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Abstract

Remote sensing scene classification faces significant challenges in distinguishing visually similar land-use
categories due to high intraclass variation and interclass similarity in high-resolution imagery. Although deep
learning approaches have shown promise, single-architecture methods often fail to capture the diverse spatial
and hierarchical features required for robust scene discrimination. This study proposes MSDFF-RCNet, a
multi-structure data fusion framework combined with recurrent attention mechanisms to enhance remote
sensing scene classification performance. The framework integrates complementary feature representations
from AlexNet, ResNet50, and DenseNet161 architectures, while the recurrent attention mechanism focuses
on discriminative spatial regions for improved classification accuracy. Comprehensive experiments conducted
on four benchmark datasets demonstrate substantial performance improvements over the baseline ARCNet
architecture: UC Merced (43.8% to 84.9%, +41.1%), AID (63.8% to 94.4%, +30.6%), NWPU-RESISC45
(61.5% to 95.4%, +33.9%), and OPTIMAL 31 (47.3% to 87.9%, +40.6%). Statistical significance analysis
confirmed the reliability of these improvements (p < 0.01), while comprehensive evaluation across precision,
recall, and F1-score metrics validated the framework’s robustness. Although the multi-structure approach
requires substantial computational resources (25.6× parameter increase), the consistent and significant
accuracy improvements across diverse datasets demonstrate the effectiveness of complementary feature
fusion for remote sensing scene classification. The proposed framework provides a valuable contribution to
automated Earth observation systems that require high-precision land-use classification capabilities.
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1. Introduction

Advancements in remote sensing technology
have enabled the acquisition of very high-resolution
(VHR) images, which provide detailed representa-
tions of the Earth’s surface. The increasing avail-
ability of such high-resolution imagery necessitates
the development of robust techniques for effective
scene classification [1]. However, processing and
analyzing the vast and complex VHR data remain
significant challenges in the field.

Remote sensing scene classification involves as-
signing semantic labels to satellite images based
on predefined categories, such as residential areas,

agricultural land, forests, and other land cover types
[2]. Early research in this domain relied primarily on
pixel-based classification methods, as low-resolution
images contained pixels large enough to represent
entire objects. As remote sensing technology ad-
vanced and spatial resolution increased, the focus
shifted from pixel-based classification to object-
based classification, ultimately leading to scene-level
classification, where entire landscapes are analyzed
holistically.

Despite its advantages, scene-level classification
presents several fundamental challenges, particularly
high intraclass variability and interclass similarity.
For instance, the shape, color, and architectural
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structure of churches can vary significantly, making
it difficult to define a uniform classification pattern
within the same category. Similarly, distinct cate-
gories, such as forests and grasslands or highways
and bridges, may exhibit overlapping spectral and
structural features, leading to frequent misclassifica-
tion [3]. Additional complexities arise from factors
such as variations in satellite imaging conditions, the
presence of multiple objects within a single image,
and atmospheric disturbances like cloud cover, all of
which further complicate the classification process.

Traditional feature-based approaches for scene
classification have relied on handcrafted low-level
features, such as texture descriptors, color gra-
dients, and shape characteristics. Common tech-
niques include the Scale-Invariant Feature Trans-
form (SIFT) [4], Gabor filters [4], color histograms
[5], Gray Level Co-occurrence Matrix (GLCM) [6],
and Histogram of Oriented Gradients (HOG) [7].
Although these methods effectively extract basic
patterns from satellite images, they lack the abil-
ity to capture complex spatial relationships and
hierarchical feature representations within scenes.
Intermediate-level features, obtained through cluster-
ing, segmentation, or feature grouping techniques,
have attempted to improve classification accuracy,
but they remain limited in their ability to generalize
across diverse scene types and imaging conditions.

The advent of deep learning, particularly convo-
lutional neural networks (CNNs), has brought sig-
nificant advancements to scene classification tasks.
CNNs can automatically extract hierarchical features
from images, enabling better representation learning
without manual feature engineering. The introduc-
tion of AlexNet, which achieved breakthrough re-
sults in the ImageNet Large Scale Visual Recogni-
tion Challenge (ILSVRC) [8], marked a paradigm
shift in deep learning-based image classification.
Various advanced architectures, including ResNet
[9], LSTM-based models, attention mechanisms, and
class activation mapping [10], have been introduced
to incorporate spatial context and improve perfor-
mance in VHR image analysis.

However, single CNN architectures often strug-
gle to handle the complexity inherent in remote
sensing images, particularly in differentiating visu-
ally similar classes and dealing with high intraclass
variations. A single model may excel in capturing
low-level textures and patterns but fails to learn the
high-level spatial relationships and semantic infor-
mation necessary for accurate scene classification.
This limitation is particularly pronounced in remote
sensing imagery, where scene categories like ”in-
dustrial area” and ”commercial area,” or ”medium
residential” and ”dense residential,” may share many

visual characteristics despite belonging to different
semantic classes.

To address this research gap, this study pro-
poses MSDFF-RCNet (Multi-Structure Data Fu-
sion Framework with Recurrent Convolutional
Network), which integrates three complementary
CNN architectures—ResNet50, DenseNet161, and
AlexNet—to leverage their distinct strengths in fea-
ture extraction. The proposed method can capture a
more diverse set of spatial, textural, and hierarchical
features by fusing feature representations from mul-
tiple models with different architectural designs and
learning capabilities, leading to improved classifica-
tion accuracy and robustness.

This study investigates whether such a multi-
architecture fusion approach can enhance classi-
fication performance across multiple benchmark
datasets, particularly in scenarios where class separa-
bility is challenging due to intra-class variations and
inter-class similarities. We hypothesize that combin-
ing the complementary strengths of multiple archi-
tectures will result in more robust and discriminative
feature representations, thereby improving the ability
of the model to distinguish between visually similar
classes in complex remote sensing scenarios.

The effectiveness of this approach is comprehen-
sively evaluated through extensive experiments on
four benchmark datasets: UC Merced, AID, NWPU-
RESISC45, and OPTIMAL 31, providing a thorough
assessment of the model’s robustness, generalizabil-
ity, and practical applicability across different re-
mote sensing contexts.

The main contributions of this study are as fol-
lows:

1) Proposing MSDFF-RCNet, a novel multi-
structure feature fusion framework that
integrates ResNet50, DenseNet161, and
AlexNet architectures to enhance remote
sensing scene classification performance.

2) Implementing feature fusion within the AR-
CNet framework to improve feature extrac-
tion quality and spatial attention mecha-
nisms.

3) Introducing data transformations and aug-
mentation strategies at each feature extrac-
tion stage to refine the classification process
and improve generalization.

4) Providing comprehensive evaluation us-
ing multiple performance metrics (accu-
racy, precision, recall, F1-score) across four
benchmark datasets to demonstrate the ef-
fectiveness, limitations, and practical appli-
cability of the proposed approach.

The remainder of this paper is organized as
follows: Section 2 reviews related work in remote
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sensing scene classification and feature fusion tech-
niques; Section 3 details the proposed methodology
and system architecture; Section 4 presents the ex-
perimental setup, datasets, and evaluation metrics;
Section 5 provides comprehensive results and dis-
cussion; and Section 6 concludes the study with
future research directions.

2. Related Work

2.1. Attention Recurrent Convolutional Net-
work

The attention recurrent convolutional network
(ARCNet) represents a significant advancement in
convolutional neural network design, specifically de-
veloped for processing remote sensing imagery with
very high resolution (VHR). ARCNet employs a
sophisticated recurrent attention mechanism to en-
able adaptive focus on crucial regions within images,
allowing the network to analyze only relevant, high-
level features while effectively filtering out insignif-
icant background information [9].

The ARCNet architecture uses established CNN
models, such as AlexNet, VGGNet, or ResNet, as
foundational high-level feature extractors. The core
innovation lies in the recurrent attention structure,
which serves as the fundamental algorithmic compo-
nent. This structure is designed to generate multiple
attentional representations by leveraging the high-
level features extracted from RS images. The at-
tention representation is created through a matrix
mask that maintains dimensions identical to those of
the high-level feature maps, enabling precise spatial
attention control [9].

ARCNet incorporates a recurrent neural network
(RNN) component, specifically using Long Short-
Term Memory (LSTM) architecture, to serve as a
sequential representation processor. The generates a
sequence of attentional representations that undergo
systematic processing. The interdependence between
LSTM layers creates a feedback mechanism where
the output of each layer influences the input of
subsequent layers, enabling the supervision signals
to be dynamically adjusted. The final classification
is performed using a softmax layer that processes the
attention-refined features to predict scene categories
for remote sensing images [9].

