with static, fixed-scale feature
extractors, The ASSPN framework integrates four innovative
and deliberately designed, complementary modules identified
to address particular deficiencies in existing multi-scale fusion
networks. The first module provides a learnable Gaussian
Pyramid Module for generating adaptive scale-space
representations, allowing the network to model fine-scale,
medium-scale and coarse-scale spatial patterns that can
frequently occur in aerial imagery, but are underrepresented in
conventional CNN feature hierarchies. Following, because
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Figure 2: the proposed ASSPN framework that support RS scene classification through adaptive multi-scale generation, scale selection
attention, cross-scale feature propagation and complexity-aware pooling.

the fundamental modules present in ASSPN. The Gaussian

To enhance architectural consistency and reduce confusion Pyramid Module (GPM) produces adaptive multi-scale

relating to components, we present a preliminary overview of
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representations for capturing fine, medium, and coarse spatial
structures. The Scale Selection Attention Module (SSAM)
generates dynamic relevance weights for each individual scale
to ensure that the most discriminative resolutions are
optimally represented. The Cross-Propagation Feature Module
(CPFM) is responsible for uncertainty-guided cross-scale
fusion mechanisms that will allow reliable features to be
propagated while at the same time suppressing uncertain or
ambiguous information. The Complexity-Aware Pooling
Module (CAPM) adaptively balances max- and average-
pooled descriptors based on estimated scene complexity,
allowing for the preservation of global semantic cues as well
as fine scale detail. Collectively, these modular components
provide a coherent multi-scale learning pipeline that improves
feature representation and improves robustness across a
variety of remote sensing applications.

A. Gaussian Pyramid Module

The proposed model accepts the input of 224 x 224 x 3 and
passed it to learnable Gaussian Pyramid Module (GPM). This
module generates multiple feature representations of input
image, represented asV = {V,,V;,..V,_;}, where V is the
version of image and s denoted the number of scales. The
Guassian Pyramid Module has four convolutional kernels

initialized with Gaussian weights and increasing blur strengths
such as [0.5,1.0,1.5,2] to generate slightly blurred,
moderately blurred, strongly blurred, and super blurred
versions of image. For a scalej, the 2D Gaussian kernel
K;(x,y) is mathematically formulated as follows:

=2+ y-1)?
2
i (1

Where A = > and K denotes kernel size and o is the

blurring strength and defined as o; = 0.5+ X 0.5. Each
version is down sampled to half of its precursor, resulting
in224 x 224,112 x 112 ,56 x 56, and 28 x 28 feature
representations, which are defined by the following
mathematical formulation.

v, = K, «Z
V1 = Kl * a(‘/o, 0.5) (2)
V, = K; 9(Vj_1,0.5)

Ki(x,y) = e

Ks—-1

Where 9 denoted the downsampling and 0.5 is the rate for
each version down samples. The learnable Gaussian module is
visually presented in Figure 3.
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Figure 3: Gaussian Pyramid Module builds an adaptive multi-scale representation of the input image using adjustable Gaussian kernels with
increasing standard deviations. Each blurred response will be down-sampled to establish four-resolution scale pyramids to consistently extract
fine-to-coarse spatial structures for remote sensing scene classification.

B. Scale Selection Attention Module (SSAM)

At this phase, the coarsest three versions are upsampled to
match the dimensions of the finest version, ensuring that the
feature extraction module has all versions of the same
dimensions. The feature extractor is composed of four
convolutional blocks, and each block consists of two 3x3
convolutional layers followed by a batch normalization layer.

In the first three blocks, a MaxPooling layer is employed to
downsample the spatial dimensions. The feature extractor
module is mathematically formulated as:

F= foou (£ (R(A))) 3)

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully ¢

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2026.3651659

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 6

fi = 6<ﬁ (cm (6 (B(C3x3(V))))>> fori=123

(4)
fpool = Mpool(fi) (5)

Where V is the input version, S denotes the batch
normalization operation, § denotes the ReLU activation layer,
Csx3 is the convolutional operation, and M,,,, denotes the
Max pooling operation. Each input version is passed to a
separate feature extractor; however, all the feature extractors
are identical in architecture. All the feature maps are passed
through their corresponding global average pooling layers to
convert the feature maps into 70 dimensions.

Fi=FW,) fori=1{01,..3} (6)

g = GAP(F) = =S Fi(h,w) @)

Where H and W denote the height and width of the feature
map, all four vectors are stacked and averaged across scales to

form a single 1x1 vector. This single vector then passed
through the attention module, which consists of two linear
layers, with ReLU applied to the first layer and SoftMax
applied to the second layer. This attention module generates

four attention weights for  corresponding  scales.
Mathematically it is formulated as follows:
G = _21 0 %i (8)

1/J(W”.6(W’.G +b)+ b") 9

Where a denotes attention weights, 1 presents SoftMax
activation, G represents the combined feature map, W and b
denote weights and bias terms of the corresponding
convolutional layers. These weights indicate the relative
importance of each scale, helping the network focus on the
most informative regions. The architecture of the feature
extractor and the Scale selection attention module is shown in
Figure 4.
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C. Cross Propagation Feature Module (CPFM)

The extracted feature maps are passed to the cross-feature
propagation module, in which each scale is processed to
generate an enhanced version. Each scale is passed through an
uncertainty network to generate a corresponding uncertainty
map. This uncertainty map contains a score from {0-1} for
each pixel value, where higher scores mean that the model is
uncertain about this pixel, while a lower score implies
certainty. The uncertainty network is composed of two
convolutional layers, where ReLU 4, follows the first layer,
and the second layer is followed by sigmoid activation .
Mathematically defined as:

ony lmv mn g

Attention weights

33

Feature Extractol:
Figure 4: Proposed Feature Extractor and Scale Selection Attention Module (SSAM)

