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ABSTRACT: Hyperspectral image (HSI) classification requires models that can effectively capture long-range con-
textual dependencies while preserving fine-grained spectral–spatial variations under strict computational constraints.
Recent transformer-based approaches, particularly Swin Transformers, have shown strong performance by leveraging
localized self-attention; however, their reliance on generic attention mechanisms often overlooks frequency-sensitive
information that is critical for discriminating spectrally similar materials. Moreover, existing frequency-aware designs
typically introduce heavy parameterization or explicit spectral transforms, limiting their efficiency and practical deploy-
ment. In this paper, we propose FEAM-Swin, a lightweight frequency-aware Swin Transformer designed for efficient
HSI classification. The proposed model introduces a novel Frequency-Enhanced Attention Modulator (FEAM), which
captures local spectral–spatial frequency variations via gradient-based energy estimation and performs adaptive chan-
nel modulation with minimal computational overhead. Unlike conventional frequency modelling approaches, FEAM
avoids explicit Fourier or wavelet transforms, enabling seamless integration into hierarchical transformer architectures.
FEAM is embedded within Swin Transformer blocks to enhance discriminative feature learning while preserving the
efficiency of window-based self-attention. Extensive experiments performed on four benchmark hyperspectral datasets
widely used in the research community, including Indian Pines, University of Pavia, Salinas and KSC, demonstrate
that FEAM-Swin consistently outperforms state-of-the-art CNN- and transformer-based methods. Specifically, FEAM-
Swin achieves overall accuracies of 98.17%, 99.87%, 99.97%, and 98.41%, respectively, yielding consistent improvements
over competing approaches while requiring fewer parameters and lower computational complexity. These results
validate the effectiveness of lightweight frequency-aware modulation and establish FEAM-Swin as a practical and robust
solution for real-world HSI classification.

KEYWORDS: Hyperspectral image classification; frequency-enhanced attention modulator; lightweight architecture;
gradient-based frequency estimation; transformer

1 Introduction
Hyperspectral imaging (HSI) captures spectral reflectance across a dense set of narrow, contiguous

bands, producing a detailed per-pixel spectral profile of imaged ground materials. Compared with conven-
tional RGB or multispectral imagery, the dense spectral resolution of HSI enables significantly enhanced
discrimination of land-cover materials [1,2]. Owing to this advantage, HSI has been widely employed in a
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variety of applications, including mineral exploration [3], environmental surveillance [4], and diagnostic
assessment [5]. Among the numerous HSI characterization tasks, Image classification is still one of the most
fundamental and challenging problems.

Early research on HSI classification primarily relied on conventional machine learning methods, such
as k-nearest neighbors (KNN) [6], support vector machines (SVM) [7], random forests (RF) [8], and sparse
representation-based classification (SRC) methods [9,10]. The performance of these approaches is highly
dependent on the quality of handcrafted feature representations. Based on the type of features exploited,
conventional methods can generally be divided into spectral-based approaches [11,12] and spatial–spectral-
based methods [13–15].

Spectral-based approaches classify pixels directly from raw spectral signatures or transformed spectral
features, considering only the spectral dimension of hyperspectral data. However, due to the extremely
high dimensionality of HSI, directly using raw spectral bands often leads to the curse of dimensionality.
To alleviate this issue, dimensionality reduction techniques such as feature extraction and feature selection
methods [16,17], including principal component analysis (PCA) [18], linear discriminant analysis (LDA) [19],
and band selection are commonly employed prior to classification. Although these transformed spectral
features are often more discriminative and can improve classification accuracy, spectral-only approaches
remain sensitive to noise, outliers, and spectral variability, as spatial context is completely ignored.

These shortcomings motivated a shift toward spatial–spectral-based classification, where spatial
structure and spectral characteristics are combined within a single framework rather than treated sep-
arately. These methods constitute two broad categories, namely pre-processing-based approaches [20]
and post-processing-based methods [21]. Pre-processing-based techniques emphasize the extraction of
spatial–spectral features before the classification stage, employing operators including Gabor filters [22],
morphological profiles [23], and other spatial descriptors. Conversely, post-processing-based methods
are designed to refine initial classification results by applying spatial filtering or smoothing to improve
spatial consistency and homogeneity [24]. Although these methods significantly outperform spectral-based
techniques, they still rely heavily on handcrafted features, limiting their capacity to characterize the nonlinear
and intricate patterns that hyperspectral data inherently exhibit.

