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Highlights

What are the main findings?
• We propose the FG-Swin KANsformer, utilizing frequency domain and gradient prior

information and combining the nonlinear modeling capability of the Swin Transformer
with the fusion of KAN to enhance the utilization of original image information and
feature extraction capabilities.

• The FG-Swin KANsformer achieves exceptional performance in remote sensing scene
classification on multiple benchmark datasets, with a classification accuracy superior to
numerous mainstream models based on CNN and Transformer.

What are the implications of the main findings?
• This study utilizes the original image and global semantic information, integrating

detailed features and multi-scale spatial relationships, providing a reliable model for
remote sensing scene classification tasks.

• The model is scalable and offers a new feature extraction modeling approach based on
the Transformer architecture for other remote sensing tasks.

Abstract

Transformer-based deep learning techniques have recently shown outstanding potential in
remote sensing scene classification (RSSC), benefiting from their ability to capture global
semantic relationships and contextual dependencies. However, effectively utilizing the raw
image and global semantic information while simultaneously taking into account detailed
features and multi-scale spatial relationships remains a major challenge. Therefore, this
paper proposes a novel FG-Swin KANsformer model that integrates frequency domain and
gradient prior information from raw images with the Kolmogorov–Arnold Network (KAN)
to enhance nonlinear feature modeling. The FG-Swin KANsformer consists of three key
components: the Discrete Cosine Transform (DCT) module, the gradient-spatial feature
extraction (GSFE) module, and the Swin Transformer module integrated with KAN. In the
feature embedding phase, the DCT module extracts frequency domain features, while the
GSFE module uses multi-scale convolutions and Sobel operators to extract spatial structures
and gradient information at different scales, thereby enhancing the utilization of the original
image’s frequency domain and gradient prior information. In the Swin Transformer feature
modeling phase, the conventional multilayer perceptron (MLP) in Swin Transformer Blocks
is replaced by KAN, which decomposes complex multivariate functions into univariate
compositions, thereby improving nonlinear representation capacity and enhancing feature
discrimination. The thorough experiments on three distinct public remote sensing (RS)
datasets demonstrate that FG-Swin KANsformer exhibits outstanding performance.
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1. Introduction
With the continuous advancement of RS and satellite imaging technologies, modern

high-resolution satellite imagery is able to capture ground details and object characteristics
with greater clarity, enabling RS images to contain a wide variety of target objects. Conse-
quently, it becomes essential to fully exploit the information embedded in raw images and
acquire global semantic representations in order to achieve more effective feature extraction,
and subsequently to make more accurate category judgments for RS images [1]. RSSC
automatically categorizes RS images into specific semantic labels based on the geographic
environmental information contained in the imagery. Owing to its strong capability in
describing geographical features, RSSC has become a research hotspot in fields such as
urban planning, environmental monitoring, and land use analysis [2–8]. Compared to
natural image classification tasks, RS imagery exhibits more complex backgrounds and
significant scale variations among ground objects. Furthermore, as shown in Figure 1, such
images often suffer from large intraclass diversity and high interclass similarity, making
RSSC tasks more challenging [9].

Figure 1. Image selected from the NWPU dataset.

In RS image analysis, scene classification typically involves identifying and classifying
various land use types and surface cover types [10]. And the primary objective of RSSC
is to systematically categorize different regions into meaningful land cover types based
on geographic information in the image data. Unlike traditional single-object detection
or classification tasks, RSSC emphasizes the comprehensive analysis of entire regions,
focusing on distinguishing complex geographic scenes with similar spatial or semantic
characteristics, rather than simply recognizing individual objects. Therefore, the accuracy
and comprehensiveness of RSSC depend not only on the precise identification of each target
but also on a thorough understanding of the spatial relationships between the targets and
their global semantic information, which is crucial for improving classification performance.
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The standard pipeline for RSSC typically consists of two steps: first, extracting the
discriminative features of the original image; second, effectively classifying the scene
categories based on the extracted features. In the aforementioned steps, identifying the dis-
criminative features is the core component of scene classification and is generally achieved
using either traditional handcrafted feature extraction methods [11–17] or deep learning
methods [18–25]. Early handcrafted feature extraction techniques are capable of charac-
terizing the statistical properties and geometric structures of RS images to some extent.
However, due to their limited feature representation capability, they struggle to effectively
cope with the complexity, large scale variations, and diversity inherent in RS scenes, which
consequently leads to suboptimal classification performance. With the continuous rise of
computer vision technologies, intelligent classification models represented by CNNs and
Transformers have gradually become the mainstream. These methods achieve significant
success in natural image classification tasks and are widely applied and validated in the
field of RSSC. Nevertheless, unlike natural images, RS images are typically acquired from
vertical perspectives by satellite or aerial platforms, and are characterized by complex
backgrounds, significant scale variations, and high interclass similarity. These characteris-
tics greatly increase the difficulty of extracting effective and distinctive features from RS
images [26]. CNNs demonstrate strong performance in local feature modeling, whereas
Transformer-type models rely on self-attention mechanisms, excelling in effectively estab-
lishing long-range connections and modeling global semantic relationships. Although they
achieve outstanding results in various computer vision tasks, existing methods still have
the following limitations:

1. Insufficient utilization of frequency domain information—Traditional Transformer-
based models typically perform patch embedding directly from raw pixel inputs,
without fully exploiting the potential of frequency domain features in modeling high-
frequency texture details and low-frequency global structures. As a result, frequency
domain information is not sufficiently leveraged.

2. Inadequate modeling of gradient and structural priors—Most existing studies focus
on capturing contextual semantics using self-attention mechanisms or convolutional
operations, while neglecting structural priors such as gradients and edges, making
the model difficult to recognize in scenarios with blurred class boundaries or dense
small targets, affecting classification accuracy.

3. Limited expressive capability of feedforward networks—The MLPs exhibit restricted
nonlinear mapping capabilities and are insufficient for modeling the complex and
highly variable visual patterns present in RS imagery. In scenarios involving multi-
scale objects and high interclass similarity, this limitation often leads to insufficient
feature extraction.