U = (G (8(C0a(F)) (10)

Where U; denoted the uncertainty map of it" scale. After
creating uncertainty maps, the original scales are concatenated
with each other according to these maps to generate enhanced
versions. For this purpose, the finest version remains the same,
while scale two is concatenated with scale one and passes
through a 1x1 convolutional layer to create a fused
representation. This fused feature map is multiplied by the 1-
uncertainty map, while the original finer scale is multiplied by
the uncertainty map. The outputs of these operations are then
added together to generate enhanced scale 2. Mathematical
expression for this process is defined as follows:
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Fienn = [{Crxa (Fi 1 Fi—)} ® 1 = U] + [Fi-1 QU] (11)
Where F; .,,, denoted enhanced version of i* scale and ®
denoted element-wise multiplication. This enhanced version
contains features of the original finer scale when the
uncertainty score is high and prioritizes features of the fused
scale when the uncertainty score is low. In this way, it

Enhanced Scale 1

preserved the original scale features while also adding the
fused scale features. The same mechanism is applied to the
other two scales. In this last of module, we have four enhanced
scales, which wused for further processing. The Cross
Propagation Feature Module (CPFM) is shown in Figure 5.
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Figure 5: Proposed Cross Feature Propagation Module (CPFM) for cross-feature propagation

D. Complexity Aware Pooling Module and Classification
Head

These enhanced scales are then multiplied with their
corresponding attention weights generated by the scale
selection attention module to create a single feature
representation which can be defined as:
F= f;g(al X Fi_enh) (12)

A complexity-aware adaptive pooling is then applied to this
feature map to balance the features according to their
complexity level. For this purpose, the feature is passed
through a complexity net, an average pooling layer, and a max
pooling layer simultaneously. The complexity net, which
consists of two convolutional layers followed by ReLU and
sigmoid activation, generates a complexity score for each
image. This complexity score is multiplied by the Maximum
pooled features, while the average pooled features are
multiplied by 1 minus the complexity score. The outputs of
both operations are added to create a single pooled feature
map. Mathematically, this process can be defined as follows:

Cy=u (C1><1 (5(C3><3(F)))) (13)

Fadap = ((CN®Fmax) + (1 - (CN®Faug) (14)

Here, Fnq represents Max pooled features and Fg,,
represents average pooled features. It means the model will
prioritize max-pooled features when the complexity score for
an image is high and average-pooled features when the
complexity score is low. As a result, the model will be able to
handle a diverse range of data accordingly. This pooled
feature map is flattened to a 25088-dimensional vector and fed
to the classifier. The classifier consists of a dropout layer with
a dropout rate of 0.5, which is followed by a linear layer and a
ReLU activation function. Another set of dropout, linear, and
ReLU is incorporated after that. Finally, a linear layer is
integrated that outputs the logit scores for each class, and the
class with the highest score is considered the final prediction.
A pictorial representation of this process is shown in Figure 6.
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Figure 6: Complexity Aware Adaptive Pooling Module for RS image classification model

E. Hyperparameter Tuning Using Tree Structured Parzen
Estimator

The proposed ASSPN model is trained on selected datasets
using several hyperparameters. During the training process,
the hyperparameters are optimized using the Tree Structured
Parzen Estimator [35]. The TPE is a type of Bayesian
optimization in which probabilistic model is built to search
hyperparameter space. Unlike BO, where an objective
function is modeled, TPE models the probability distribution
of the objective function. It evaluates the hyperparameters and
categorizes them into two separate groups: good-performing
hyperparameters and bad-performing hyperparameters. The
performance of hyperparameter is evaluated based on
quantile y. The distribution of hyperparameters can be defined
as:

I(x) =Pxly) <y

good performing hyperparameter (16)
gx) =Ply) >y g
bad performing hyperparameter a7

Where P(x|y) presented the probability of hyperparameter x
. — e . . I(x)
given objective value y. The acquisition function is proey and
the hyperparameters that maximize this acquisition function
are likely to perform well. The stopping criteria is set at 50
epochs and 0.15 is the value of y. The hyperparameter space
that is given to optimization technique and the selected

hyperparameters are listed in Table 1.

Table 1: Hyperparameter space and selected values for the proposed
model

Hyperparameter Search Space Selected Value
Number of Epochs 50-150 100
Learning rate 0.0001- 0.001 0.001
Optimizer AdamW, Adam, Adamw
SGD
Batch size 32, 64, 256, 512 512
Weight decay 0.001-0.01 0.01

I1l. EXPERIMENTS AND DISCUSSION

A. Datasets

For the experimental process, three different datasets are
selected such as EuroSAT, NWPU and MLRSNet.

EuroSAT [36]: EuroSAT is an open-access dataset containing
sentinel-2 RGB images. The pixel size of each image is
64 x 64 and group-sampling distance is 10m and it has 10
different classes with 27000 samples.

NWPU [37]: NWPU is an open-source uni-label dataset
where each image has pixel size of 256 x 256 and dpi
of 96 x 96. This dataset consist of 12 classes and 10500 total
samples.