The progress deep learning has brought to computer vision and high-dimensional data analysis has
carried over directly into HSI classification [25]. Deep learning models depart from traditional feature
engineering by acquiring hierarchical and discriminative representations autonomously, without manual
intervention in the feature-design process [26–28]. Various neural network architectures have been explored
for hyperspectral analysis, including recurrent neural networks (RNNs) [29], generative adversarial networks
(GANs) [30], and graph convolutional networks (GCNs) [31–33], all of which demonstrate clear performance
improvements over shallow classifiers.

Among deep learning models, convolutional neural networks (CNNs) have become the most widely
adopted framework for HSI classification, owing to their computational efficiency and robust capacity
for extracting local spatial features [34]. Representative CNN-based models include one-dimensional
CNNs (1D-CNNs) [35], two-dimensional CNNs (2D-CNNs) [36,37], and three-dimensional CNNs
(3D-CNNs) [38], which focus on spectral, spatial, and joint spatial–spectral feature extraction, respectively.
Hybrid architectures that combine 2D-CNN and 3D-CNN have further improved classification performance
by leveraging complementary feature representations [39,40]. Architectures incorporating skip connections,
including ResNet [41] and DenseNet [42], have also emerged as a means of enabling deeper feature
learning while mitigating information loss across layers. Additional improvements have been achieved
by incorporating texture descriptors [43] and attention mechanisms [44–46], enabling adaptive feature
reweighting across spectral channels and spatial locations. For example, Zhu et al. [47] integrate spectral and
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spatial attention within a unified framework, thereby yielding more discriminative feature representations
for HSI classification.

Despite their strong performance, CNN-based methods are constrained by the narrow receptive field
intrinsic to convolution, an effect compounded by smaller kernel sizes. Long-range dependencies across
distant spatial regions or spectral bands are consequently difficult for such methods to capture effectively.
Recently, vision transformers (ViTs) [48] have emerged as a promising alternative for HSI classification.
Benefiting from the self-attention (SA) mechanism [49], ViTs significantly expand the receptive field and
enable global context modeling, which is highly beneficial for hyperspectral data analysis.

Interest in transformer-based HSI classification has grown steadily, with recent work differing mainly
along three lines: the fusion of information prior to encoding, the construction of tokens, or the design of
the attention mechanism itself. One direction fuses complementary information before encoding: semantic
and spatial–spectral features [50], CNN- and transformer-derived features [51], or hyperspectral and LiDAR
data [52]. A second direction instead redesigns tokenization around hierarchical, window-based processing
in the style of Swin Transformer [53–56]. A third modifies the attention operation directly, introducing
morphological attention [57], cross-attention [58], or polarized self-attention [59]. Ahmad et al. [60]
take a different approach, building tokenization around an explicit wavelet transform. Comprehensive
surveys of this broader research direction are available in [61,62]. Whereas Hong et al. [63] group adjacent
spectral bands to construct input tokens, FUST [64] adopts an alternative formulation, dispensing with
this grouping step entirely and routing flattened patch sequences directly to a transformer module so as
to model extended dependencies across the spectral dimension. Instead of tokenizing raw HSI data, some
studies instead adopt hybrid CNN–transformer architectures, extracting spatial–spectral features with a
CNN before applying a transformer, whether for classification [65] or, via a convolutional autoencoder, for
hyperspectral unmixing [66]; Yu et al. [67] instead process the full image directly through a multilevel trans-
former. The same hybrid principle extends to hyperspectral–multispectral fusion and to general-purpose
CNN–transformer design in computer vision [68,69]. Qiao et al. [70] proposed the Multiscale Neighborhood
Attention Transformer (MSNAT), which incorporates a multiscale neighborhood attention mechanism to
capture spatial features at multiple scales within local windows, combined with a spatial transformation
module to generate optimized spatial inputs. HiT [71] replaces self-attention blocks with convolution-
based operators to strengthen local spatial and spectral feature extraction; however, this design weakens the
ability to capture global dependencies. To address this issue, recent works embed convolutional operations
within multi-head self-attention (MSA) blocks [72,73], enhancing local feature modeling while preserving
global attention capabilities. Furthermore, graph-based techniques have been integrated into transformer
frameworks to better represent spatial–spectral relationships during tokenization and encoding [74,75].
For example, GraphGST [75] constructs positional encodings by modeling the physical neighborhood
relationships between pixels based on patch label frequencies within a sliding window.