Therefore, we propose a novel FG-Swin KANsformer model that integrates frequency
domain extraction via the DCT module, gradient extraction through the GSFE module, and
the KAN module. The proposed model simultaneously enhances three crucial aspects—
input feature construction, global semantic representation, and deep nonlinear model-
ing—thereby significantly improving scene classification performance in RS imagery. In
the input feature construction stage, the DCT Extractor is employed to separate the high-
frequency and low-frequency components of the target, and the DCT Adaptive Fusion
is further introduced to dynamically adjust their weights, enabling an adaptive balance
between texture details and the overall structure. Meanwhile, the GSFE module extracts
gradient information and spatial structural features at different scales through multi-scale
convolution and the Sobel operator and performs adaptive fusion with the original input
after residual connection. This design not only highlights object boundaries, shapes, and
texture characteristics, but also strengthens the spatial contextual representation within
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scenes, thereby providing more discriminative feature inputs for the subsequent hierar-
chical modeling. In the deep feature modeling stage, we choose the Swin Transformer as
the backbone and replace the MLP in the feedforward layer of Swin Transformer Blocks
with KAN. By combining the window-based self-attention mechanism of Swin Transformer
with the nonlinear feature representation capability of KAN, the architecture effectively
enhances global semantic modeling and deep nonlinear representation while maintaining
computational efficiency.

The major contributions of this article are as follows:

1. We design a new RSSC model named FG-Swin KANsformer. Based on the Swin
Transformer, it introduces the frequency domain feature enhancement DCT module
and the gradient-spatial structure enhancement GSFE module, while replacing the
MLP in the Swin Transformer Blocks with KAN. This approach enhances both in-
put feature enhancement and deep nonlinear modeling, significantly improving the
overall performance of RSSC.

2. An effective-frequency spatial-gradient-aware feature construction mechanism is
introduced to strengthen the quality of input representations. The DCT module
decomposes input images into high- and low-frequency components, which are
then adaptively fused to maintain a balance between global structural information
and fine-grained texture features. Meanwhile, the GSFE module utilizes multi-scale
convolutional filters and the Sobel operator to extract discriminative gradient and
spatial structural features, leading to more expressive feature embeddings that capture
edges, shapes, and contextual dependencies.

3. To enhance nonlinear modeling capability, the KAN-augmented feedforward layer is
constructed by replacing the standard MLP in Swin Transformer Blocks with KAN.
This modification enhances the FG-Swin KANsformer’s nonlinear function approxi-
mation ability and strengthens the representation of complex feature representation,
leading to more effective deep semantic modeling and higher classification accuracy.

The structure of the article is as follows: The systematic review of related research
progress is provided in Section 2. The overall framework and core module designs of the
proposed FG-Swin KANsformer model are presented in Section 3. In Section 4, the superior
performance of FG-Swin KANsformer in RSSC tasks is demonstrated through extensive
comparative experiments and validation analyses. Ablation studies are conducted and
visualization-based interpretations are offered in Section 5. Finally, the conclusion is
presented, and the potential areas for improvement are also discussed in Section 6.

2. Related Work
2.1. Transformer-Based Models for RSSC

The core objective of RSSC is to categorize RS images into the corresponding correct
categories based on visual content. In the context of the rapid development of new network
architectures and hardware, deep learning-based methods have gradually replaced tradi-
tional handcrafted feature extraction strategies, owing to their adaptive learning capability
and hierarchical feature modeling ability. Among them, CNN and Transformer-based
approaches [27–35] have shown particularly remarkable performance. Their superiority
depends on their capability to autonomously extract hierarchical feature representations
from unprocessed data, thereby effectively identifying complex patterns and semantic
information. And, in particular, with the widespread adoption of Transformer architectures,
deep learning-based RSSC approaches have exhibited remarkable effectiveness in global
and local semantic modeling, multi-scale feature fusion, and cross-category discrimination,
significantly enhancing the ability to distinguish highly similar scenes.
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The Transformer architecture was originally designed for handling tasks within the
field of natural language processing, where its core idea was to model and transform input
sequences through an encoder–decoder architecture [36]. Later, Dosovitskiy et al. directly
extended the Transformer to computer vision and introduced the Vision Transformer (ViT),
which represented a new paradigm for leveraging Transformers in image understand-
ing [37]. For the input image X ∈ RH×W×C, the ViT model first partitions the image into
a collection of distinct patches. And each patch is then reshaped into a fixed-size token,
and absolute positional encodings are added to each token to retain spatial relationships,
forming the final input sequence. This sequence is subsequently processed by L layers of a
Transformer encoder, each consisting of the multi-head self-attention (MHSA) mechanism
and the MLP. The update process for the l-th layer is:

zl′ = MSA
(

LN
(

zl−1
))

+ zl−1, (1)

zl = MLP
(

LN
(

zl′
))

+ zl′ , l = 1, 2, . . . , (2)

where zl−1 corresponds to the output features of the preceding layer, zl′ refers to the
intermediate features after multi-head attention, zl denotes the ultimate output of this
layer, and LN denotes Layer Normalization. In the MHSA module, the input sequence
is projected into the query, key, and value matrices Q, K, V ∈ RN×d, and the attention is
computed as:

Attention(Q, K, V) = Softmax

(
QK⊤
√

d

)
V, (3)

where in d = D/h, D denotes the input feature dimension, h denotes the number of at-
tention heads, and N denotes the sequence length. Through parallel execution of MHSA
and integration of their outputs, this enables the capture of the global dependency re-
lationships between different patches in the sequence. Unlike traditional CNNs, which
rely on local convolution kernels, ViT employs the MHSA mechanism to directly model
long-range relationships across different regions of an image, thereby exhibiting stronger
global modeling capability.

With the introduction of ViT, Transformer-based architectures have achieved signif-
icant breakthroughs in image processing, fully demonstrating their superior capability
in processing visual data. Numerous Transformer variants have since been proposed for
computer vision tasks [38–40]. Among them, Swin Transformer emerges as a more efficient
and scalable visual Transformer architecture. By introducing a hierarchical representation
and a shifted window-based local self-attention mechanism, Swin Transformer greatly
reduces computational complexity through localized computation, thereby alleviating the
quadratic growth in computational cost with respect to input resolution observed in ViT,
and improving the efficiency when processing high-resolution images [41]. At the same
time, Swin Transformer preserves the capability of modeling long-distance contextual
relationships and naturally generates features at multiple spatial resolutions, making it
more adaptable within dense prediction scenarios.