MLRSNet [38]: An open-source multi-label dataset where
each image has pixel size of 256 x 256 and resolution range
of 10m — 0.1m. This dataset is annotated with 60 labels
where each image can have labels between 1 to 13. There are
46 number of classes with 109161 samples. A few sample
images of each dataset are shown in Figure 7.
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Figure 7: A few samples RS images of each selected dataset

B. Experimental Setup

The experimental process is discussed in this section. The
proposed architecture is evaluated using three datasets, as
mentioned in Section 3.1. Each dataset has been divided into a
70:30 approach, which means 70% of the images are used for
training, and the remaining 30% are utilized for the testing
phase. The hyperparameters, such as epochs, learning rate,
optimizer, batch size, and weight decay, are selected using the
TPE method during the training process. These
hyperparameter values are given in Table 2. In testing, several
performance measures are computed, including precision,
recall, F1-score, support, ROC, PRC, and AUC curves. All the
experiments are conducted using Python with Pytorch as a
framework on the workstation with 1.5TB RAM, 16 Tesla
V100 GPU, each of 32 GB.

1) Results of Proposed ASSPN on MLRSNet

In this section, the proposed model classification results for
the MLRSNet dataset are discussed in the form of numerical
values and a confusion matrix. Table 2 presents the
performance of the proposed ASSPN model on the MLRSNet
dataset. The overall test accuracy of the model was 95.42%.
The macro and weighted averages for precision, recall, and
Fl-score were approximately 0.95, indicating balanced
performance across all classes without a significant bias
towards the majority of categories. The class-wise results
demonstrate that the proposed ASSPN model has maintained
high degrees of discriminative power across a wide range of
categories. Classes that have distinct spatial and semantic

features, like a swimming pool, have a precision value of 0.99,
a recall rate of 0.99, and an F1-score value of 0.99. The
shipping yard class, for example, had a recall score of 0.99, a
precision score of 0.99, and an F1 score of 0.99. The vegetable
greenhouse class has a precision score of 0.9903, a recall score
of 0.98, and an F1 score of 0.98. These types of classes are
successfully distinguished with a higher precision score. This
performance shows the model is effectively capturing the fine-
grained texture patterns and structure features that arise from
the natural environment. Similarly, the others, such as the
beach, cloud, and wind turbine categories, had an F1 score
above a score of 0.98, again demonstrating the model's
strength in producing structured landscapes that have
distinctive visual cue attributes. Conversely, there were a few
categories, such as railway, railway station, and stadium
classes, that did not demonstrate as high a recognition
performance and inter-class similarity and shared visual cue
attributes. The railway class had an F1 score of 0.87, railway
station classes a score of 0.83, and stadium classes had a score
of 0.91, which are suspectable to misclassified outcomes. The
wetland class had an F1 score of 0.93, while the park class had
an F1 score of 0.90.F1-score had relatively lower precision
and recall, which could be explained by overlapping
vegetation patterns and heterogeneous land-cover textures.
Overall, the proposed model consistently yielded strong
results above 0.90 across these more challenging classes,
emphasizing the model's generalization capacity.
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Table 2: Classification report of proposed ASSPN architecture for MLRSNet dataset

Class Precision | Recall | F1- Support | Class Precision Recall | F1- Support
Score Score
airplane 0.96 0.96 0.96 527 meadow 0.94 0.93 0.93 749
airport 0.94 0.95 0.94 655 lake 0.96 0.97 0.96 729
bareland 0.91 0.92 0.91 472 island 0.98 0.98 0.98 748
Baseball 0.97 0.94 0.97 573 Industrial 0.94 0.92 0.93 623
diamond area
Basketball 0.94 0.92 0.93 912 intersection 0.97 0.96 0.96 746
court
beach 0.97 0.98 0.98 759 mountain 0.93 0.91 0.92 755
bridge 0.94 0.94 0.94 749 overpass 0.90 0.90 0.90 765
chaparral 0.97 0.98 0.98 776 park 0.93 0.88 0.90 502
cloud 0.97 0.98 0.98 535 Parking lot 0.97 0.97 0.97 752
Commercial 0.90 0.94 0.92 737 Harbor 0.98 0.98 0.98 741
area port
Dense 0.97 0.98 0.97 830 Ground track 0.94 0.92 0.93 753
residential area field
desert 0.95 0.96 0.95 751 parkway 0.93 0.93 0.93 775
Eroded 0.91 0.93 0.92 766 Mobile home park | 0.98 0.97 0.97 744
farmland
farmland 0.94 0.97 0.96 696 railway 0.89 0.86 0.87 723
forest 0.96 0.97 0.96 761 Railway 0.86 0.81 0.83 653
station
freeway 0.94 0.97 0.96 717 river 0.96 0.95 0.96 741
Golf course 0.97 0.95 0.96 759 roundabout 0.95 0.97 0.96 585
Shipping 0.99 0.99 0.99 734 Storage 0.97 0.96 0.96 759
yard tank
snowberg 0.94 0.97 0.95 748 stadium 0.91 0.91 0.91 743
Sparse 0.96 0.97 0.96 567 Swimming 0.99 0.99 0.99 629
Residential pool
area
Tennis 0.93 0.95 0.94 763 terrace 0.95 0.97 0.96 758
court
Transmission 0.98 0.97 0.97 750 Vegetable 0.99 0.98 0.98 827
tower greenhouse
wetland 0.93 0.92 0.93 788 Wind 0.99 0.98 0.98 624
turbine
Overall performance
Test Accuracy | 0.9542
Macro Avg 0.95 0.95 0.95 Weighted | 0.95 0.95 0.95
Avg