Recently, frequency-aware representation learning has emerged as an effective strategy for HSI clas-
sification. Representative approaches, such as FAHM [76], LFAH-Net [77], and Spectral Context-Aware
Frequency Alignment [78], have demonstrated the effectiveness of incorporating frequency information
into deep HSI classification models through hierarchical frequency modeling, Laplacian-based feature
enhancement, and frequency alignment mechanisms. Although these methods have achieved promising
performance, they generally rely on explicit frequency modeling strategies, handcrafted frequency operators,
or task-specific architectural designs. A qualitative comparison is shown in Table 1. Consequently, designing
a lightweight and general frequency-aware module that can be seamlessly integrated into hierarchical vision
transformers remains an open challenge.
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Table 1: Qualitative comparison between the proposed FEAM and representative frequency-aware HSI classification
methods.

Method Main Idea Explicit Frequency Uses Gradient General HSI
Transform Information Classification

FAHM
Hierarchical Mamba
with frequency-aware

feature modeling
Partial × ✓

LFAH-Net

Laplacian
frequency-aware

hierarchical feature
learning

Laplacian-based ✓ ✓

Spectral
Context-Aware

Frequency
Alignment

Frequency alignment
for few-shot HSI

classification
✓ × Few-shot

FEAM-Swin
(Ours)

Lightweight frequency
aware

modulator-Swin
× ✓

(feature-level) ✓

Although transformer-based methods have shown considerable effectiveness in HSI classification,
several critical limitations have yet to be addressed. First, the self-attention (SA) mechanism employed
in conventional Vision Transformer (ViT) encoders exhibits an inherent bias toward modeling global
contextual dependencies. While this characteristic proves advantageous for capturing long-range spatial
interactions, it frequently fails to preserve fine-grained local spectral–spatial variations with sufficient fidelity
that are crucial for distinguishing spectrally similar materials in HSI analysis, particularly in scenarios char-
acterized by limited training samples. Specifically, the absence of explicit mechanisms to emphasize localized
spectral fluctuations and high-frequency spectral–spatial transitions results in suboptimal discriminative
performance when classifying complex heterogeneous scenes.

Second, many contemporary transformer-based HSI classification models rely on sophisticated multi-
stage tokenization strategies and deep encoder architectures to enhance feature representation capacity.
Consequently, this design philosophy results in a substantial increase in both model parameterization and
computational complexity, rendering such models highly susceptible to overfitting when training data are
scarce, a pervasive challenge in real-world hyperspectral remote sensing applications. Although lightweight
architectures have been explored in recent literature to mitigate these concerns, including compact Swin-
based designs with squeeze-and-excitation or squeeze-and-expansion channel recalibration [79,80], a
groupwise separable convolutional vision transformer [81], and state-space alternatives such as MorpMamba
and DiMA [82,83], their simplified architectures often struggle to effectively capture and model the intricate
spectral–spatial structures inherent to hyperspectral data, thereby leading to a degradation in classification
accuracy and reduced generalization capability.

In contrast, the proposed FEAM-Swin framework directly addresses these limitations by introducing
a novel lightweight Frequency-Enhanced Attention Modulator (FEAM) that is seamlessly integrated into
a hierarchical Swin Transformer architecture. Unlike existing frequency-aware HSI classification methods
that rely on explicit frequency-domain transformations, handcrafted frequency operators, or task-specific
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frequency modeling strategies, FEAM performs lightweight frequency-aware feature modulation directly
on intermediate feature representations through gradient-based frequency energy estimation. Consequently,
FEAM enhances local spectral–spatial discriminative information while preserving computational efficiency
and avoiding costly attention mechanism redesigns or explicit Fourier and wavelet transforms. The main
contributions of this paper are as follows:

1. We propose FEAM-Swin, a novel lightweight Swin Transformer architecture that explicitly incorporates
frequency-aware modeling for HSI classification. The proposed framework effectively balances long-
range contextual dependency modeling and fine-grained spectral–spatial discrimination under strict
computational constraints.

2. A Frequency-Enhanced Attention Modulator (FEAM) is introduced to capture local spectral–spatial
frequency variations via gradient-based energy estimation. Unlike conventional frequency-domain
approaches, FEAM avoids explicit Fourier or wavelet transforms, achieving frequency-sensitive feature
enhancement with minimal parameter and computational overhead.

3. FEAM is seamlessly embedded within hierarchical Swin Transformer blocks, enhancing local dis-
criminability while preserving the efficiency of window-based self-attention. This design strengthens
frequency-aware representation learning without increasing architectural complexity or compromis-
ing scalability.