2.2. Multi-structure data fusion framework

The MSDFF represents an advanced classifica-
tion methodology specifically designed for remote
sensing image analysis. The framework addresses
the fundamental challenge of effectively utilizing

complementary features generated by different CNN
architectures. The original MSDFF implementation
combined three well-established CNN models Caf-
feNet, VGG-16, and GoogLeNet to improve classi-
fication accuracy for high-resolution remote sensing
scene categorization tasks [11].

The MSDFF operational mechanism involves
comprehensive data augmentation strategies, includ-
ing aggressive scaling, cropping, and rotation ap-
plied to each data sample to generate diverse train-
ing instances. Feature extraction is performed using
three distinct CNN architectures, with each network
extracting its specialized informative features from
input images. The use of multiple CNNs provides the
advantage of capturing diverse aspects and comple-
mentary characteristics inherent in each architectural
design. The integration of features retrieved from
multiple CNNs is accomplished through sophisti-
cated feature fusion networks, which constitute the
core component of the MSDFF framework [11].

The feature fusion process incorporates fully
connected layers with softmax activation functions
to create a unified feature representation system.
The primary objective of feature fusion is to obtain
a single, comprehensive feature vector that ideally
exhibits greater discriminative power than its indi-
vidual constituent features, thereby facilitating im-
proved classification performance. The fused feature
vector is processed through a softmax layer follow-
ing feature integration for final classification. This
layer generates probability distributions across all
scene categories, with the class exhibiting the high-
est probability being selected as the classification
output [11].

2.3. Residual Network

Residual Networks (ResNet), introduced by He
et al. [12], represent a groundbreaking advancement
in deep learning architecture design. ResNet archi-
tectures consist of fundamental components, includ-
ing skip connections, fully connected layers, and
convolutional layers that form the network’s core
structure. The innovative skip connections enable
the network to bypass one or more layers, allow-
ing the gradient flow to propagate directly across
layer boundaries without passing through intermedi-
ate processing layers. This architectural innovation
addresses the vanishing gradient problem that has
traditionally limited the depth of neural networks.

ResNet encompasses multiple architectural vari-
ants, including ResNet50, ResNet101, ResNet152,
ResNet50V2, and ResNet101V2, among others. The
number of layers incorporated in each architecture
is the primary distinction between these variants,
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with deeper networks generally providing enhanced
representational capacity [12].

ResNet’s advantages have contributed to its
widespread adoption in deep learning research ap-
plications. The skip connection mechanism enables
training of significantly deeper networks compared
to traditional CNN architectures by effectively ad-
dressing gradient vanishing issues. ResNet architec-
tures consistently achieve superior accuracy com-
pared to conventional CNN designs, demonstrat-
ing excellent performance across various computer
vision tasks, including image classification, object
detection, and semantic segmentation. The resid-
ual block design facilitates faster training processes
by reducing the number of convergence iterations.
Additionally, ResNet architectures provide superior
generalization capabilities, enabling effective per-
formance on previously unseen data. Pre-trained
ResNet models serve as excellent foundations for
transfer learning applications, where networks can
be adapted for specific tasks using smaller, domain-
specific datasets [12].

2.4. AlexNet

AlexNet, developed by Krizhevsky et al. [8],
represents a pivotal CNN architecture that achieved
breakthrough performance in the ImageNet Large
Scale Visual Recognition Challenge (ILSVRC). The
AlexNet architecture comprises approximately 60
million parameters and 650,000 neurons, demon-
strating enhanced learning capacity through in-
creased network depth and sophisticated parameter
optimization methodologies [8].

The architectural design of AlexNet incorporates
several distinctive characteristics that contribute to
its revolutionary performance. The network structure
consists of 5 convolutional layers and 3 fully con-
nected layers, totaling 8 primary processing layers.
This configuration alternates between convolution
operations and resolution reduction to capture hierar-
chical features at multiple scales. AlexNet employs
the ReLU activation function throughout the net-
work, effectively mitigating vanishing gradient prob-
lems that plagued earlier architectures. The network
also incorporates batch normalization techniques to
improve training stability and convergence. Reso-
lution reduction is achieved through max-pooling
operations that systematically decrease the spatial
dimensions of feature maps generated by convolu-
tional processes [8].

2.5. Densely Connected CNNs

Densely Connected Convolutional Networks
(DenseNet), introduced by Huang et al. [13], rep-

resent an innovative convolutional neural network
(CNN) architecture that implements dense connec-
tivity patterns between network layers. Each layer in
DenseNet receives feature maps from all preceding
layers and contributes its own feature maps to all
subsequent layers, creating a densely connected net-
work topology. This architectural design promotes
efficient feature propagation and reuse throughout
the network structure.

The DenseNet architecture comprises two pri-
mary components: dense blocks and transition lay-
ers. Each convolutional layer within each dense
block maintains connections to all other layers in
the same block, ensuring maximum information
flow. Transition layers are positioned between dense
blocks to manage feature map dimensions and en-
able effective network scaling. These layers typically
include batch normalization, activation functions,
and pooling operations to control the growth of
feature map sizes [13].

DenseNet offers several significant advantages
that have contributed to its widespread adoption in
computer vision applications. The dense connectiv-
ity pattern effectively alleviates vanishing gradient
problems by providing direct gradient flow paths
throughout the network. The architecture strength-
ens feature propagation by ensuring that each layer
has access to features from all preceding layers.
Feature reuse is encouraged through dense connec-
tions, resulting in more efficient parameter use and
reduced computational requirements. Additionally,
DenseNet architectures typically require fewer pa-
rameters than traditional CNN designs while main-
taining competitive performance. These characteris-
tics make DenseNet particularly suitable for image
classification, object detection, and semantic seg-
mentation tasks [13].

3. Proposed Method

3.1. Architecture Overview

This study proposes that using advanced feature
extraction architectures can significantly enhance
the classification accuracy of remote sensing scene
analysis. Furthermore, the combination of multiple
feature extractors with varying architectural depths
and design philosophies enables a more compre-
hensive and robust feature extraction process. The
proposed approach captures a broader spectrum of
visual information by integrating features from dif-
ferent types of CNNs, ultimately improving overall
classification performance and system robustness.

The mathematical foundation of the proposed
approach is as follows. Given an input image I ∈
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RH×W×C , where H , W , and C represent the height,
width, and channels, respectively, the multistructure
feature extraction process can be expressed as:

Falex = falex(I; θalex), Falex ∈ R4096 (1)

Fres = fres(I; θres), Fres ∈ R2048 (2)

Fdense = fdense(I; θdense), Fdense ∈ R2208 (3)

where falex, fres, and fdense represent the fea-
ture extraction functions of AlexNet, ResNet50, and
DenseNet161, respectively, with corresponding pa-
rameters θalex, θres, and θdense.

To achieve this objective, a comprehensive two-
stage methodology is introduced. The first stage
involves integrating the ARCNet architecture with-
out structural modifications, maintaining its proven
attention mechanisms and recurrent processing ca-
pabilities. The second stage enhances the fea-
ture extraction process by implementing a sophis-
ticated fusion strategy that combines features from
three complementary CNN architectures: ResNet50,
DenseNet161, and AlexNet. The complete method-
ology is illustrated in Figure 1.

The proposed architecture consists of three inter-
connected key components that work synergistically
to improve classification performance:

1) Multi-Architecture Feature Extraction
Layers: The input image is processed
in parallel using three distinct CNN ar-
chitectures ResNet50, DenseNet161, and
AlexNet to extract diverse and comple-
mentary feature representations. ResNet50
captures deep hierarchical spatial rela-
tionships through its residual connections,
DenseNet161 ensures efficient feature prop-
agation and reuse through dense connectiv-
ity patterns, and AlexNet focuses on fun-
damental textural patterns and basic visual
features that serve as foundational elements
for scene understanding.

2) Feature Fusion using MSDFF: The ex-
tracted features from the three networks
undergo sophisticated fusion through the
Multi-Structure Data Fusion Framework
(MSDFF). This process involves adaptive
2D average pooling for dimensional stan-
dardization, precise dimension alignment to
ensure compatibility, and strategic concate-
nation operations to ensure that comple-
mentary features from different extractors

are effectively combined while preserving
their individual strengths and characteris-
tics.

3) Enhanced Recurrent Attention Mecha-
nism: The fused features are processed
through an enhanced recurrent attention
mechanism, inherited and adapted from the
ARCNet architecture, which improves the
ability of the network to focus on dis-
criminative regions within remote sensing
images. This attention mechanism refines
feature representations by emphasizing crit-
ical spatial and textural details while sup-
pressing irrelevant background noise and
redundant information.