To resolve the problem of information isolation resulting from non-overlapping win-
dow partitioning, Swin Transformer adopts the shifted window strategy in successive
layers by shifting the window partition by (M/2, M/2), thereby enabling cross-window
connections and enhancing inter-region interactions. This mechanism not only preserves
the computational efficiency of local self-attention but also effectively expands the receptive
field, thus facilitating global modeling. In each Swin Transformer Block, local self-attention
is computed within non-overlapping windows. Given the query Q, key K, and value V pro-
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jected from the input features, the window-based multi-head self-attention is computed as:

Attention(Q, K, V) = Softmax

(
QK⊤
√

d
+ B

)
V, (4)

where d is the head dimension, B ∈ RM2×M2
denotes the learnable relative position bias

within each window, and M denotes the window size.
In addition, Swin Transformer employs a hierarchical representation. At the end

of each stage, a patch merging operation is applied to reduce spatial resolution while
expanding channel dimensionality:

X(l) ∈ R
H
2l ×

W
2l ×Cl , l = 1, 2, . . . , L. (5)

In this formulation, X(l) represents the feature map produced of the l-th layer, H and W
specify the input image’s height and width respectively, and Cl indicates the channel count
of feature map at the l-th layer. This design enables Swin Transformer to maintain high
computational efficiency when processing high-resolution images while capturing multi-
scale image features. Owing to its efficient computation and powerful feature extraction
capabilities, Swin Transformer has achieved remarkable success across multiple domains.
By incorporating a shifted window mechanism and a multi-stage architectural design,
Swin Transformer addresses the limitations of ViT in handling large-scale visual data,
establishing itself as a highly impactful framework within contemporary computer vision.

2.2. Kolmogorov–Arnold Networks (KAN)

The MLP constitutes a classical feedforward model and serves as a core building
block in deep learning [42–45]. Moreover, the universal approximation theorem [44]
asserts that the MLP is theoretically able to approximate arbitrary continuous mappings.
However, the MLP still faces several limitations. For instance, it inherently lacks structured
mechanisms for modeling sequential dependencies or spatial relationships, leading to
its reduced effectiveness in tasks where such information is critical. In addition, due
to the lack of follow-up analytical interpretability tools, the MLP often exhibits poor
interpretability. Due to these limitations, Guo et al. replace the MLP feedforward part of
ViT with an inverted residual structure based on convolution, introducing local inductive
bias of convolution [46]. Liu et al. propose the KAN, which differs fundamentally from
the MLP [47]. Unlike the MLP, whose theoretical foundation is rooted in the universal
approximation theorem, the theoretical foundation of KAN stems from the Kolmogorov–
Arnold representation theorem, showing that any multivariate continuous mapping can be
expressed as a sum of several univariate components [48,49]:

f (x1, x2, . . . , xn) =
2n+1

∑
q=1

ϕq

(
n

∑
p=1

ψqp
(
xp
))

, (6)

where both ψqp and ϕq are univariate functions parameterized using spline functions
and xp denotes the input features. The inner functions ψqp transform each input feature
into intermediate representations, which are then aggregated by the outer functions ϕq

to generate the final output. This structured formulation enables the KAN to effectively
capture compositional structures through combinations of univariate functions, providing
a robust framework for function approximation.

Compared with the MLP, although both architectures employ fully connected struc-
tures, they differ significantly in their structural design and processing mechanisms. In
the MLP, the fixed activation function is applied at each node, whereas the KAN applies
learnable activation functions on the edges, which are automatically adjusted based on the
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training data [47]. Specifically, the KAN replaces the traditional linear weight matrix with
learnable one-dimensional functions parameterized by spline functions on each connection
edge, as illustrated in Figure 2. Since the KAN removes nonlinear operations from the node
level, each node only performs a simple linear summation of the input signals without
requiring conventional activation functions for nonlinear transformation. This design
considerably reduces the computational complexity at the node level while enhancing the
model’s flexibility and performance for specific tasks.

Figure 2. Two types of feedforward neural networks.

Beyond KAN’s architectural characteristics, the nonlinear approximation capability
offered by spline-based activation functions makes KAN particularly suitable for remote
sensing scene classification (RSSC). Remote sensing imagery often exhibits heterogeneous
spatial textures, multi-scale object distributions, and high interclass similarity under com-
plex backgrounds, which impose stronger requirements on the expressive capacity of the
model. By allowing each connection edge to learn adaptive nonlinear mappings, KAN is
able to capture fine-grained variations and irregular spatial patterns that are difficult to
represent with fixed activation functions in conventional MLPs. This task-driven suitabil-
ity demonstrates that replacing MLP with KAN in our model is not merely a structural
substitution, but a rational design tailored to the inherent characteristics of RSSC tasks.

2.3. Feature Enhancement Method Based on Frequency Domain and Gradients in Image Analysis

Early vision tasks extensively adopted DCT to break images down into various spec-
tral domain components for image compression and denoising [50,51]. In recent years,
despite the remarkable progress achieved by deep learning methods, visual tasks in natural
image domains still encounter several challenges. Natural scene images often contain
high-dimensional redundant features and complex background noise, which may lead
to information redundancy and insufficient discriminative capability in learned repre-
sentations. Consequently, frequency domain concepts have been reintroduced into deep
learning frameworks to remedy the shortcomings of convolutional operations in captur-
ing long-distance dependencies and global statistical structures. One class of approaches
performs linear or gated operations directly in the frequency domain, followed by re-
construction or discrimination in the pixel domain—for example, spectral masking and
band-pass filtering commonly used in image restoration and denoising. Another class em-
beds frequency domain operators into feature extraction backbones, utilizing Fast Fourier
Transform (FFT)/DCT as separable global token mixers or as approximate substitutes for
attention mechanisms to reduce computational complexity [52]. Moreover, some studies
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incorporate frequency domain priors into multi-branch architectures alongside spatial
convolution or attention mechanisms, where adaptive weighting is used to dynamically
select between different frequency bands in order to balance texture detail preservation
and structural stability [53,54].