Figure 8 illustrates the confusion matrix of the proposed
model for this dataset, which can be used to confirm the
overall performance, including the macro average test
accuracy and weighted average test accuracy. The majority of
predicted actions fall within the diagonal range, as expected
from the model's ability to discriminate between classes
strongly. Only minor off-diagonal elements were noted,
illustrating that the degree of confusion about visually related

categories was limited. For example, a minor misclassification
would occur between a park and a mountain, or a tennis court
and a basketball court, which was predictable as they share
structural layouts in addition to a shared background context
in  high-spatial  resolution remote sensing imagery.
Importantly, the confusion matrix further endorses that these
misclassifications occur at low rates, often below 5%.
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Figure 8: Confusion matrix of ASSPN for MLSRNet dataset

2) Results of Proposed ASSPN on NWPU-RESISC45

In this section, the proposed ASSPN model results are
discussed on the NWPU dataset (see Table 4). In Table 3, the
overall test accuracy is 94.73% with a macro-averaged F1-
score of 0.94 and a weighted F1-score of 0.94, respectively.
All of which is indicative of the model's stability across all
categories, even with a dataset that is disreputably difficult
due to high intra-class variation and inter-class similarity. In
this table, class-wise accuracy is also discussed, which shows
a good discrimination ability across all categories. As noted,
there were distinct categories, including Anchorage with a
precision rate of 0.99, Farm with a precision rate of 0.96, and
Forest with a precision rate of 0.97, all of which showed high
recognition. These performance results show that ASSPN can
systematically incorporate both the spectral and structural
patterns prevalent in naturally occurring land cover visible
over the dataset. Besides these successful categories, other
categories with similar strong structural regularities, such as
Parking Space (precision rate of 0.92) and Dense Residential
(precision rate of 0.94), are also classified with high
reliability, showing that ASSPN took advantage of fine-

grained spatial features. However, some classes performed
relatively lower due to visual similarities with other
categories, such as Game Space, which has an F1-score of
0.93, and Storage Cisterns, which has an F1-score of 0.93.
Both classes exhibited slightly lower accuracy; their respective
dimensionalities were likely rendered similarly to urban
categories with shared structures nearby, such as Parking
Space and Flyover. Also, Sparse Residential (F1-score)
reflected the more difficult nature of distinguishing categories,
as it sometimes overlaps with Dense Residential. These
challenges are highlighted and present a challenge when it
comes to high-resolution imagery, as there can be varying
levels of density.

Figure 9 presents the confusion matrix of the proposed model
for this dataset, showing that the majority of the predictions
cluster along the diagonal, indicating a strong discriminative
ability. A few cases have some degree of confusion, such as
Beach and Game Space, or River and Sparse Residential
classes. These classes have overlapping textural and
contextual information. Misclassification occurred among
Airfield and Game Space, respectively, which have high recall
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rates (0.91 and 0.90). However, misclassification occurred at  structures in the Flyover and Stadium areas as well.
slightly higher rates, likely reflecting some background
Table 3: Classification report of proposed ASSPN model using NWPU remote sensing dataset
Class Precision | Recall | F1- Support | Class Precision | Recall | F1- Support
Score Score
Airfield 0.91 0.91 0.91 390 Forest 0.97 0.97 0.97 207
Anchorage 0.99 0.96 0.98 198 Game Space 0.95 0.90 0.93 436
Beach 0.96 0.95 0.95 218 Parking Space 0.92 0.98 0.95 207
Dense 0.94 0.98 0.96 205 River 0.92 0.93 0.93 232
Residential
Farm 0.96 0.97 0.96 425 Sparse 0.93 0.94 0.93 202
Residential
Flyover 0.95 0.94 0.94 228 Storage Cisterns | 0.93 0.93 0.93 203
Overall Performance
Testing Accuracy 0.94
Macro Avg [ 0.94 [095 [0.94 Weighted Avg | 0.94 1094 [0.94
Airfield 0.01 0.02 0.00 0.02 0.00 0.02 0.00 0.03
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Figure 9: Confusion Matrix of proposed ASSPN model for NWPU dataset

3) Results of Proposed ASSPN on EuroSAT

The classification performance of ASSPN on the EuroSAT
dataset further demonstrates its generalization capability,
achieving an overall accuracy of 96.14% and a macro-
averaged Fl-score of 0.96. Assessment of performance on
EuroSAT yielded slightly higher results than for the
MLRSNet and NWPU datasets. The class-wise evaluation in
Table 4 confirms that ASSPN achieves high precision and
recall scores for the different scene categories. Classes such as

Forest (0.99 precision, 0.98 recall, 0.98 F1-score), Residential
(0.98 precision, 0.98 recall, 0.9867 F1-score), and Sealake
(0.97 precision, 0.98 recall, 0.98 F1-score) were classified
with higher performance. Similar distinctions can be made
regarding these classes based on their unique spectral
signatures and spatial structuring, which allowed ASSPN to
more successfully separate them from other classes. Industrial
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class (0.97 Fl-score) and Annual Crop (0.95 F1-score) also
showed strong recognition of these land-use patterns.

In contrast, some classes still demonstrated inferior yet
competitive performance. Permanent Crop (0.93 F1-score) and
Herbaceous Vegetation (0.93 F1-score) were the classes that
were most prone to confusion, as demonstrated in the
confusion matrix. The spectral signature and similar structures
overlap across cropland-related categories and are attributed to
contextually based interpretations of the similar land-use
categories. The overlap between seasonal, perennial, and
herbaceous vegetation is often subtle and context-dependent.
River (0.94 F1-score) also demonstrated a small decrement in
performance, with a narrow confusion with Sealake and
Pasture. This is partly because, under different conditions, the

indistinguishable. However, all classes maintained F1-scores
above 0.93.