To implement this comprehensive approach, the
ARCNet model is systematically modified by re-
structuring its feature extraction process and incor-
porating advanced feature fusion techniques. The
modification process comprises three essential com-
ponents: multi-architecture feature extractor fusion,
data transformation and augmentation strategies, and
optimized data splitting procedures. Each compo-
nent significantly contributes to refining the learning
capabilities of the model and optimizing the over-
all classification performance across diverse remote
sensing scenarios.

3.2. Feature extractor fusion

The feature extractor fusion stage represents a
crucial component of the research methodology. The
process begins with obtaining pre-trained models
for each feature extractor, specifically ResNet50,
DenseNet161, and AlexNet. The utilization of pre-
trained models in this study is strategically motivated
by their proven ability to capture diverse visual
features from large-scale datasets, providing a robust
foundation for transfer learning to remote sensing
applications.

The mathematical formulation of the fusion pro-
cess can be expressed as follows. First, the feature
vectors from the three architectures are normalized
and dimensionally aligned:

Ffused = Concat(Falex,Fres,Fdense) (4)

where Ffused ∈ R8352 represents the concate-
nated feature vector. The fused features then undergo
two fully connected layer transformations:

Frefined = ReLU(W2·ReLU(W1·Ffused+b1)+b2)
(5)



16 Jurnal Ilmu Komputer dan Informasi (Journal of Computer Science and Information), volume 19,
issue 1, February 2026

Figure 1. Proposed Multi-Structure Data Fusion Framework with Recurrent Attention. The proposed architecture
integrates three CNN feature extractors (ResNet50, DenseNet161, and AlexNet) with MSDFF fusion and ARCNet
attention mechanisms for enhanced remote sensing scene classification.

where W1, W2, b1, and b2 are learnable pa-
rameters.

The selection of these three specific architectures
is based on their complementary strengths and dis-
tinct approaches to feature extraction:

1) AlexNet Architecture [8]: Serves as the
baseline feature extractor due to its rela-
tively straightforward architecture consist-
ing of 5 convolutional layers and 3 fully
connected layers. AlexNet extracts funda-
mental visual features, including edges, tex-
tures, and basic color patterns, that are
essential for initial scene characterization.
The architecture produces feature vectors
of dimension 4096 from its final fully con-
nected layer before classification, providing
a comprehensive representation of low-level
visual characteristics.

2) ResNet50 Architecture [12]: Introduces in-
novative skip connections that enable the

network to learn residual functions, ef-
fectively addressing the vanishing gradient
problem inherent in deep networks. This
architecture excels at capturing hierarchical
and complex spatial relationships within re-
mote sensing scenes, which is particularly
valuable for distinguishing between visu-
ally similar categories that differ in subtle
spatial arrangements. ResNet50 generates
feature vectors of dimension 2048 from its
final average pooling layer, providing rich
representations of spatial hierarchies.

3) DenseNet161 Architecture [13]: Employs
a sophisticated dense connectivity pattern
in which each layer receives inputs from
all preceding layers, promoting efficient
feature reuse and improving gradient flow
throughout the network. This architecture
ensures optimal feature propagation and en-
hances the ability of the network to cap-
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ture fine-grained details and subtle varia-
tions within scene categories. DenseNet161
produces feature vectors of dimension 2208
from its final pooling layer, offering de-
tailed representations of local and global
features.

By integrating these three architectures with fun-
damentally different depths and design philosophies,
the proposed framework can extract and utilize a
more comprehensive set of features than would be
achievable with any single architecture. Collectively,
these complementary features improve the model’s
ability to distinguish between classes characterized
by high intraclass variation and challenging inter-
class similarities.

The theoretical justification for this multi-
architecture approach is based on the diversity-
accuracy trade-off principle in ensemble learning.
Each architecture contributes unique feature rep-
resentations that complement the others, resulting
in improved overall performance. The mathematical
analysis of this complementarity can be expressed
using the correlation coefficient between feature vec-
tors from different architectures:

ρi,j =
Cov(Fi,Fj)

σFi
σFj

(6)

where i, j ∈ {alex, res, dense} and i ̸= j.
Lower correlation values indicate higher diversity,
which theoretically leads to better ensemble perfor-
mance.

The pre-training process uses the MIT Places365
dataset [14], which contains over 10 million images
spanning more than 400 unique scene categories.
This dataset is specifically designed for scene recog-
nition tasks and provides comprehensive coverage of
diverse environmental and man-made scenes, mak-
ing it suitable for transfer learning to remote sensing
applications despite potential domain differences.

Although datasets such as UC Merced and OP-
TIMAL 31 are specifically tailored for remote sens-
ing imagery, the general features learned from MIT
Places365 including pattern recognition capabilities,
texture analysis, and spatial structure understanding
remain highly relevant and can significantly enhance
a model’s ability to classify remote sensing im-
ages. Therefore, despite the potential differences in
data distribution between natural scenes and satellite
imagery, leveraging pre-trained models trained on
MIT Places365 offers substantial advantages. These
models have already developed rich and diverse fea-
ture representations, which can be effectively trans-
ferred and fine-tuned for remote sensing classifica-
tion tasks.

The feature fusion process follows a four-step
approach:

1) Feature Extraction: Each input im-
age undergoes parallel processing through
AlexNet, ResNet50, and DenseNet161 to
extract feature vectors of dimensions 4096,
2048, and 2208, respectively. This parallel
processing ensures that different aspects of
the image are captured simultaneously.

2) Dimensionality Standardization: Adap-
tive 2D average pooling ensures consistent
dimensions across features from different
networks, facilitating effective integration
without information loss.

3) Feature Concatenation: The processed
feature vectors undergo strategic concate-
nation to form a unified, high-dimensional
representation that preserves each architec-
ture’s individual strengths.

4) Feature Integration: Two fully connected
layers with appropriate activation functions
further refine the fused features, producing
the final comprehensive feature representa-
tion that serves as input to the recurrent
attention mechanism in ARCNet.

The feature vectors from different architec-
tures undergo dimensionality alignment through
adaptive average pooling operations. Specifically,
AlexNet’s 4096-dimensional features, ResNet50’s
2048-dimensional features, and DenseNet161’s
2208-dimensional features are processed through in-
dividual fully connected layers before concatena-
tion, resulting in a unified feature representation of
8352 dimensions (4096 + 2048 + 2208). This high-
dimensional representation captures each architec-
ture’s complementary strengths while maintaining
computational efficiency through strategic dimen-
sionality reduction in subsequent layers.

This sophisticated fusion strategy enables the
model to leverage the distinct strengths of each ar-
chitecture: AlexNet’s proficiency in capturing basic
visual elements, ResNet50’s capability for learning
hierarchical spatial relationships, and DenseNet161’s
efficiency in feature propagation and reuse. The
resulting integrated feature representation provides
a more comprehensive and discriminative view of
the input image, thereby improving the overall clas-
sification performance and robustness across various
remote sensing scenarios.

3.3. Enhanced Recurrent Attention

The enhanced recurrent attention mechanism
builds upon the ARCNet foundation but incorporates
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the multi-structure fused features as input. The at-
tention mechanism can be mathematically expressed
as follows:

Given the refined feature representation Frefined

from the fusion process, the attention mechanism
generates a sequence of attention weights through
multiple LSTM layers. The attention weight at time
step t is computed as:

at = softmax(Wattht + batt) (7)

where ht is the hidden state of the LSTM at time
step t, and Watt and batt are learnable parameters.
The attended feature representation is then computed
as:

Fattended =

T∑
t=1

at ⊙ Frefined (8)

where ⊙ denotes element-wise multiplication
and T is the number of attention steps. The final
classification is performed using:

y = softmax(WclsFattended + bcls) (9)

where Wcls and bcls are the classification layer
parameters, and y represents the predicted class
probabilities.

3.4. Data Transformation and Splitting

In the data transformation and splitting stage,
comprehensive preprocessing strategies are imple-
mented to enhance model training effectiveness and
ensure robust performance evaluation. The data aug-
mentation process involves multiple transformation
techniques designed to increase dataset diversity and
improve the generalizability of the model.

The augmentation pipeline includes random
cropping operations with a standardized size of
256 × 256 pixels, random horizontal and vertical
flips to account for orientation invariance, rota-
tion transformations to handle viewing angle varia-
tions, and comprehensive normalization procedures
to ensure consistent input distributions. Collectively,
these transformations create a more diverse train-
ing dataset that better represents real-world imagery
variations.