In addition to incorporating frequency domain prior information, spatial gradient
computation is also one of the fundamental operations within the domain of image analysis,
and, in particular, performs exceptionally well in applications such as boundary detection
and feature extraction. And the traditional gradient-based operators have gradually been
integrated with neural network frameworks, leading to broader applicability and further
extensions. For example, Ravivarma et al. employed the Sobel operator to extract boundary
information in visual analysis applications [55]. Wang et al. proposed the LGO, which,
unlike traditional Sobel filters, is capable of adaptively learning gradient-spatial informa-
tion, thereby improving its adaptability to complex textures [56]. The advancement of deep
learning enables spatial gradient computation to be jointly optimized and automatically
learned within neural network architectures, significantly improving both the efficiency
and accuracy of image processing.

As discussed earlier, RS images often exhibit complex targets, large scale variations,
and high interclass similarity, which pose persistent challenges for existing image clas-
sification methods during feature extraction. To tackle these issues, we introduce the
FG-Swin KANsformer, which incorporates the frequency domain DCT module and the
gradient-based GSFE module during the initial feature formation stage. The DCT module
effectively derives different frequency domain components from images, thereby greatly
strengthening the framework’s capacity to capture. Meanwhile, the GSFE module adap-
tively fuses multi-scale gradient features, strengthening the feature extraction process of RS
images. The dual enhancement across the frequency and spatial domains strengthens the
framework’s capability to differentiate targets with varying scales and to handle variable
background scenarios.

3. Methods
This part provides an in-depth explanation of the overall structure and specific mod-

ules of the FG-Swin KANsformer model used for RSSC. We begin with a systematic
overview of the overall framework of FG-Swin KANsformer. We then present the design
and implementation of the DCT and GSFE modules used in the input feature construction
stage, which enhance the model’s classification capability by extracting discriminative fea-
tures from the frequency and spatial domains, respectively. Finally, we delve into the design
principles of the KAN-integrated Swin Transformer, where the unique MHSA mechanism
of Swin Transformer is combined with the nonlinear modeling capability of KAN. The
below subsections provide detailed explanations of each component within the FG-Swin
KANsformer architecture.

3.1. Overview

In the field of RSSC, we propose a novel model named FG-Swin KANsformer, whose
overall framework is illustrated in Figure 3. Specifically, the input image initially undergoes
processing through the DCT module, generating corresponding high- and low-frequency
enhanced representations. These representations are then fused with the original image
through the residual-weighted strategy, and finally result in enhanced image characteristics.
And the fused feature map is further refined by the GSFE module, which combines multi-
scale convolution with a Sobel gradient detector to capture edge-aware features, while
the attention mechanism emphasizes key regions. After enhancement by the DCT and
GSFE modules, the features are fed into the KAN-integrated Swin Transformer, which
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leverages its unique window attention mechanism to efficiently model local as well as global
dependencies in RS imagery. Within each Swin Transformer Block, the traditional MLP is
replaced by KAN to further improve the model’s capability in capturing discriminative
features. Finally, the model produces classification outputs based on the learned feature
representations. The detailed design of each component in FG-Swin KANsformer is
presented one by one below.

Figure 3. Overview of our proposed FG-Swin KANsformer. (a) Architecture of FG-Swin KANsformer.
(b) Structure of two successive FG-Swin KANsformer Blocks.

3.2. Feature Enhancement Module

In RS image analysis, the details, edges, and the multi-scale properties of the image
are of great significance. Therefore, we design two feature enhancement modules during
the input feature construction phase: the frequency domain decomposition DCT module
and the gradient-space feature extraction GSFE module. These two modules enhance
the image’s feature representation from the perspectives of frequency domain and spatial
gradient information, effectively improving the FG-Swin KANsformer’s capacity to capture
the details and boundary features of RS images, thereby boosting classification performance.

3.2.1. DCT Module

The detailed features and background structure of an image are located in different
frequency components, and frequency domain information can provide more clues about
details and textures. To capture these important frequency details, we introduce a frequency
domain decomposition module based on DCT in the model. As shown in Figure 4, the DCT
Extractor module first extracts high-frequency and low-frequency features from the input
image, and then the DCT Adaptive Fusion module applies an adaptive fusion mechanism
to enhance the image’s detail and texture representation. Specifically, DCT is applied to
each channel of the input image individually, transforming the image from the spatial
domain to the frequency domain:

ID(u, v, c) = α(u)α(v)
H−1

∑
x=0

W−1

∑
y=0

I(x, y, c) cos
(

π(2x + 1)u
2H

)
cos
(

π(2y + 1)v
2W

)
, (7)
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where I(x, y, c) denotes the pixel values of the c-th color channel of the input image,
ID(x, y, c) represents the transformed frequency domain representation, H and W denote
the image height and width, x and y are spatial indices, u and v are frequency indices,
and α(u) and α(v) are normalization coefficients. Subsequently, high-pass and low-pass
filters are applied to the frequency domain image to extract the high-frequency com-
ponent Ihigh (u, v, c) and the low-frequency component Ilow (u, v, c), respectively. The
high-frequency component primarily preserves details and edge structures, while the
low-frequency component reflects the global structure and background information of
the image. The computations of the different frequency domain components are defined
as follows:

Ihigh (u, v, c) = ID(u, v, c) · Hhigh (u, v), (8)

Ilow(u, v, c) = ID(u, v, c) · Hlow(u, v), (9)

where Hhigh(u, v) and Hlow(u, v) represent the high-pass and low-pass filters, respectively.
After extracting the different frequency domain components, the Inverse Discrete Cosine
Transform (IDCT) is applied to transform the frequency domain representations back into
the spatial domain. The resulting features are then further refined by the DCT Adaptive
Fusion module, which enhances the image representation through an adaptive fusion
strategy. Specifically, the original image, high-frequency component, and low-frequency
component are fused in a learnable manner to obtain the final output.

Figure 4. Detailed structure diagram of DCT module.
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3.2.2. GSFE Module

In RS images, edge and detail regions often carry critical semantic information. To
enhance the model’s attention to these regions, we design the GSFE module, as shown
in Figure 5. This module first computes gradient information using the Sobel operator
to extract edge features from the image, and then combines these edge features with
multi-scale convolutional representations. Finally, the extracted edge features and multi-
scale convolution features are adaptively fused through a learnable weighting mechanism,
thereby strengthening the representation of important regions in the image.