In Figure 10, the confusion matrix supports the above
findings, and the dominance along the diagonal indicates the
overall accuracy of the model in assessing land-use.
Misclassifications for most accepted cases were generally
concentrated among visually similar categories, specifically
among either vegetation-related classes, such as Herbaceous
Vegetation, Annual Crop, and Permanent Crop, or water-
related land-use categories (River and Sea/Lake). Most
importantly, the percentage of misclassifications is small
overall, remaining essentially below 5%, and this is further
indicative of the utility of ASSPN in decreasing ambiguity
among some of the more challenging land-use categories.

spectral signatures of waterbodies may sometimes be
Table 4: Classification report of proposed ASSPN model for EuroSAT dataset
Class Precision | Recall | F1- Support | Class Precision | Recall | F1- Support
Score Score
Annual 0.95 0.95 0.95 93 Pasture 0.93 0.96 0.94 608
Crop
Forest 0.99 0.98 0.98 873 Permanent | 0.94 0.92 0.93 767
Crop
Herbaceous | 0.93 0.93 0.93 903 Residential | 0.98 0.98 0.98 904
Vegetation
Highway 0.95 0.95 0.9 772 River 0.94 0.93 0.94 757
Industrial 0.97 0.97 0.97 730 Sealake 0.97 0.98 0.98 848
Accuracy 0.96
Macro Avg | 0.96 0.96 0.96 Weighted 0.96 0.96 0.96
Avg
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HerbaceousVegetation

Highway -

Industrial
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Figure 10: Confusion Matrix of proposed ASSPN for EuroSAT dataset

IV. DISCUSSION

A. Training Performance

This section contains an elaborate discussion of the proposed
model. First, we have described the training performance of
the proposed model using the training curves. The training
curves of the proposed model are illustrated in Figure 11 on
the selected datasets. Each dataset has four plots as shown in
this figure. The top left plot in each dataset shows validation
loss and validation accuracy over epochs; the top right plot
shows training accuracy and training loss. The bottom left plot
shows change in learning rate over time, and the bottom right
plot illustrates validation loss and validation accuracy. After
few epochs, the validation accuracy is high and is represented
by yellow point. The plots in this figure shows that training
accuracy and validation accuracy are consistently increasing
with epochs, while training loss and validation loss are also
consistently decreasing.
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EuroSAT

Figure 11: Training curves of the proposed ASSPN model using selected datasets

B. tSNE Visualization

T-Distributed Stochastic Neighbor Embedding (t-SNE) is a
dimensionality reduction technique designed to preserve local
relationships, reveal cluster structure, and emphasize
separation. It plots 5,000 random data samples and separates
similar data points into clusters. It helps us to understand the
model’s classification abilities while preserving the local
relationships. Figure 12 illustrates the t-SNE visualization of

MLRSNet

»

NWPU

Losme Fesnares LSNE Visuakiason of Lowmes Festres

the proposed model on selected datasets. The tightly packed
clusters represent less intra-class variability, while the
scattered points of the same class represent high variability.
The separate and distinct clusters of each class in the
EuroSAT and NWPU datasets suggest strong classification
abilities of the model, while the overlapped clusters in
MLRSNet point towards the model's struggle in differentiating
among classes.

EuroSAT

Figure 12: tSNE visualization of ASSPN model for selected datasets

C. PCA Visualization

PCA Visualization helps us understand the separability and
structure of learned features. It helps in data visualization by
reducing a high-dimensional feature space into 2D while
preserving the most critical information. In Figure 13, two
plots are shown for each dataset, where the left plot shows the
clusters of different points. Here, each point represents a

datapoint, and the colour of the point represents a specific
class. These clusters represent how well a model can
differentiate among different classes. Tightly packed separate
clusters show high classification abilities, while overlapped
clusters suggest that the model is struggling to distinguish
among classes. Points spread out suggest higher variability in
the class, while points tightly clustered together indicate
consistent features. From a figure we see the model has strong
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classification abilities for EuroSAT for distinguishing each
class utilizing clusters.However, for NWPU and MLRSNet,
overlapping between clusters is evident. PCA can also identify
the most critical directions in the data and project it onto two
axes, as shown in the right plots of the figure. This plot
represents two bar graphs, where each bar graph illustrates the
amount of information contained in each principal component.
The left bar shows the individual variance captured by each
element, and the right plot shows the total variance captured.

From the figure, it can be seen that for MLRSNet, PC1
captures only 2.31% of the variance, and PC2 captures 2.05%
of the variance, which means that less than 5% of the
information is captured. For NWPU, PC1 captures 7.03% of
the variance, and PC2 captures 5.74% of the variance, which
is better than MLSNet. For EuroSAT, PC1 captures 10.98% of
the variance, and PC2 captures 7.41% of the variance, which
is the best among the others.