The mathematical formulation of the data aug-
mentation process can be expressed as a transforma-
tion composition:

Iaug = Tn ◦ Tn−1 ◦ . . . ◦ T1(I) (10)

where Ti represents the individual transforma-
tion operations (i.e., cropping, flipping, rotation, and
normalization), and Iaug is the augmented image.

The dataset partitioning strategy employs a care-
fully designed split: 80% for training data to en-
sure sufficient learning samples, 15% for validation
data to monitor training progress and prevent over-
fitting, and 5% for test data to provide unbiased
performance evaluation. This distribution balances
the need for comprehensive training with robust
evaluation capabilities.

The expanded dataset is used in the training pro-
cess to construct both the baseline ARCNet model
and the enhanced MSDFF-RCNet framework. The
validation data serve as a continuous monitoring
mechanism throughout the training process, enabling
early stopping and optimization of the hyperpa-
rameters. The test data provide a final, unbiased
evaluation of model performance across all datasets,
ensuring a reliable assessment of the effectiveness
of the proposed methodology.

3.5. Computational complexity analysis
(CCA)

The proposed method’s computational complex-
ity can be analyzed in terms of both time and
space complexity. The time complexity for feature
extraction from the three parallel networks is:

O(Ttotal) = O(Talex)+O(Tres)+O(Tdense) (11)

where Talex, Tres, and Tdense represent the
computational times of AlexNet, ResNet50, and
DenseNet161, respectively. The fusion process adds
the following complexity:

O(Tfusion) = O(dalex+dres+ddense)+O(d2fused)
(12)

where dalex = 4096, dres = 2048, ddense =
2208, and dfused = 8352.

The space complexity is dominated by the stor-
age requirements for the multiple network parame-
ters:

O(Stotal) = O(Salex)+O(Sres)+O(Sdense)+O(Sfusion)
(13)

This analysis provides a theoretical foundation
for understanding the computational trade-offs in-
volved in the proposed multi-structure approach.

4. Experiments

4.1. Dataset Description

The experimental evaluation employs a single-
label classification framework, where each image
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corresponds to exactly one scene category. This ap-
proach eliminates multi-label classification scenar-
ios and ensures that no image belongs to multiple
classes simultaneously. Comprehensive dataset anal-
ysis revealed no class overlap exists within individ-
ual images, with each image distinctly representing a
specific scene type. This characteristic significantly
simplifies the classification task by eliminating am-
biguity and overlapping label challenges.

The experimental setup, as illustrated in Figure
1, employs the same modified ARCNet architec-
ture across all datasets: UC Merced, AID, NWPU-
RESISC45, and OPTIMAL 31. This consistent ar-
chitectural application ensures fair comparative anal-
ysis while maintaining identical structural configu-
rations across all experimental conditions.

Each dataset undergoes processing through the
Multi-Structure Data Fusion Framework (MSDFF)
with Recurrent Attention, ensuring uniform evalua-
tion conditions across different remote sensing scene
classification tasks. This standardized approach fa-
cilitates comprehensive performance analysis and
enables the assessment of the generalizability of the
model across diverse data distributions and imaging
conditions.

4.1.1. UC Merced Dataset. The UC Merced dataset
consists of satellite images with 256 × 256 pixel
resolution, manually collected from satellite sources
and obtained from the United States Geological
Survey National Map. The dataset encompasses 21
distinct scene categories, including agricultural ar-
eas, airplanes, baseball diamonds, beaches, build-
ings, chaparral, dense residential areas, forests, free-
ways, golf courses, harbors, intersections, medium-
density residential areas, mobile home parks, over-
passes, parking lots, rivers, runways, sparse resi-
dential areas, storage tanks, and tennis courts. Each
category contained 100 images, resulting in a total
of 2,100 images. The primary challenge presented
by this dataset lies in the significant visual simi-
larities between certain scene categories [9]. Figure
2 presents representative examples from the UC
Merced dataset.

4.1.2. Aerial Image Dataset (AID). The AID repre-
sents a comprehensive collection of satellite images
specifically designed for scene categorization tasks.
Each image has a resolution of 600×600 pixels, and
the complete dataset contains 10,000 images across
30 distinct categories. The AID dataset includes
airports, bare land, baseball fields, beaches, bridges,
centers, churches, commercial areas, dense residen-
tial zones, deserts, farmland, forests, industrial ar-
eas, meadows, medium residential areas, mountains,

Figure 2. Representative examples from the UC Merced
dataset showing diverse scene categories, including agri-
cultural areas, residential zones, and infrastructure ele-
ments.

Figure 3. Representative examples from the Aerial Image
Dataset (AID) demonstrating the diversity of scene cate-
gories, including natural landscapes, urban structures, and
transportation infrastructure.

parks, parking areas, playgrounds, ponds, ports, rail-
way stations, resorts, rivers, schools, squares, stadi-
ums, storage tanks, and viaducts. Each image was
professionally annotated by domain experts to ensure
classification accuracy [9]. Figure 3 shows represen-
tative examples from the AID dataset.

4.1.3. NWPU-RESISC45 Dataset. The NWPU-
RESISC45 dataset, developed by Northwestern
Polytechnical University, consists of 31,500 im-
ages, each with 256 × 256 pixel resolution. The
dataset encompasses 45 comprehensive scene cat-
egories, including airplanes, airports, baseball di-
amonds, basketball courts, beaches, bridges, cha-
parrals, churches, circular farmland, clouds, com-
mercial areas, dense residential areas, deserts,
forests, freeways, golf courses, ground track fields,
harbors, industrial areas, intersections, islands, lakes,
meadows, medium residential areas, mobile home
parks, mountains, overpasses, palaces, parking lots,
railways, railway stations, rectangular farmland,
rivers, roundabouts, runways, sea ice, ships, snow-
berg, sparse residential areas, stadiums, storage
tanks, tennis courts, terraces, thermal power stations,
and wetlands. Each category contains 700 images,
providing substantial training data for each scene
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Figure 4. Representative examples from the NWPU-
RESISC45 dataset showcasing the diversity of 45
scene categories, including natural environments (moun-
tains, lakes, and wetlands), urban infrastructure (airports,
commercial areas, and industrial zones), transportation
networks (railways, freeways, and roundabouts), and spe-
cialized facilities (stadiums, thermal power stations, and
palaces). The comprehensive coverage of the dataset
demonstrates the complexity and variety of remote sensing
scene classification challenges.

type. Figure 4 shows representative examples from
the NWPU dataset.

4.1.4. OPTIMAL 31 Dataset. The OPTIMAL 31
dataset contains 1,860 high-resolution satellite im-
ages with 256 × 256 pixel dimensions, compris-
ing 1,860 total images. The dataset includes 31
distinct scene categories: airplanes, airports, base-
ball diamonds, basketball courts, beaches, bridges,
chaparral, churches, circular farmland, commercial
areas, dense residential areas, deserts, forests, free-
ways, golf courses, ground track fields, harbors, in-
dustrial areas, intersections, islands, lakes, meadows,
medium residential areas, mobile home parks, moun-
tains, overpasses, parking lots, railways, rectangular
farmland, roundabouts, and runways. Each image
has been individually categorized by domain experts
to ensure annotation quality [9]. Figure 5 shows
representative examples from the OPTIMAL dataset.

4.2. Experimental Setup

The experimental methodology combines the
ARCNet architecture with MSDFF by systematic
modification of the feature extraction process us-
ing advanced deep feature fusion techniques. The
primary objective of this study is to develop an
enhanced ARCNet model capable of extracting more
comprehensive and discriminative information from
input images.

The recurrent attention structure of ARCNet
strategically directs the model’s focus to specific
regions within images, thereby conserving compu-
tational resources and enhancing classification out-
comes by systematically eliminating irrelevant in-

Figure 5. Representative examples from the OPTIMAL 31
dataset illustrating diverse scene categories across natural
landscapes (deserts, forests, and mountains), agricultural
areas (circular and rectangular farmland), urban environ-
ments (residential areas and commercial zones), trans-
portation infrastructure (airports, runways, and bridges),
and recreational facilities (golf courses and baseball dia-
monds). The dataset provides a balanced representation of
remote sensing scene types for comprehensive classifica-
tion evaluation.

formation. The feature extraction capabilities are
enhanced through the integration of ResNet50,
AlexNet, and DenseNet161 architectures, each con-
tributing unique representational strengths. The fea-
ture fusion process maximizes the ability of the
ARCNet model to learn high-level semantic features
while effectively filtering out unimportant back-
ground information, ultimately enhancing the overall
classification performance.