Concretely, the GSFE module first extracts multi-scale features from the image through
convolution operations with different receptive fields. To capture local information at vari-
ous scales, convolution kernels of different sizes are adopted to extract fine-grained features
across multiple spatial levels. Specifically, given an input image I, multi-scale features
F1, F3, and F5 are obtained by applying convolution operations with kernel sizes of 1 × 1,
3 × 3, and 5 × 5, respectively. Meanwhile, the input I is processed by the Sobel operator to
compute gradient information and extract edge features. The gradient computation of the
Sobel operator is defined as:

gradx = I ∗ Sobelx, (10)

grady = I ∗ Sobely, (11)

where Sobelx and Sobely represent the horizontal and vertical convolution kernels, re-
spectively. Through gradient computation, the structural edge characteristics of the image
are obtained, which helps the model capture fine-grained details. The computed gradient
features are subsequently processed by a lightweight convolutional network consisting of
two convolutional layers with ReLU activation applied afterward, resulting in the enhanced
gradient feature representation G. Finally, the multi-scale convolutional features and the
gradient feature are concatenated to obtain the fused feature Fconcat , expressed as:

Fconcat = concat(F1, F3, F5, G). (12)

Then, the fusion-weighted convolution block generates the weight coefficient A
through a lightweight two-layer convolutional network. And these weights are applied
to the concatenated features via element-wise multiplication before being fed into the
convolutional fusion module:

Ffused = Conv(A ⊙ Fconcat ), (13)

and the weighted feature map Ffused is residual-connected with the original input I, result-
ing in the final output feature map Foutput :

Foutput = Ffused + Fconcat . (14)

Thus, the GSFE module can substantially reinforce the feature representation of edges
and detailed areas, consequently strengthening the model’s capability to recognize salient
regions in RS images.

3.3. KAN Module in Swin Transformer Blocks

To further strengthen the model’s nonlinear expression capability, the MLP in the
Swin Transformer Blocks is replaced with KAN. Compared with traditional MLP, the
KAN module leverages B-spline basis functions and piecewise polynomial linear layers to
achieve more flexible and fine-grained feature transformations. To illustrate the mechanism
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of the KAN module in detail, we refer to the architecture diagram in Figure 6. As depicted,
the KAN module stacks multiple KAN linear layers, each of which is implemented as
follows: First, the input data x undergoes a nonlinear transformation through a basic
activation function. The activated result is subsequently fed into a linear layer to produce
the baseline linear output, defined as:

XBase Output = Wbase · Activation(x), (15)

where Wbase represents the parameter matrix associated with the base linear layer, and
Activation(x) is the result of applying the base activation function to the input x. At the
same time, the input x passes through B-spline basis functions for spline interpolation,
which perform spline transformations to input fine-grained structural information from
the data. The B-spline basis function B(x) provides higher expressiveness than standard
activation functions, and is expressed as:

B(x) = [B1(x), B2(x), . . . , Bk(x)], (16)

where Bi(x) is the i-th B-spline basis function. This transformation provides a richer feature
representation and increases the sensitivity to the fine details of the data. After the B-
spline transformation, the data is passed into the Spline Linear Layer, where it is linearly
combined with the piecewise polynomial weights Wspline, thus mapping the data processed
by B-splines to a higher-dimensional feature space, leading to the piecewise polynomial
output. The piecewise polynomial output is given by:

XSpline Output = Wspline · B(x). (17)

Finally, by combining the base linear output and the piecewise polynomial output, the
final output features are obtained:

XOutput = α · XBase Output + β · XSpline Output, (18)

where α and β are learnable weights used to control the importance of the base linear output
and the piecewise polynomial output in the final result. This combination can acquire
linear and nonlinear representations of the data, and strengthens its ability to express
complex features.

Figure 5. Detailed structure diagram of GSFE module.

Compared with the original KAN, we further optimize and refine the module in terms
of memory efficiency and regularization strategy. Regarding memory efficiency, the origi-
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nal KAN implementation requires expanding intermediate variables for each activation
function, which leads to high memory overhead. Specifically, in the original design, each
activation function computes and stores an independent intermediate tensor, which is not
effectively reused and results in redundant memory consumption. To address this issue,
we activate the input features using different B-spline basis functions instead of generating
separate intermediate variables for each activation function. By linearly combining the
outputs of multiple basis functions, this approach significantly reduces memory usage,
avoids redundant computations, and thus improves both memory utilization and overall
computational efficiency. In terms of regularization, the original KAN applies L1 regular-
ization to penalize network weights and performs nonlinear operations on all intermediate
tensors. However, the approach implementation is incompatible with the computation of
B-spline basis functions, which involve extensive linear combinations and cannot efficiently
accommodate nonlinear regularization over intermediate tensors. Therefore, we apply L1

regularization only to the network weights rather than directly to all intermediate tensors,
which avoids unnecessary nonlinear operations while preserving the regularization capa-
bility of the model. Moreover, this strategy aligns better with conventional regularization
techniques in neural networks and reduces unnecessary computational complexity during
training, thereby improving training efficiency. Empirically, we do not observe degrada-
tion in convergence stability and generalization results after adopting L1 regularization,
indicating that the simplified regularization strategy still maintains convergence stability
and generalization performance.

Figure 6. Detailed structure diagram of KAN module.

4. Results
The following text evaluates the RSSC ability of the FG-Swin KANsformer on three

publicly available RS scene datasets. We first provide an explanation of the dataset used,
the way the experimental parameters are set, and the key details during the implementation
process. Then, through extensive experiments, we evaluate the performance of FG-Swin
KANsformer with other advanced methods, and the results are reported accordingly.

4.1. Dataset

In order to comprehensively validate the superior performance of the FG-Swin KANs-
former, we conduct systematic experiments on the following publicly available RS scene
image datasets: the UC Merced Land Use Dataset (UCM) [57], the Aerial Image Dataset
(AID) [26], and the NWPU-RESISC45 Dataset (NWPU) [58]. These datasets represent
different scales, where UCM, AID, and NWPU correspond to small, medium, and large
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datasets, respectively, and they also exhibit significant differences in category composition.
Therefore, evaluating the model performance across these three datasets provides a more
comprehensive assessment of its classification capability. The detailed information about
each dataset is summarized in Table 1.