MLRSNet

NWPU

PCA Visualization of Learned Features

EuroSAT

Figure 13: PCA visualization of ASSPN model for selected datasets

D. Ablation Studies

Ablation Study 1: In the first ablation study, the submodules
of the proposed model are evaluated using the MLSRNet
dataset, as shown in Figure 14. From this figure, the base
model + SSAM reached a final accuracy of 89.3% after 100
epochs, indicating that spatial attention may be effective in
optimizing feature maps. However, the benefit relative to
other configurations was relatively small. The combined base
model and CPFM improved to 93.5%, with the quickest gains

occurring early in training, between epochs 10 and 30,
demonstrating the beneficial capabilities of channel—pixel
fusion for capturing discriminative information at the
beginning stage of training. Performance with the base model
+ CPFM began to saturate more quickly than with the other
submodules, suggesting it may not optimally capture
discriminability in the long term when implemented in
isolation. The combination of SSAM + CP improved
performance to 91.6%, which demonstrates that spatial
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attention combined with context preservation functions
additively, leading to distinctive improvements to the model's
performance by attending to both local and global
dependencies more effectively. In particular, the entire design
of SSAM + CPEM + CAPM achieved an optimal performance
value of 95.3% accuracy, clearly demonstrating throughout the
training epochs between configurations 5 and 7 that the
arrangement  consistently ~ outperformed  all other
configurations. These results provide strong evidence
indicating that the modules are mutually reinforcing features:
SSAM contributes significant value by improving spatial
performance; CPFM effectively consolidates the learned
signal to achieve improved performance; CPEM preserves
contextual signals; and CAPM provides a flexible assignment
of adaptive attentional value. Descriptively, the analyses
demonstrated that individual modularity provides significant
additivity simply due to the individual contributions, yet, the
joint implementation of SSAM, CPEM, and CAPM
approaches leads to, in general, more consistent variances and
more stable representations for a further improvement in
convergence properties toward reducing saturation and higher
performance accuracy. The primitive numerical responses
clearly provided validation of the assumption that the
proposed model design executed both learning-efficient means
for retrieving the dynamics of the learning outcome iteratively,
while providing for the predictive conformance properties of
the design, which clearly demonstrated the additive value of
the whole model design..

—o— Base+SSAM
Base#CPPM | | L s ‘
. Bast M M | ] Liesesbrasesecsans \ pi g :
qq) = Bese+SSAM+CPEM | + : - 59.3
-4 Base+SSAM+CPEM=-CAPM - :

ASSPN Model Performance (%)

60

20 40

0 80 100
Number of Epochs

Figure 14: ablation study on submodules of proposed ASSPN model

Ablation Study 2: Figure 15 shows that an ablation study was
conducted on the proposed ASSPN model with respect to an
array of benchmark deep learning models: InceptionV3,
ResNet50, MobileNetV2, VGG19, and DenseNet201 in high-
level and low-level education... The visual analysis consists of
the layers, parameters, and model size of each of the models.
In the area of network depth, VGG19 has 19 layers reflecting
the traditional fully sequential structure of its model grades.
Similarly, DenseNet201 also had considerable depth with 201
layers. ResNet50 is the best network, with weight layers of 50.
InceptionVV3 had a weight depth model of 48 layers while the
least amount of weight layers was MobileNetV2, but it also
had the least amount of models to train in a constrained
environment with just 53 weight layers. In terms of depth, we
utilized relatively simple methods and utilized a total of 60 to
ensure enough structure for the network to learn features while
working with limited computation. When we compare depth
with the parameter number and other structural configurations,

it would be reasonable to conclude that the only layers that
were significant were VGG19 with 143 million parameter
count, and DenseNet201 with 20 million parameters, which
also indicates their memory size. In regard to the workload of
computational capabilities of a good model, which also
provides more representative power than the ease of use,
InceptionV3 had a parament term of 24 million learnable
parameters, and ResNet50 had a little more than 25.6 million.
The MobileNetV2 was still very efficient, but also had a lesser
count of parameters of 3.4 million that were limited. Again,
based on the introduction of previous models and an
evaluation of only 5.2 million learnable parameters, once
more, for the proposed model ASSPN; we also provide a
sufficient balance of complexity, primarily to ensure a
stronger performance to apply to and from different
educational contexts. Then when we get to measure only the
overall model weight data again, VGG19 had the greatest
model weight of about 549 MB, DenseNet2 had (77 MB),
ResNet50 (98 MB), InceptionV3 (92 MB). The MobileNetV2
was by far the compact model taking on only about 14 MB
weight. On the contrary, the model identified as the proposed
ASSPN was fair at only 21 MB which is significantly less
weight with respect to these traditional architectures and it
also had all of the mentioned representations properly, while
also having far more layers than the model of MobileNetV2
alone.

-~ InceptionV3
ResNet50

~— MobileNetv2

- VGG19

= DensNet201

= Proposed ASSPN

No. of Layers

Model Size /" No. of Parameters

Figure 15: Comparison of proposed ASSPN model with pre-trained
models in terms of depth, parameters, and size

Ablation Study 3: In the third ablation study, the ROC of the
proposed model and deep learning models on MLRSNet
dataset are compared in Figure 16. According to this figure,
the proposed ASSSPN model achieved the highest AUC of
0.94, outperforming all baseline models significantly. BEiT-
Base and CrossViT-15 achieved AUC values of 0.93, while
InceptionV3 attained a value of 0.92. The transformer-based
ViT-B/32 and CNN-based ResNet50 achieved AUC values of
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0.89 and 0.88, respectively. In contrast, the proposed ASSSPN
model's ROC curve steeply rises into the top-left corner,
demonstrating stability in terms of sensitivity across multiple
specificity thresholds, resulting in consistent true positive rates
against false positive rates. This improved performance
illustrates that improvements made to the ASSSPN model
architecture not only improved class discreteness but also did
so in areas of the curves where false positives become
extremely costly to the bottom line. Since the difference
represents true predictions around a vital decision boundary,
the proposed model not only outperforms previous traditional
CNN-based models, such as ResNet50 and InceptionV3, but
also achieves improvements than state-of-the-art transformer-
based models, demonstrating a level of robustness and
generalization ability. Finally, the ROC analysis provides
evidence that the proposed ASSSPN offers the most balanced
trade-off between sensitivity and specificity, making it
arguably the most reliable when applied to real-world
situations.