The robustness of the developed model was
tested experimentally across four distinct benchmark
datasets, providing comprehensive performance as-
sessment across diverse remote sensing scenarios.
The enhancement of feature extraction represents
a key innovation in addressing the limitations of
single-architecture approaches, as complementary
features from different CNN types can capture more
comprehensive information to improve classification
accuracy.

The three selected CNN architectures (ResNet50,
AlexNet, and DenseNet161) serve as specialized fea-
ture extractors in the proposed methodology. These
architectures were chosen for their relatively effi-
cient structures compared with more complex CNNs,
enabling faster image processing while maintaining
high-quality feature extraction capabilities.

All feature extraction models use pre-trained
weights from the Places365 dataset, which repre-
sents the latest comprehensive scene recognition
dataset [15]. Subsequently, the pretrained models are
fine-tuned for remote sensing scene recognition tasks
across the four benchmark datasets. Training pro-
cedures employ 100 epochs with continuous mon-
itoring using loss evaluation metrics and accuracy
assessments for validation data at each epoch.
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Table 1. Hyperparameters Used in Training
Parameter Value

Epoch 100
Encoder Learning Rate 0.00001
Decoder Learning Rate 0.005

Weight Decay 0.0001
Batch Size 32

The experimental design includes comprehen-
sive hyperparameter optimization experiments with
parameter values specified in Table 1. The cross-
entropy loss criterion measures the alignment be-
tween the model predictions and the actual target
class distributions. Although classification errors can
have significant implications in remote sensing ap-
plications, the loss function effectively addresses
diverse classification scenarios. During training, the
neural network automatically adjusts weights us-
ing Adam optimization, which combines adaptive
learning rates for each parameter, leading to faster
convergence and improved training efficiency.

4.3. Evaluation Metrics

The experimental evaluation employs multiple
complementary metrics to provide a comprehensive
performance assessment beyond traditional accuracy
measures. This multi-metric approach ensures robust
evaluation of model performance across different
aspects of classification quality.

The precision metric, defined in Equation 14,
measures the proportion of correctly predicted pos-
itive instances for each class:

Precision =
TP

TP + FP
(14)

The recall metric specified in Equation 15, cal-
culates the proportion of correctly predicted positive
instances among all actual positive instances:

Recall =
TP

TP + FN
(15)

The F1-score, presented in Equation 16, provides
a harmonic mean of precision and recall, offering a
balanced assessment of classification performance:

F1− Score = 2× Precision×Recall

Precision+Recall
(16)

The overall accuracy metric, defined in Equation
17, represents the fundamental performance mea-
sure:

Accuracy =
TP + TN

FP + FN + TP + TN
(17)

where TP, FP, FN, and TN are true positives,
false positives, false negatives, and true negatives,
respectively.

The loss function employs cross-entropy as spec-
ified in Equation 18:

CE(p, y) = −
C∑
i=1

yi log(pi) (18)

where pi represents the predicted probability for
class i, yi represents the ground truth indicator, and
C denotes the total number of classes.

5. Results and Discussion

5.1. Quantitative Performance Analysis
(QPA)

The experimental results demonstrate substantial
improvements in classification performance when
combining MSDFF with ARCNet compared with
ARCNet alone. Table 2 presents the overall accuracy
results, while Table 3 provides comprehensive evalu-
ation metrics across all datasets, including statistical
significance testing.

The UC Merced dataset demonstrates the most
substantial relative improvement, with accuracy in-
creasing from 43.8% to 84.9% (41.1% improvement,
representing a 93.8% relative increase). This remark-
able enhancement indicates that the UC Merced
dataset benefits considerably from multi-structure
feature fusion. The balanced class distribution across
21 land-use categories and moderate scene complex-
ity (256×256 pixel resolution) align well with the
three CNN architectures’ complementary strengths.
The precision metric shows the largest improvement
(+43.8 percentage points), suggesting that the fusion
framework significantly reduces the number of false
positive classifications across different scene cate-
gories.

The AID dataset shows consistent improvements
across all evaluation metrics, with the accuracy in-
creasing from 63.8% to 94.4% (30.6 percentage
point improvement, representing a 48.0% relative
increase). The precision, recall, and F1-score metrics
demonstrate similar improvement patterns, indicat-
ing balanced performance enhancement across all
30 scene categories. The larger number of classes
and higher image resolution (600×600 pixels) pro-
vide more detailed visual information that the fu-
sion framework effectively exploits. The consistent
improvement across all metrics (precision: +32.0%,
recall: +30.6%, F1-score: +31.2%) demonstrates the
robustness of the MSDFF approach in handling di-
verse aerial scene categories.
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Table 2. Overall accuracy comparison between ARCNet and MSDFF-RCNet across all datasets
Method UC Merced AID NWPU OPTIMAL 31
ARCNet 43.8% 63.8% 61.5% 47.3%

MSDFF-RCNet 84.9% 94.4% 95.4% 87.9%
Improvement +41.1% +30.6% +33.9% +40.6%

Table 3. Comprehensive evaluation metrics with statistical significance analysis across all datasets and methods
Dataset Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) p-value

UC Merced
ARCNet 43.8 42.1 43.8 42.9 -

MSDFF-RCNet 84.9 85.9 84.9 84.6 < 0.01
Improvement +41.1 +43.8 +41.1 +41.7

AID
ARCNet 63.8 62.4 63.8 63.1 -

MSDFF-RCNet 94.4 94.4 94.4 94.3 < 0.01
Improvement +30.6 +32.0 +30.6 +31.2

NWPU
ARCNet 61.5 60.8 61.5 61.1 -

MSDFF-RCNet 95.4 95.4 95.4 95.4 < 0.01
Improvement +33.9 +34.6 +33.9 +34.3

OPTIMAL 31
ARCNet 47.3 46.1 47.3 46.7 -

MSDFF-RCNet 87.9 88.1 87.9 87.9 < 0.01
Improvement +40.6 +42.0 +40.6 +41.2

The NWPU-RESISC45 dataset exhibits substan-
tial performance gains, with accuracy improving
from 61.5% to 95.4% (33.9% improvement, repre-
senting a 55.1% relative increase). This significant
enhancement validates the scalability of the model
to larger datasets with 45 classes and 700 images
per category. The diverse range of scene categories
in NWPU benefits from the three CNN architec-
tures’ complementary feature extraction capabilities.
Notably, precision, recall, and F1-score all achieve
95.4%, indicating exceptional balanced performance
across all evaluation metrics.

The OPTIMAL 31 dataset presents substantial
improvement, with accuracy increasing from 47.3%
to 87.9% (40.6 percentage point improvement, rep-
resenting an 85.8% relative increase). This signifi-
cant enhancement demonstrates the effectiveness of
MSDFF across different dataset characteristics. The
precision showed the largest improvement (+42.0
percentage points), followed by F1-score (+41.2 per-
centage points), indicating that the fusion framework
effectively addressed both false positive and false
negative classifications. The smaller dataset size
(approximately 60 images per class) suggests that
the multi-structure approach can effectively leverage
complementary features even with limited training
data.

Statistical significance testing was performed us-
ing paired t-tests across multiple experimental runs
(n=10 for each dataset). All datasets demonstrate
highly significant improvements (p < 0.01) when
comparing ARCNet baseline with MSDFF-RCNet,
confirming that the observed performance gains are
statistically reliable and reproducible. The effect
sizes are classified as large across all datasets ac-
cording to Cohen’s conventions, indicating not only

the statistical significance but also the practical sig-
nificance of the improvements.

5.2. Analysis of Training Dynamics

The training and validation accuracy curves pre-
sented in Figure 6 provide critical insights into
the learning dynamics, convergence behavior, and
generalization capabilities of the proposed MSDFF-
RCNet method across different remote sensing
datasets. The analysis of these curves reveals dis-
tinct training characteristics that correlate with the
performance outcomes and dataset properties.

The UC Merced dataset exhibits rapid initial
learning with both training and validation accura-
cies showing steep improvement during the first
20 epochs, reaching approximately 80% valida-
tion accuracy. The training curve gradually im-
proved, achieving final accuracy around 95-97%,
while the validation accuracy stabilized at approxi-
mately 85%. The moderate train-validation gap (10-
12%) indicates controlled overfitting, indicating that
the model successfully learns discriminative features
while maintaining reasonable generalization capa-
bility. The convergence stabilizes at approximately
epoch 30, demonstrating efficient learning dynamics
for this moderately complex dataset.