Table 1. Detailed description of each dataset.

Dataset Total Number Classes Images per Class Resolution Image Size

UCM 2100 21 100 0.3 m 256 × 256
AID 10,000 30 220–420 0.5–0.8 m 600 × 600

NWPU 31,500 45 700 0.2–30 m 256 × 256

Below is a comprehensive overview of the publicly available dataset used in this article.
The UCM RS scene collection is the benchmark dataset for RSSC. It contains 100 images

for each of the 21 categories, and each image has a resolution of 256 × 256. In this work, two
dataset partitioning strategies are adopted: 50%/50% and 80%/20% for training/testing
splits. The dataset encompasses various scenes with rich texture and color information,
making it an important benchmark for evaluating RSSC methods, and Figure 7 presents
several representative examples.

Figure 7. Example diagram of the UCM dataset.

The AID is an aerial image dataset specifically designed for scene classification. Among
the 30 RS scenarios in this dataset, there are 10,000 images with a spatial resolution of 600 × 600.
In this study, two dataset partitioning strategies are adopted: 20%/80% and 50%/50%
for training/testing splits. And Figure 8 presents several representative examples from
the dataset.

The NWPU dataset contains 700 images for each of the 45 categories, and each image
measures 256 × 256 in resolution. And in this work, two dataset partitioning strategies are
employed: 10%/90% and 20%/80% for training/testing splits. Relative to the two datasets
mentioned earlier, NWPU is larger in scale and contains a wider variety of scene categories,
and several sample images are displayed in Figure 9.

4.2. Training Settings

This study employs overall accuracy (OA) and confusion matrix (CM) as quantitative
indicators for the FG-Swin KANsformer model. OA calculates the ratio of correctly clas-
sified scenarios to the total number of scenarios under evaluation, and the CM provides
insights into potential misclassifications across different categories. By combining these
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two metrics, model evaluation can be conducted on two levels: OA can evaluate the classi-
fication accuracy of the FG-Swin KANsformer, while CM enables more detailed analysis of
interclass relationships and confusion patterns.

Figure 8. Example diagram of the AID dataset.

To accelerate computation, all experiments are conducted using an NVIDIA RTX 4060 GPU,
and the model is trained for 100 epochs on each RS dataset with a batch size of 8. The cosine
learning rate scheduler with linear warm up is adopted during training, and the Adam opti-
mizer is used for parameter updates with an initial learning rate of 0.0001. All input images
are resized to 224 × 224. In addition, various data augmentation techniques are applied,
including random horizontal flipping and random erasing. Each experiment is repeated
five times and the final results are reported in terms of the mean and standard deviation.

4.3. Comparison Experiments

We design comparative experiments on the AID, NWPU, and UCM datasets by bench-
marking FG-Swin KANsformer against the cutting-edge CNN-based and Transformer-
based models. For the former, we select GoogLeNet [1], VGG [1], ResNet [59], EMSC-
Net [60], GCSANet [61], MSANetwork [62], and MDRCD [63]. For Transformer-based
methods, PiT-S [64], EMTCAL [65], CSAT [66], SCViT [32], LDBST [67], STMSF [68], ACT-
Former [69], MSCN [70], and SceneFormer [71] are chosen for comparison. Through these
comparisons, the superiority of FG-Swin KANsformer in fully exploiting frequency and
gradient information from raw images, as well as the effectiveness of integrating Swin
Transformer with KAN, can be further demonstrated. To ensure fairness, we directly adopt
the performance results of the pretrained models reported in the original literature, which
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represent their optimal performance. This strategy guarantees the reliability of experimen-
tal results and enables a more accurate comparison with current mainstream approaches.

Figure 9. Example diagram of the NWPU dataset.

4.3.1. Experimental Results of UCM Dataset

For the UCM dataset, two experimental settings are adopted: one with 80% of the data
used for training and 20% for testing, and the other with an equal split of 50% for both
the training and testing sets. The detailed result outcomes can be found in Table 2, where
the best performances are highlighted in bold. Evidently, under the 50% training split,
FG-Swin KANsformer achieves an accuracy of 99.51%, outperforming all other compared
models. As the training ratio rises to 80%, FG-Swin KANsformer reaches an accuracy of
99.65%, still demonstrating highly competitive performance. These results on the UCM
dataset clearly verify the effectiveness of the FG-Swin KANsformer for RSSC tasks.

Table 2. Comparison of the OA(%) on the UCM dataset.

Method 50% Training Ratio 80% Training Ratio

GoogLeNet 92.70 ± 0.60 94.31 ± 0.89
VGG 94.05 ± 0.64 96.58 ± 0.41

ResNet 96.05 ± 0.65 97.75 ± 0.24
MSA-Network 97.80 ± 0.33 98.96 ± 0.21

PCNet 98.71 ± 0.22 99.25 ± 0.37
GCSANet 98.32 ± 0.71 99.31 ± 0.56
EMSCNet 98.70 ± 0.46 99.44 ± 0.16
MDRCN 98.57 ± 0.19 99.64 ± 0.12

PiT-S 95.83 ± 0.39 98.33 ± 0.50
EMTCAL 98.67 ± 0.16 99.57 ± 0.28

CSAT 95.72 ± 0.23 97.86 ± 0.16
SCViT 98.90 ± 0.19 99.57 ± 0.31
LDBST 98.76 ± 0.29 99.52 ± 0.24
STMSF 99.01 ± 0.31 99.58 ± 0.23

SceneFormer - 99.00 ± 0.28
FG-Swin KANsformer (ours) 99.51 ± 0.13 99.65 ± 0.16

Bold denotes the best result.
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As illustrated in Figure 10, we further present the categorization performance of
FG-Swin KANsformer on the UCM dataset using the CM for more intuitive visualization.
When the training ratio is configured to 80%, misclassification only occurs between the
“intersection” and “medium residential” categories, while the remaining 19 categories
all achieve 100% classification accuracy. Even when the training ratio is reduced to 50%,
18 out of the 21 categories still reach 100% accuracy, with only the “dense residential”
category exhibiting an accuracy slightly below 98%. These observations demonstrate that
the FG-Swin KANsformer can accurately distinguish the vast majority of categories in the
UCM dataset, highlighting its excellent classification performance.