4. We introduce a lightweight Dynamic Context Scaling mechanism that enhances the standard
window-based self- attention by incorporating global contextual information into the attention score
computation. DCS adaptively scales attention weights based on global context vectors derived from
the attention matrix, enriching the model’s ability to capture long-range spectral dependencies without
substantially increasing computational overhead.

5. Extensive experiments on four benchmark HSI datasets demonstrate that FEAM-Swin consistently
attains state-of-the-art classification performance in terms of overall accuracy, average accuracy, and
Kappa coefficient, while maintaining lower model complexity compared with existing CNN and
transformer-based methods.

The remainder of this paper is organized as follows. Section 2 details the proposed FEAM-Swin frame-
work. Section 3 presents the experimental setup and quantitative performance evaluation. Finally, Section 4
concludes the paper and discusses future research directions.

2 Proposed Method

2.1 FEAM-Swin
In this section, we present the FEAM-Swin, a novel framework designed to enhance HSI classification

by effectively capturing spatial and spectral dependencies while minimizing computational overhead. The
overall architecture of the proposed FEAM-Swin is illustrated in Fig. 1, and the detailed information of the
proposed architecture is given below.

2.2 Overview of the Approach
The proposed FEAM-Swin framework is designed to achieve an effective balance between discrim-

inative spectral–spatial representation learning and computational efficiency for HSI classification. Built
upon the hierarchical Swin Transformer backbone, FEAM-Swin preserves the advantages of window-
based self-attention for modeling long-range contextual dependencies, while introducing a lightweight
FEAM to explicitly exploit frequency-sensitive cues that are critical for distinguishing spectrally similar
land-cover classes.
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Figure 1: The architecture of the proposed FEAM-Swin model is structured to enhance feature representation and
classification performance. Initially, the input undergoes data augmentation (random crop layers and random flip
layers), patch extraction and embedding. This is followed by a series of normalization layers, Window Dynamic Context
Attention mechanisms (W-DCA), Shifted Window Dynamic Context Attention (SW-DCA), and multilayer perceptrons
(MLPs). To further refine feature representations, FEAM blocks are systematically integrated at each stage. Finally, the
model applies global average pooling and subsequently uses fully connected layers to produce the classification results
at the final output layer.

Unlike conventional frequency-aware approaches that rely on explicit spectral transforms (e.g., Fourier
or wavelet decompositions), FEAM adopts a gradient-based formulation to implicitly estimate local spectral–
spatial frequency variations. This design enables seamless integration into transformer blocks with negligible
parameter overhead and without disrupting the hierarchical feature learning process. The mathematical
formulation of the proposed Frequency-Enhanced Attention Modulator (FEAM) is detailed in Section 2.3.
Specifically, FEAM computes channel-wise spectral–spatial variation descriptors using gradient opera-
tors and applies a lightweight gating mechanism to adaptively recalibrate feature responses within each
transformer stage.

2.3 Frequency-Enhanced Attention Modulator (FEAM)
The FEAM block, as shown in Fig. 2, Conventional channel attention mechanisms estimate chan-

nel importance using global average pooling, which primarily captures low-frequency (DC) responses
while under-representing structural variations. To better characterize spatial–spectral discontinuities in
hyperspectral feature maps, we construct a frequency-aware descriptor using discrete gradient operators.
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Figure 2: The Architecture of the FEAM block of our proposed FEAM-Swin method.

2.3.1 Gradient-Based Frequency Descriptor
To construct a frequency-aware representation of the input hyperspectral feature map, spatial and

spectral gradient operators are applied to capture local variations along all three dimensions of the feature
tensor. Let the input feature tensor be X ∈ RB×H×W×C , where B, H, W , and C denote batch size, spatial height,
spatial width, and number of channels, respectively.