The AID dataset demonstrates exceptional con-
vergence characteristics with rapid early learning
followed by stable performance. Both the train-
ing and validation curves show parallel progression
throughout the training process, with the validation
accuracy closely tracking the training accuracy and
reaching approximately 94%. The minimal train-
validation gap (1-2%) indicates excellent generaliza-
tion capability and low risk of overfitting. This be-
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Figure 6. Training and validation accuracy curves for (a) UC Merced, (b) OPTIMAL 31, (c) AID, and (d) NWPU-
RESISC45 datasets, showing convergence patterns and generalization performance throughout the training process.

havior suggests that the multi-structure fusion frame-
work effectively captures the diverse visual patterns
present in the 30 scene categories while maintaining
robust feature representations that transfer well to
unseen data.

The NWPU dataset shows steady and consistent
learning throughout the training process, with both
curves exhibiting smooth progression. The training
and validation accuracies converge to approximately
95%, with virtually no train-validation gap, indicat-
ing optimal generalization performance. The gradual
but consistent improvement suggests that the model
learns increasingly complex feature representations
suitable for the 45 diverse scene categories. The
absence of overfitting signs despite the dataset’s
complexity validates the robustness of the proposed
fusion approach.

The OPTIMAL 31 dataset presents the most
controlled training dynamics, with a gradual learn-
ing progression and excellent alignment with the
train. The validation accuracy approximately reaches
88% with minimal fluctuations, whereas the training
accuracy achieves 95%. The small train-validation
gap (6-7%) and stable convergence patterns indicate
well-controlled learning without overfitting. How-
ever, the more gradual learning curve suggests that
this dataset requires longer training periods to fully
exploit the benefits of multi-structure fusion.

The train-validation gap analysis reveals im-
portant insights into model generalization across

datasets. The AID and NWPU datasets show the
smallest gaps (1-2% and 0% respectively), indi-
cating superior generalization capabilities on these
datasets. The UC Merced dataset exhibits a moder-
ate gap (10-12%), whereas OPTIMAL 31 shows a
good control (6-7%). These patterns suggest that the
multi-structure fusion approach exhibits a dataset-
dependent generalization behavior, with better per-
formance on datasets with larger training sets and
higher scene diversity.

The convergence speed varied significantly
across datasets, with AID showing the fastest sta-
bilization (around epoch 15-20), followed by UC
Merced (epoch 30), NWPU (gradual throughout),
and OPTIMAL 31 (continuous improvement). This
variation correlates with dataset characteristics such
as class diversity, image resolution, and training set
size, providing insights into the proposed approach’s
scalability.

5.3. Per-dataset performance analysis

The per-class performance analysis presented in
Figure 7 provides detailed insights into the classifi-
cation capabilities of the proposed MSDFF-RCNet
framework across individual scene categories within
each dataset. The analysis is based on test set evalu-
ation using the 5% hold-out test partition described
in Section 3.4. For improved readability and clar-
ity, only the top 10 performing classes per dataset
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are displayed, ranked by average F1-score. All per-
formance metrics (precision, recall, F1-score) are
properly bounded between 0 and 1, with values ap-
proaching 1.0 representing near-perfect classification
performance (≥ 0.99).

The variations in apparent sample representation
across classes reflect the natural dataset distribu-
tions combined with the 80-15-5% train-validation-
test split strategy. Classes with fewer test samples
may exhibit more variable performance metrics due
to smaller evaluation set sizes, which represents a
characteristic of the dataset partitioning approach
rather than a methodological limitation.

The UC Merced dataset’s substantial 41.1%
overall improvement (from 43.8% to 84.9%) demon-
strates significant class-dependent performance vari-
ations that provide insights into the multi-structure
fusion effectiveness. The per-class analysis reveals
performance ranging from approximately 0.4 to 1.0
across the displayed top-performing land-use cat-
egories, indicating varying degrees of classifica-
tion difficulty among scene types. High-performing
classes achieving precision, recall, and F1-scores
above 0.9 include well-defined categories, such
as agricultural areas, airplanes, baseball diamonds,
beaches, buildings, chaparrals, dense residential ar-
eas, forests, golf courses, harbors, parking lots, run-
ways, storage tanks, and tennis courts. These classes
benefit from distinctive visual characteristics that the
complementary CNN architectures can effectively
capture and discriminate.

The multi-structure approach addresses inter-
class similarities by leveraging complementary fea-
ture representations from AlexNet’s spatial fea-
tures, ResNet50’s deep hierarchical patterns, and
DenseNet161’s dense connectivity features. The rel-
atively balanced class distribution and moderate
scene complexity (256×256 pixel resolution) of UC
Merced scenes make this dataset well-suited for
demonstrating the effectiveness of the proposed ap-
proach across diverse land-use categories, with com-
plementary features effectively addressing the visual
similarities between scene categories.

The AID dataset demonstrates exceptional per-
formance consistency with a 30.6% improvement
(from 63.8% to 94.4%), achieving the most uniform
per-class performance distribution among all tested
datasets. The performance analysis reveals that the
displayed top 10 scene categories achieve precision,
recall, and F1-scores exceeding 0.9, with very few
classes falling below 0.8 performance levels. The
excellent metric consistency across precision, recall,
and F1-score for most classes indicates balanced
classification performance with minimal false pos-
itive and false negative issues.

This consistency validates the robustness of the
multi-structure fusion approach when applied to
high-resolution imagery (600×600 pixels) with de-
tailed visual information that the fusion framework
can effectively exploit. The dataset’s larger num-
ber of classes and higher image resolution provide
more detailed visual information that enables the
three CNN architectures to extract complementary
features at different levels of abstraction.

The NWPU dataset exhibits outstanding per-
class performance with a 33.9% improvement (from
61.5% to 95.4%), achieving the most consistent and
highest performance levels across individual scene
categories. The analysis of the top 10 performing
classes reveals that performance ranges from ap-
proximately 0.85 to 1.0, with most classes achiev-
ing scores above 0.95 across all evaluation met-
rics. The exceptional consistency across precision,
recall, and F1-score metrics indicates that the multi-
structure fusion approach successfully addresses the
challenges associated with the dataset’s 45 scene
categories and larger training sets (700 images per
category).

The virtually uniform performance distribution
suggests that no individual scene categories pose
significant classification challenges when the com-
plementary CNN features are properly fused. This
outstanding performance validates the scalability of
the model to larger datasets with extensive class
diversity.

The OPTIMAL 31 dataset presents more chal-
lenging per-class performance characteristics despite
achieving a substantial 40.6% overall improvement
(from 47.3% to 87.9%). The per-class analysis
shows more variable performance distribution with a
range spanning from approximately 0.5 to 1.0, indi-
cating significant class-dependent challenges. Most
displayed classes achieve good performance above
0.8, demonstrating the general effectiveness of the
multi-structure fusion approach. However, several
classes exhibited notably lower performance in the
0.5-0.7 range.

These challenging classes show precision-recall
imbalances, suggesting specific issues with either
false positive or false negative classifications that
the current fusion framework cannot fully address.
The smaller training set size (approximately 60 im-
ages per class) may limit the ability of the model
to learn robust multi-structure representations for
classes with high intra-class variation.

Comparative analysis across datasets reveals im-
portant insights into the relationship between dataset
characteristics and per-class performance patterns.
Datasets with larger training sets and higher scene
diversity (AID and NWPU) demonstrate more con-
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Figure 7. Per-class performance metrics (precision, recall, F1-score) evaluated on test data for selected classes in (a)
UC Merced (top 20 classes), (b) OPTIMAL 31 (top 20 classes), (c) AID (top 20 classes), and (d) NWPU-RESISC45
(top 20 classes). All metrics are bounded [0,1] representing classification performance on hold-out test sets.

sistent per-class performance, suggesting that the
multi-structure fusion approach benefits from in-
creased data availability and scene variety. These
findings provide valuable insights for future de-
velopments in multi-structure fusion methodologies
and highlight the importance of considering dataset-
specific characteristics when designing feature fu-
sion frameworks for remote sensing scene classifi-
cation applications.

5.4. Qualitative Analysis

The qualitative analysis provides comprehensive
insights into the classification behavior, attention
mechanism effectiveness, and feature space organi-
zation of the proposed MSDFF-RCNet framework.
Through detailed examination of successful clas-

sifications, challenging cases, failure modes, and
feature space visualization, this analysis reveals the
strengths and limitations of the multi-structure fu-
sion approach across diverse remote sensing scenar-
ios.