(a) (b)

Figure 10. Confusion matrix for the UCM: (a) 50% training percentage; (b) 80% training percentage.

4.3.2. Experimental Results of AID

To further demonstrate the advantages of the FG-Swin KANsformer, evaluations are
carried out on the AID, and the dataset is randomly partitioned into two training/testing
ratios: 20%/80% and 50%/50%. As shown in Table 3, when using 20% of the data for
training, FG-Swin KANsformer achieves an accuracy of 96.86%, outperforming STMSF
by 0.71% and LDBST by 1.76%. When the training ratio is increased to 50%, the pro-
posed model attains an accuracy of 97.93%, exceeding STMSF and LDBST by 0.42%
and 1.09%, respectively.

In addition, the CMs illustrating the classification results of FG-Swin KANsformer
on the AID are presented in Figure 11. When the training ratio is set to 50%, Figure 11b
shows that only four categories, namely “resort”, “park”, “school”, and “square”, exhibit
classification accuracies below 95%. Even with a reduced training ratio of 20%, Figure 11a
indicates that 22 out of the 30 categories still achieve accuracies above 95%. These obser-
vations demonstrate that the FG-Swin KANsformer maintains high-quality classification
performance even under significantly limited training data.

4.3.3. Experimental Results of NWPU Dataset

In contrast to the AID, the NWPU dataset is larger in scale and contains more complex
scene categories, making the classification task more challenging. And two experimental
settings are adopted by using 10% and 20% of the data for training. The overall accuracies
of different methods on the NWPU dataset are reported in Table 4, and the conclusions
are consistent with those obtained on the previous two datasets. When 10% of the data is
used for training, FG-Swin KANsformer achieves an accuracy of 93.62%, outperforming

https://doi.org/10.3390/rs18030517

https://doi.org/10.3390/rs18030517


Remote Sens. 2026, 18, 517 18 of 25

STMSF by 0.74% and SCViT by 0.9%. When the training ratio increases to 20%, the FG-Swin
KANsformer reaches an accuracy of 95.27%, exceeding STMSF and SCViT by 0.32% and
0.61%, respectively. These outcomes illustrate the capability of the FG-Swin KANsformer on
large-scale RS datasets. Overall, the experiments show that FG-Swin KANsformer consistently
achieves the best classification performance on the UCM, AID, and NWPU datasets.

Table 3. Comparison of the OA(%) on the AID.

Method 20% Training Ratio 50% Training Ratio

GoogLeNet 83.44 ± 0.40 86.39 ± 0.55
VGG 92.76 ± 0.10 95.37 ± 0.09

ResNet 93.23 ± 0.12 94.12 ± 0.19
MSA-Network 93.53 ± 0.21 96.01 ± 0.43

PCNet 95.53 ± 0.16 96.76 ± 0.25
GCSANet 95.96 ± 0.38 97.53 ± 0.32
EMSCNet 95.13 ± 0.10 96.96 ± 0.10
MDRCN 93.64 ± 0.19 95.66 ± 0.18

PiT-S 90.51 ± 0.57 94.17 ± 0.36
EMTCAL 94.69 ± 0.14 96.41 ± 0.23

CSAT 92.55 ± 0.28 95.44 ± 0.17
SCViT 95.56 ± 0.17 96.98 ± 0.16
LDBST 95.10 ± 0.09 96.84 ± 0.20
STMSF 96.15 ± 0.16 97.51 ± 0.37

SceneFormer 96.14 ± 0.16 -
MSCN 95.86 ± 0.16 97.46 ± 0.12

ACTFormer 96.29 ± 0.19 97.56 ± 0.24
FG-Swin KANsformer (ours) 96.86 ± 0.16 97.93 ± 0.25

Bold denotes the best result.

(a) (b)

Figure 11. Confusion matrix for the AID: (a) 20% training percentage; (b) 50% training percentage.

In addition to OA, the classification performance of FG-Swin KANsformer on the
NWPU dataset is further illustrated in Figure 12. When the training ratio is set to 20%,
42 out of the 45 categories achieve an accuracy higher than 90%. Even when the training
ratio is reduced to 10%, Figure 12a indicates that 38 categories still maintain accuracies
above 90%. These results confirm that the proposed FG-Swin KANsformer maintains strong
classification performance even on the more complex and large-scale NWPU dataset.
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Table 4. Comparison of the OA(%) on the NWPU dataset.

Method 10% Training Ratio 20% Training Ratio

GoogLeNet 76.19 ± 0.38 78.48 ± 0.26
VGG 87.14 ± 0.17 90.64 ± 0.14

ResNet 89.20 ± 0.14 92.12 ± 0.09
MSA-Network 90.38 ± 0.17 93.52 ± 0.21

PCNet 92.64 ± 0.13 94.59 ± 0.07
GCSANet 93.39 ± 0.39 93.95 ± 0.36
EMSCNet 92.16 ± 0.07 94.08 ± 0.20
MDRCN 91.59 ± 0.29 93.82 ± 0.17

PiT-S 85.85 ± 0.18 89.91 ± 0.19
EMTCAL 91.63 ± 0.19 93.65 ± 0.12

CSAT 89.70 ± 0.18 93.06 ± 0.16
SCViT 92.72 ± 0.04 94.66 ± 0.10
LDBST 90.83 ± 0.11 93.56 ± 0.07
STMSF 92.88 ± 0.16 94.95 ± 0.11

SceneFormer 92.51 ± 0.18 -
MSCN 92.64 ± 0.09 94.59 ± 0.11

ACTFormer 92.85 ± 0.14 94.76 ± 0.21
FG-Swin KANsformer (ours) 93.62 ± 0.15 95.27 ± 0.10

Bold denotes the best result.

(a) (b)

Figure 12. Confusion matrix for the NWPU: (a) 10% training percentage; (b) 20% training percentage.