Sensitivity (TPR)

= InceptionV3 (AUC = 0.92)
- ResNet50 {(AUC = 0.88)
= ViT-B/32 (AUC = 0.89)
-+ BEIT-Base (AUC = 0.93)
=== CrossViT-15 (AUC = 0.93)
== Proposed ASSSPN (AUC = 0.94)
--- Base Line

0.0+
0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity (FPR)

Figure 16: Comparison of ROC's of proposed ASSPN and state-of-the-
art models

Ablation Study 4: This experiment presents the sensitivity
analysis of the proposed model to variable noise across the
three datasets, as illustrated in Figure 17. The analysis
involves gradually increasing the level of noise by asking the
models to classify the images while varying the amount of
noise inclusively from 0.1 to 0.7 in the image, and
subsequently measuring the classification performance. For
the MLSRNet dataset, the proposed model attained the highest
overall accuracy (95%) at the lowest noise level (0.1). The
model's performance decreased to 92% at the next noise input
level (0.3) and remained stable at 91% for the next two noise
levels (0.5 and 0.7 noise inputs). This indicates that the model
displayed a very good level of resilience even at high levels of
distortion. A similar trend was noted with the NWPU dataset,
where, at first, the accuracy dropped from 93% with low input

noise to 91% with a moderate level of noise (0.3-0.5) and
continued downward to the lowest accuracy of 87% when the
maximum noise input (0.7) applied. Likewise, compared to the
other datasets, with similar overall resilience, EuroSAT
accuracy results ranged from 95%, 92%, 90%, and 88% at 0.1,
0.3, 0.5, and 0.7 noise levels. In general, the heatmap does
confirm that the proposed model consistently exhibits similar
performance resilience under noisy conditions, as
demonstrated by accurate findings that were very close across
levels of noise even after perturbation. Additionally, as noted
in the results across these different datasets, the results suggest
a level of generalizing another strength of the proposed model
as it ultimately will need to be functional in real-world
operations with input images that will, likely, be cluttered,
distorted, or imperfect due to noise..
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Figure 17: Ablation study conducted on proposed model
effectiveness using the noisy dataset.

E. Proposed Model Explainability

The LIME method is used to comprehend the model’s
predictions and ensure these are interpretable and trustworthy.
LIME allows us to understand the behavior of our intricate
model, due to its ability to learn a simple, local, and
interpretable model. LIME works by making perturbed
samples around a selected target datapoint, and observing how
perturbing the input datapoint changes the model’s output is
what points us toward the LIME utility and regions of the
image that affect our prediction in positive and negative
conditions. Figure 18 shows three samples from each data set,
illustrating the model’s predicted class, confidence score, and
LIME-based explanation. For instance, in the first sample, the
model is 100 percent certain that the image represents a tennis
court, and the highlighted areas provide an adequate reason to
warrant this prediction. The same behavior is observed across
all classes, indicating that the proposed model has teeth and
learned meaningful and discriminative patterns. LIME
explanations not only provide visual justifications but suggest
insights into the model's feature learning behavior. The
highlighted superpixels align in a strong way with
semantically meaningful structures—the presence of spatial
boundaries, object contours, texture rich-patches, and high-
frequency areas suggest that the Gaussian pyramid and SSAM
components of the ASSPN led the model to foster informative
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multi-scale cues. Moreover, the reduced emphasis on
ambiguous or cluttered regions aligns with the intended
functioning of the CPFM, which suppresses uncertain scale
contributions. Collectively, these observations confirm that

MLRSNET DATASET

F. Comparative Analysis with Pre-trained Models

The proposed model surpasses every previous model build on
all pre-trained models on each dataset with a significant gap.
Performance of the suggested model compared with several
pre-trained models using selected datasets is illustrated in
Table 5. In this table, the MLRSNET dataset achieves 95.42%
accuracy, exceeding the best baseline ResNet101 model by
8.11%. For the NWPU dataset, the proposed model achieves
94.73% and shows an improvement of 5.68% over the top
baseline model ResNet101 (89.05%). The EUROSAT dataset
yields the best results, with the proposed model achieving
96.14% accuracy, which is 6.14% better than ResNet101 and
displays excellent generalization ability. On all datasets, the
deeper networks, ResNetl01 and ResNet50, continually
outperformed the older pre-trained architectures, such as
AlexNet and VGG, which highlights the importance of
architectural depth for remote sensing applications.
Table 5: Comparative analysis with pre-trained models

EUROSAT D.

Figure 18: Proposed model explainability results using LIME

ASSPN attends to scale-consistent, context-aware, and

semantically coherent image regions rather than relying on
spurious correlations, thereby validating the interpretability
and

reliability of its predictions.