5.4.1. Successful Classification Analysis. Figure
8 demonstrates the framework’s exceptional perfor-
mance on well-structured scenes where distinctive
visual characteristics enable confident classification.
The attention maps presented were generated using
the final attention weights from the recurrent atten-
tion mechanism at the last LSTM time step (t = T ).
Specifically, the attention visualization represents the
spatial attention weights aT computed according to
Equation (7), which are resized and overlaid on the
original input images using bicubic interpolation to
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Figure 8. Classification examples showing successfully
classified scenes with attention visualization for (a) UC
Merced, (b) OPTIMAL 31, (c) AID, and (d) NWPU-
RESISC45 datasets

match the original image dimensions.
The attention mechanism operates on the fused

feature representations (Frefined) rather than raw
pixel values, which explains why some attention
regions may appear distributed across multiple spa-
tial locations within the scene. This distributed at-
tention pattern reflects the model’s focus on multi-
ple discriminative regions within a scene, which is
characteristic of the recurrent attention mechanism’s
ability to capture both local details and global spatial
relationships. While some attention may appear to
cover background regions, this often corresponds
to contextual information that contributes to scene
classification, such as spatial arrangements, texture
patterns, or geometric relationships that distinguish
between similar scene categories.

The framework demonstrates outstanding perfor-
mance on scenes with clear geometric patterns and
spatial arrangements. In UC Merced examples, the
attention mechanism focuses on distinctive structural
elements such as organized parking arrangements,
circular storage tank configurations, and regular

building layouts. The confidence scores consistently
exceed 0.9, indicating robust feature discrimination
capabilities.

The transportation and infrastructure categories
showcase the effectiveness of the attention mecha-
nism in identifying key structural components. For
the OPTIMAL 31 dataset examples, the attention
maps highlight characteristic infrastructure elements,
including parking lot organization patterns, storage
facility arrangements, and building structural bound-
aries. The high confidence scores (> 0.8) validate
the ability of the framework to leverage complemen-
tary CNN features for accurate infrastructure scene
recognition.

The AID and NWPU datasets demonstrate ex-
ceptional performance in specialized scene cate-
gories. Storage tank scenes show precise attention
focus on circular geometric patterns, while ship
classifications exhibit accurate attention on vessel
structural features and maritime context. The near-
perfect confidence scores (approximately 1.0) indi-
cate optimal feature extraction and fusion for these
distinctive scene types.

The successful cases reveal that the recurrent
attention mechanism effectively leverages multi-
structure feature fusion by focusing on comple-
mentary discriminative regions. The attention maps
consistently focus on scene-specific characteristic
elements, validating the synergistic combination of
AlexNet’s spatial features, ResNet50’s hierarchical
representations, and DenseNet161’s dense connec-
tivity patterns.

5.4.2. Challenging Case Analysis. Figure 9 reveals
the framework’s behavior when confronted with high
inter-class similarity scenarios that challenge the dis-
crimination capabilities of the multi-structure fusion
approach. These cases provide insights into the lim-
itations and boundaries of the current methodology.

Distinguishing between different residential den-
sity categories is the most prominent challenge. UC
Merced examples show confusion between sparse
residential and dense residential areas (margins: 0.5-
0.7), where the attention mechanism struggles to
focus on subtle density differences rather than shared
residential characteristics. The attention maps reveal
a distributed focus across similar building patterns,
indicating the difficulty of extracting discriminative
density-based features.

OPTIMAL 31 examples demonstrate challenges
in distinguishing between medium residential and
freeway categories, where mixed urban infrastruc-
ture elements create visual ambiguity. The attention
mechanism shows conflicting focus between differ-
ent infrastructure components, resulting in moderate
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Figure 9. Classification examples showing challenging
cases with high inter-class similarity for (a) UC Merced,
(b) OPTIMAL 31, (c) AID, and (d) NWPU-RESISC45
datasets

classification margins that indicate uncertainty in the
fusion framework’s decision-making process.

AID dataset challenging cases primarily involve
residential categories with overlapping density pat-
terns. The attention visualization focuses on shared
residential characteristics rather than discriminative
density indicators, highlighting the inherent diffi-
culty in leveraging multi-structure features for subtle
intra-category distinctions.

NWPU examples reveal systematic challenges in
distinguishing between industrial areas and railway
stations, where classification ambiguity is created by
shared infrastructure elements. The attention mech-
anism exhibits similar focusing patterns for both
categories, indicating that additional contextual in-
formation for these specific discriminations may be
required for the current fusion approach.

5.4.3. Failure Case Analysis. Figure 10 provides
critical insights into systematic failure modes that
reveal fundamental limitations of the current multi-
structure fusion approach. These cases demonstrate

Figure 10. Classification examples showing failure cases
with detailed analysis of misclassification patterns for (a)
UC Merced, (b) OPTIMAL 31, (c) AID, and (d) NWPU-
RESISC45 datasets

scenarios in which the attention mechanism and fea-
ture fusion fail to identify appropriate discriminative
characteristics.

UC Merced failure cases show dense residential
areas misclassified as buildings (confidence: 0.997),
indicating that the framework focuses on building
structures rather than spatial arrangement patterns.
The attention mechanism erroneously prioritizes in-
dividual building features over residential layout
characteristics, demonstrating a fundamental mis-
alignment between attention focus and true discrim-
inative features.

OPTIMAL 31 examples reveal bridge struc-
tures misclassified as overpasses (confidence: 0.999),
where the attention mechanism focuses on shared
structural elements rather than contextual differ-
ences. This failure indicates limitations in the frame-
work’s ability to incorporate broader spatial context
for infrastructure discrimination.

AID failure cases demonstrate industrial areas
misclassified as railway stations (confidence: 0.971),
where the attention mechanism focuses on secondary
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Figure 11. Feature Space for (a) UC Merced, (b) OPTI-
MAL 31, (c) AID, and (d) NWPU-RESISC45 datasets

infrastructure features rather than primary industrial
characteristics. This systematic error suggests that
the current fusion approach may require enhanced
contextual feature integration.

Examples of NWPU failure show railway sta-
tion classification errors (confidence: 0.965), where
complex transportation infrastructure creates atten-
tion distribution issues. Failure analysis indicates
that highly complex scenes may require special-
ized attention mechanisms or additional architectural
components.

5.4.4. Feature Space Visualization Analysis. Fig-
ure 11 presents t-SNE visualizations of the learned
feature representations, providing insights into the
multi-structure fusion framework’s ability to cre-
ate discriminative feature spaces across different
datasets. Visualization reveals distinct patterns of
class separability and clustering quality that correlate
with classification performance.

The UC Merced feature space exhibits good
class separation with clear cluster formation for most
categories. However, residential categories show
overlapping regions in the feature space, directly
corresponding to the classification analysis’s confu-
sion patterns. The interpretable 2D embedding struc-
ture indicates that the multi-structure fusion creates
meaningful feature representations while revealing
the inherent limitations of discrimination in residen-
tial categories.

The OPTIMAL 31 feature space exhibits more
scattered point distributions with fewer defined clus-
ter boundaries than other datasets. This pattern cor-
relates with the performance characteristics observed
in the quantitative analysis. The presence of outlier
points and less cohesive clustering suggests that the

dataset’s unique characteristics may require special-
ized feature extraction strategies.

The AID feature space visualization demon-
strates excellent class separation with tight, well-
defined clusters and minimal interclass overlap. This
outstanding feature organization directly explains
the exceptional classification performance of this
dataset. The clear cluster boundaries validate the
effectiveness of multi-structure fusion in creating
discriminative representations for diverse scene cat-
egories.

The NWPU feature space exhibits the most
optimal organization, with clusters clearly defined,
minimal overlap, and excellent class separability.
The tight clustering and distinct boundaries cor-
relate directly with the near-perfect classification
performance achieved on this dataset. This visual-
ization validates the scalability and effectiveness of
the multi-structure fusion approach for large-scale,
diverse remote sensing datasets.

5.5. Confusion matrix analysis

The confusion matrices presented in Figure 12
provide comprehensive insights into the classifica-
tion performance and error patterns of the proposed
MSDFF-RCNet framework across different remote
sensing datasets. The analysis reveals distinct pat-
terns of classification accuracy, systematic confusion
sources, and the effectiveness of multi-structure fea-
ture fusion in addressing inter-class discrimination
challenges.

The UC Merced confusion matrix demonstrates
strong diagonal dominance with concentrated high-
intensity values along the main diagonal, indicating
that most of the 21 land-use categories achieve ac-
curate classification. The matrix exhibits a clean di-
agonal pattern with scattered off-diagonal elements,
reflecting the framework’s ability to effectively dis-
criminate between diverse scene types while reveal-
ing specific inter-class confusion patterns. Several
classes achieve near-perfect classification accuracy,
as evidenced by intense diagonal values and mini-
mal off-diagonal confusion. These include distinc-
tive categories such as agricultural areas, airplanes,
baseball diamonds, beaches, buildings, golf courses,
harbors, intersections, parking lots, rivers, runways,
storage tanks, and tennis courts.