5. Discussion
We perform ablation experiments to evaluate the contribution of each module to

the overall performance of the FG-Swin KANsformer. In addition, the Grad-CAM and
the t-SNE are employed for visualization analysis to gain deeper insights into the fea-
ture extraction process and classification decision-making mechanism of the model in
RSSC tasks.

5.1. Ablation Study

To thoroughly validate the enhancement effect of the FG-Swin KANsformer over the
baseline model and examine the key roles of each module, we conduct ablation experi-
ments using the Swin Transformer as the main network (denoted as ST). Specifically, we
independently analyze the contributions of the DCT module, the GSFE module, and the
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KAN-integrated Swin Transformer module. The specific experimental results can be seen
in Table 5, where the training sets are respectively composed of 20% and 10% of the data
from the AID and the NWPU dataset. The results indicate that when the Swin Transformer
integrating DCT, GSFE, and KAN modules works collaboratively, the classification accuracy
reaches the highest level. This confirms the effectiveness of the FG-Swin KANsformer as
well as the individual contributions of its constituent modules.

Table 5. Results of different modules in FG-Swin KANsformer on the AID and the NWPU dataset.

ST KAN GSFE DCT AID-20% NWPU-10%

✓ 92.22 ± 0.14 88.60 ± 0.21
✓ ✓ 96.07 ± 0.18 93.02 ± 0.11
✓ ✓ ✓ 96.61 ± 0.13 93.38 ± 0.14
✓ ✓ ✓ 96.58 ± 0.19 93.40 ± 0.11
✓ ✓ ✓ ✓ 96.86 ± 0.16 93.62 ± 0.15

Bold denotes the best result.

5.2. Evaluation of Size of Models

Table 6 shows the number of parameters and FLOPs for different models, comparing
FG-Swin KANsformer with the baseline model Swin Transformer, as well as two represen-
tative frontier models ViT and VGG-VD-16 [26]. FG-Swin KANsformer has a parameter
of 69.37 M and a FLOP of 14.98 G, with an overall accuracy (OA) of 96.86% on the AID.
In contrast, other models have larger parameters and computational complexity, but their
accuracies do not surpass FG-Swin KANsformer. This result indicates that FG-Swin KANs-
former has good classification accuracy while maintaining lower computational overhead.

Table 6. Parameters and FLOPs for different models.

Methods Parameters FLOPs OA% (AID-20%)

ViT-Base 85.67 M 16.86 G 91.16 ± 0.41
VGG-VD-16 138.4 M 15.5 G 87.18 ± 0.29
SwinT-Base 86.71 M 15.17 G 92.22 ± 0.14
FG-Swin KANsformer(Ours) 69.37 M 14.98 G 96.86 ± 0.16

Bold denotes the best result.

5.3. Visualization Study

To visually demonstrate the superiority of FG-Swin KANsformer in feature extraction,
the Grad-CAM [72] is employed for visual interpretation. This technique highlights the
image areas that contribute most significantly to the model’s predictions, enabling a more
intuitive understanding of the areas attended to during classification. As shown in Figure 13,
we select five sample types from the AID, namely bridge, center, church, stadium, and
storage tank, for visual analysis. The comparison results indicate that, compared with the
Swin Transformer, the proposed method achieves more accurate localization of key regions
and demonstrates superior capability in extracting local features from RS images.

The t-SNE [73] is a dimension-based visualization technique that can effectively reflect
the distribution characteristics and clustering patterns of various RS scenes in the embed-
ding space. Therefore, we use this technology to visualize the classification results of the
AID test set with a 50% training ratio and the UCM test set with an 50% training ratio.
By applying t-SNE to the output features, we can intuitively compare the representation
capabilities of FG-Swin KANsformer and Swin Transformer on the same datasets. As
shown in Figure 14, compared with Swin Transformer, FG-Swin KANsformer exhibits a
more compact sample distribution within each category and greater interclass separability.
Furthermore, the boundaries between different categories appear more distinct, indicating
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that FG-Swin KANsformer is able to learn more discriminative feature representations.
This advantage contributes to improved performance in RSSC tasks.

Figure 13. Grad-CAM visualization result. We compare the visualized feature map of FG Swin-
KANsformer and the baseline model (Swin Transformer).

(a) (b)

(c) (d)

Figure 14. Visualization on the UCM dataset and AID using the t-SNE technique. (a) FG-Swin
KANsformer on UCM dataset with 50% training ratio. (b) Swin Transformer on UCM dataset with
50% training ratio. (c) FG-Swin KANsformer on AID with 50% training ratio. (d) Swin Transformer
on AID with 50% training ratio.
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6. Conclusions
This article introduces a new universal RSSC method named FG-Swin KANsformer.

To address key challenges such as complex backgrounds and large feature scale variations
in RS, our model achieves collaborative enhancement from three perspectives: input feature
construction, global semantic enhancement, and deep nonlinear modeling. In the input
feature construction stage, the DCT module introduces frequency domain priors to balance
texture details and global structural information. Meanwhile, the GSFE module enhances
the ability to distinguish small targets and blurred boundaries through gradient and edge
perception. In the deep semantic modeling stage, Swin Transformer integrated with KAN
in the feedforward layer improves nonlinear function approximation and complex feature
transformation, thereby boosting classification accuracy. Extensive experimental and
visualization analyses demonstrate the superiority of FG-Swin KANsformer in multi-scale
feature extraction and complex scene understanding, providing a new technical pathway
for combining frequency domain perception with deep nonlinear modeling. Hence, our FG-
Swin KANsformer offers a completely new and effective solution and approach for RSSC.

Despite exhibiting stable performance improvements, FG-Swin KANsformer still has
certain limitations. Its application to ultra-high-resolution remote sensing images may lead
to increased memory consumption and inference latency. Additionally, in scenarios where
land cover types are highly similar or the background is extremely complex, a small number
of misclassifications may still occur. And looking forward to the subsequent research work,
it is possible to further extend this model by optimizing it for higher resolution and more
complex RS scenarios. Additionally, we aim to explore its applicability to broader RS
tasks in order to validate its generalization and universality. And we believe this research
could advance Transformer-based methods toward wider applications in RS and foster the
integration and development of RS technologies in fields such as environmental monitoring,
smart city construction, and disaster early warning.
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