ATASET NWPU DATASET

Proposed 94.73% 0.9475 0.9473 | 0.9472
Model
EUROSTAT Dataset

Alexnet[39] 80.00 81.54 81.00 80.98
VGG16[40] 83.00 84.56 85.97 84.00
VGG19[40] 83.59 82.90 83.95 82.00
GoogleNet[41] 87.54 87.00 86.98 87.23
ResNet50[42] 88.95 89.00 89.05 88.89
ResNet101[42] 90.00 90.50 89.90 89.90
Proposed 96.14% 0.9614 0.9614 | 0.9614
Model

Models Accuracy | Precision | Recall F1-
score
MLRSNET Dataset
Alexnet[39] 63.46 60.21 62.50 61.95
VGG16[40] 70.13 72.67 71.34 71.56
VGG19[40] 65.37 67.56 65.21 66.45
GoogleNet[41] 82.57 81.89 82.00 82.00
ResNet50[42] 84.21 83.45 81.50 83.45
ResNet101[42] 87.31 89.90 87.95 88.50
Proposed 95.42 0.9541 0.9542 | 0.9540
Model
NWPU Dataset
Alexnet[39] 71.00 72.65 71.89 71.89
VGG16[40] 74.94 75.85 74.90 75.00
VGG19[40] 74.97 75.00 74.85 74.50
GoogleNet[41] 83.54 83.98 83.50 83.00
ResNet50[42] 88.95 89.05 88.75 89.00
ResNet101[42] 89.05 88.00 88.59 89.00

G. Comparative Analysis with SOTA

Table 6 presents a comparison of the proposed model with
state-of-the-art techniques on the selected datasets used in this
work. On MLRSNet benchmark dataset, the proposed
approach achieves 95.42% accuracy, showcasing an
improvement of 3.91% over the previous best method, such as
AMEGRF-Net. On NWPU dataset, the proposed model
achieves an accuracy of 94.73%, representing an improvement
of 1.43% over the previous best result of 93.3%, and
establishing a new state-of-the-art on this complex dataset.
The EUROSAT dataset demonstrates the most remarkable
difference, where the proposed model achieved 96.14%
accuracy as compared to the previous best Global Optimal
structured loss method (88.68%). Furthermore, the proposed
model outperforms more complex ensemble methods, such as
WSADAN-ResNet50, EAM, and attention-based models,
without incurring any additional computational cost. Another
critical finding is that older CNN architectures (DenseNet201,
MobileNet variants) with spatial pyramid pooling, multi-head
channel attention mechanisms, and other augmentations do not
perform well as compared to efficient architectures, such as
EfficientNet and InceptionV1.
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Table 6: Comparative analysis with SOTA models

Architecture | Accuracy | mF1

MLRSNet Dataset

FMANet [43] 91.0
AMEGRF-Net [44] 91.51
MobileNetV3 + Channel Attention + 82.59
Spatial pyramid pooling [45]
DenseNet201 [46] - 86.17
DenseNet201 + SSM [46] - 86.56
DenseNet201 + SRBM [46] - 86.26
Proposed 95.42%
NWPU Dataset
Architecture Accuracy
Global Optimal structured loss[47] 90.30
DBOW feature based [48] 82.10
DELF + VLAD [49] 85.70
IBNR-65 + Densenet-64 [50] 91.70
Khan, J.A,, et al. [10] 93.3
EAM [51] 93.04
WSADAN-ResNet50 [52] 92.63
Proposed 94.73%
EUROSAT Dataset
Global Optimal structured loss [47] 88.68
EfficientNet [53] 85.23
MobileNetV2 [54] 87.52
InceptionV1 [41] 88.51
Proposed 96.14%

V. CONCLUSION

The task of remote sensing image classification presents
several challenges, including heterogeneous land cover types,
variability in scale, and inter-class similarities that pose
difficulties for discrimination. Deep learning models, such as
CNNs and transformers, have limitations in processing images
at a fixed scale, resulting in a high computational burden and
low interpretability. This paper proposes a novel ASSPN
model based on four key modules. In the first module, a
learnable Gaussian pyramid for multi-scale feature extraction
is employed, which is followed by a multi-scale selection
attention block. This attention block provides each input a
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weight based on the scale. After that, a cross-feature
propagation that utilizes uncertainty to guide the propagation
of sources of uncertainty follows the complexity-aware
pooling, producing balanced representations of features. The
proposed model was evaluated on several benchmarks,
including EuroSAT, NWPU-RESISC-45, and MLRSNet,
achieving overall accuracies of 96.14%, 94.73%, and 95.42%,
respectively. Comparisons with SOTA techniques, pre-trained
models, and several analyses, we conclude the following
points:

e Proposed ASSPN architecture attained improved
accuracy on the selected datasets for remote
sensing image classification. Also, the proposed
model required less learnable parameters
compared to the existing SOTA models

e Adding the scale selection attention module
alone increased accuracy to 89.3%, whereas the
cross feature propagation module only attained
93.5%.

e Both SSAM and CPFM together achieved 91.6%
accuracy; however, including complexity aware
pooling, the overall model achieved 95.3%
accuracy on MLRSNet.

e LIME-based explainability shows the proposed
model is appropriate for attending to
semantically coherent regions of the image that
are justified its predictions.

Despite these achievements, the proposed model still has
limitations, including confusion with visually similar
categories such as croplands and residential areas, as well
as challenges in applying it beyond the laboratory in
resource-constrained  situations.  Although  ASSPN
exhibits strong robustness across datasets and noise
perturbations, certain limitations remain. Its performance
on hyperspectral or very low-resolution imagery is not yet
established, as the current modules are optimized for
RGB spatial patterns. Additionally, the model may face
challenges under domain shifts, such as variations in
sensors, regions, or environmental conditions. Future
work could extend ASSPN with spectral-aware modules,
domain-generalization strategies, and lightweight variants
for broader adaptability. Also, the future work would
involve obtaining a more lightweight response for split-
second operational uses of the technologies, conducting
large-scale testing across domains, and reducing reliance
on annotated labeled data while conducting semi-
supervised learning with massive unannotated data,
thereby positioning ASSPN as a robust solution to
scalable technologies in operational remote sensing
classification.

DATASET AVAILABILITY

The datasets of this work are publically available for the
research purposes.
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