The primary source of classification errors oc-
curs between visually similar residential categories,
specifically among dense, medium, and sparse res-
idential areas. This confusion pattern reflects the
inherent challenge of distinguishing residential den-
sities that share similar architectural elements and
spatial arrangements but differ primarily in building
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Figure 12. Confusion matrix for (a) UC Merced, (b) OPTIMAL 31, (c) AID, and (d) NWPU-RESISC45 (only 20 top
class) datasets with training ratio of 80%.

density and spacing. The multi-structure approach
partially addresses these similarities through com-
plementary feature extraction, although some confu-
sion persists due to the gradual transitions between
residential density categories.

The AID confusion matrix exhibits exceptional
classification performance with near-perfect diago-
nal dominance and minimal off-diagonal confusion
across all 30 scene categories. The matrix demon-
strates outstanding classification clarity, with virtu-
ally no visible systematic confusion patterns, vali-
dating the scalability of the framework to complex
datasets with diverse scene types. The intensity con-
centration along the main diagonal indicates con-
sistent high-accuracy classification across all scene
categories, including both structured urban environ-
ments and natural landscapes.

The NWPU dataset confusion matrix displays

outstanding classification performance with virtu-
ally perfect diagonal dominance across all 20 top-
performing classes. The matrix exhibits minimal
to no visible off-diagonal confusion, representing
the highest level of classification accuracy among
all tested datasets. The exceptional matrix clar-
ity demonstrates optimal utilization of complemen-
tary CNN features, where AlexNet, ResNet50, and
DenseNet161 contributions synergistically address
the classification challenges posed by the dataset’s
45 scene categories.

The OPTIMAL 31 dataset confusion matrix
presents more variable performance patterns while
maintaining generally strong diagonal dominance.
The matrix reveals both high-performing categories
and regions with notable off-diagonal confusions,
providing insights into dataset-specific classification
challenges. Several regions within the matrix exhibit
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off-diagonal confusion patterns, particularly visible
in the middle sections, indicating systematic chal-
lenges with specific scene category pairs.

The comparative analysis across all four datasets
reveals important insights into the relationship be-
tween dataset characteristics and confusion ma-
trix patterns. Datasets with larger training sets and
higher scene diversity (AID and NWPU) demon-
strate cleaner confusion matrices with minimal off-
diagonal elements, whereas datasets with specific
characteristics (UC Merced and OPTIMAL 31)
show more pronounced confusion patterns in pre-
dictable categories. The consistent diagonal domi-
nance across all datasets validates the effectiveness
of combining complementary CNN architectures in
reducing systematic classification errors.

5.6. Computational complexity analysis
(CCA)

Computational efficiency analysis reveals impor-
tant trade-offs between performance improvements
and computational requirements when incorporating
the multi-structure data fusion framework. Table 4
presents comprehensive training time comparisons
across all datasets, while Table 5 shows the differ-
ences in parameter complexity between the base-
line ARCNet and the proposed MSDFF-RCNet ap-
proach.

The training time analysis reveals substantial
but variable increases in computational requirements
when incorporating MSDFF-RCNet across different
datasets. The computational overhead demonstrates
a clear correlation with dataset characteristics, with
training time increases ranging from 7.2× to 11.8×.
The UC Merced dataset exhibited the largest rela-
tive increase, with the training time escalating from
21.87 to 258.33 minutes (11.8× increase, represent-
ing an additional 236.46 min). Similarly, the OPTI-
MAL 31 dataset shows comparable overhead with
an increase in training time from 20.97 to 236.66
minutes (11.3× increase).

Parameter complexity analysis reveals a dramatic
increase in model size when incorporating the multi-
structure data fusion framework. The encoder com-
plexity increases substantially from 23 million to
589 million parameters, representing a 25.6× in-
crease that directly reflects the integration of three
distinct CNN architectures (AlexNet, ResNet50, and
DenseNet161). In contrast, the decoder complexity
remained constant at 430,000 parameters, indicating
that the computational overhead was concentrated in
the feature extraction phase rather than the classifi-
cation stage.

The total model complexity increases from 23.43
million to 589.43 million parameters (25.2× in-
crease), necessitating significantly greater memory
requirements for both training and inference phases.
This substantial parameter increase has direct im-
plications for hardware requirements, memory con-
sumption, and inference speed. The encoder-focused
complexity increase validates the design decision
to maintain a lightweight decoder while leveraging
the complementary strengths of multiple pretrained
CNN architectures for enhanced feature extraction
capabilities.

5.7. Model Efficiency Considerations

The substantial 25.6× parameter increase raises
important deployment considerations for practical
applications. Several strategies could potentially re-
duce computational complexity while maintaining
the performance benefits demonstrated by the multi-
structure fusion approach:

Knowledge Distillation: The multi-structure
framework could serve as a teacher model to train
a smaller, single-architecture student network. This
approach could potentially retain 80-90% of the per-
formance improvements while reducing parameters
by similar proportions, making deployment more
feasible for resource-constrained environments.

Progressive Feature Fusion: Rather than con-
catenating features from all three architectures for
every input, a progressive fusion strategy could dy-
namically select the most relevant feature extractors
based on scene complexity or confidence scores.
This approach could reduce computational load for
simpler scenes while maintaining full fusion capa-
bilities for challenging classifications.

Encoder Architecture Optimization: The cur-
rent approach uses full pre-trained models for feature
extraction. Alternative strategies include selective
layer freezing, network pruning techniques, or uti-
lizing.

6. Conclusions

This study successfully demonstrates that the
MSDFF combined with recurrent attention signif-
icantly enhances remote sensing scene classifica-
tion performance across diverse datasets. The pro-
posed approach achieves substantial accuracy im-
provements ranging from 30.6% to 41.1% on four
benchmark datasets (UC Merced, AID, NWPU-
RESISC45, and OPTIMAL 31), with all improve-
ments reaching statistical significance (p < 0.01).
The multi-structure fusion of AlexNet, ResNet50,
and DenseNet161 architectures effectively captures
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Table 4. Training time comparison across all datasets (values in minutes)
Method UC Merced AID NWPU OPTIMAL 31
ARCNet 21.87 219.02 402.18 20.97

MSDFF-RCNet 258.33 2074.05 2875.95 236.66
Increase Factor 11.8x 9.5x 7.2x 11.3x

Table 5. Comparison of computational complexity be-
tween methods

Method Encoder Decoder
ARCNet 23M 430K

MSDFF-RCNet 589M 430K
Increase Factor 25.6x 1.0x

complementary spatial and hierarchical features,
while the recurrent attention mechanism successfully
focuses on discriminative scene regions.

However, the framework requires significant
computational resources with a 25.6× parameter
increase and training time overhead ranging from
7.2× to 11.8×, necessitating careful consideration for
practical deployment scenarios. Several efficiency
optimization strategies, including knowledge distil-
lation, progressive fusion, and architecture optimiza-
tion, present viable paths for reducing computational
complexity while maintaining performance bene-
fits. The comprehensive analysis validates the effec-
tiveness of multi-structure fusion approaches while
highlighting important trade-offs between classifi-
cation performance and computational efficiency in
remote sensing applications.

The qualitative analysis reveals that the atten-
tion mechanism effectively leverages multi-structure
features by focusing on discriminative spatial re-
gions, though challenges remain in distinguishing
visually similar categories such as different resi-
dential density types. The feature space visualiza-
tion demonstrates that the fusion approach creates
well-separated, discriminative representations, par-
ticularly for datasets with larger training sets and
higher scene diversity.

Future research should prioritize the systematic
evaluation of computationally efficient fusion ar-
chitectures through knowledge distillation and net-
work pruning techniques to reduce the current 25.6×
parameter overhead while maintaining classifica-
tion performance benefits. Adaptive fusion strategies
that dynamically adjust feature combination weights
based on dataset characteristics and scene complex-
ity could improve performance consistency across
diverse remote sensing scenarios. The integration
of transformer-based architectures within the multi-
structure framework presents promising opportuni-
ties for combining convolutional feature extraction
with advanced attention mechanisms for enhanced
scene understanding. Extending the approach to han-

dle multi-modal remote sensing data, including the
fusion of optical, SAR, and hyperspectral imagery,
represents a critical advancement for comprehensive
Earth observation applications. Comprehensive eval-
uation on larger operational datasets covering diverse
geographic regions and environmental conditions
will validate the framework’s real-world applicabil-
ity and establish practical deployment guidelines for
operational remote sensing systems.
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