2.3.2 Spatial Gradients
To approximate first-order spatial derivatives, forward finite differences are employed along the height

dimension. Eq. (1) computes the difference between vertically adjacent feature elements, effectively mea-
suring how the feature responses change along the spatial height axis. This operation highlights abrupt
transitions and structural discontinuities in the vertical direction, which correspond to high-frequency
spatial content. By operating directly on the feature tensor without any learnable parameters, this Eq. (1)
remains computationally lightweight while capturing meaningful local spatial variation. Note that we denote
the height-direction gradient as Dx and the width-direction gradient as Dy , following the row-major (H, W)
indexing of the feature tensor X ∈ RB×H×W×C , rather than the conventional Cartesian image-axis convention
in which x denotes the horizontal direction and y the vertical direction. As illustrated in Fig. 2, the gradient
along the height direction is given by

Dx X(b, h, w , c) = X(b, h + 1, w , c) − X(b, h, w , c), (1)

for h ∈ [0, H − 2], and the gradient along the width direction is given by

Dy X(b, h, w , c) = X(b, h, w + 1, c) − X(b, h, w , c), (2)

for w ∈ [0, W − 2], where Eq. (2) extends the forward finite difference operation to the horizontal spatial
dimension, computing the difference between laterally adjacent feature elements along the width axis. This
captures high-frequency variations in the horizontal direction, complementing the vertical gradient com-
puted in Eq. (1). Together, these two spatial gradient operators provide a comprehensive characterization of
local spatial frequency content within each feature channel, enabling the model to detect edges, boundaries,
and fine-grained structural patterns that are critical for discriminating spectrally similar land-cover classes
in hyperspectral imagery. Channel-wise spatial energies are defined as:
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Ex[b, c] = 1
(H − 1)W

H−2
∑
h=0

W−1
∑
w=0
∣Dx[b, h, w , c]∣ , (3)

To obtain a compact channel-wise representation of spatial frequency content, Eq. (3) aggregates the
absolute values of the height-direction gradient across all spatial positions for each channel. Specifically, the
mean absolute gradient magnitude is computed by averaging over all valid spatial locations, yielding a scalar
energy value per channel per sample. This channel-wise energy descriptor Ex ∈ RB×C encodes the degree
of vertical spatial variation present in each feature channel, providing a global summary of high-frequency
structural activity along the height dimension. Channels with high Ex values correspond to feature maps
exhibiting strong vertical spatial transitions, indicating regions of greater discriminative relevance.

Ey[b, c] = 1
H(W − 1)

H−1
∑
h=0

W−2
∑
w=0
∣Dy[b, h, w , c]∣ (4)

where Eq. (4) computes the mean absolute gradient magnitude along the width direction for each channel.
By averaging the horizontal gradient responses across all valid spatial positions, Ey produces a compact
scalar descriptor per channel that quantifies the overall level of horizontal spatial frequency variation.
The complementary nature of Ex and Ey ensures that the resulting descriptors jointly capture directional
spatial frequency information across both spatial axes, providing a more complete characterization of local
structural content than would be achievable through a single-direction gradient alone.

Ex , Ey ∈ RB×C (5)

where Eq. (5) formally states the output dimensionality of the spatial energy descriptors derived from Eqs. (3)
and (4). Both Ex and Ey are condensed into compact tensors of shape B × C, collapsing the spatial dimensions
through mean aggregation while retaining the channel dimension. This dimensionality reduction is essential
for enabling efficient downstream processing, as it transforms the spatially distributed gradient information
into a channel-wise summary that can be directly utilized by the subsequent gating mechanism.

2.3.3 Spectral Gradient
To capture inter-band variation, we compute forward spectral differences as:

Dz X(b, h, w , c) = X(b, h, w , c + 1) − X(b, h, w , c), (6)

for c ∈ [0, C − 2]. Beyond spatial gradients, hyperspectral data also exhibits meaningful variation along the
spectral dimension, as adjacent spectral bands often carry complementary and overlapping information. To
capture inter-band spectral transitions, Eq. (6) applies a forward finite difference operator along the channel
axis, computing the difference between spectrally adjacent feature responses at each spatial location. This
spectral gradient highlights abrupt changes between neighboring spectral bands, which are indicative of
high-frequency spectral content and are particularly informative for distinguishing materials with similar but
subtly different spectral signatures. The inclusion of spectral gradient information distinguishes the proposed
frequency descriptor from purely spatial attention mechanisms, enabling a more holistic frequency-aware
characterization of hyperspectral features. The spectral energy is computed as:

Ez[b, c] = 1
HW

H−1
∑
h=0

W−1
∑
w=0
∣Dz[b, h, w , c]∣ (7)
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To obtain a spatially aggregated representation of inter-band spectral variation, Eq. (7) computes the
mean absolute spectral gradient magnitude across all spatial positions for each spectral channel. The resulting
descriptor Ez quantifies the average degree of spectral transition between channel c and channel c + 1
aggregated across all spatial positions, providing a compact measure of spectral frequency activity. Channels
exhibiting high Ez values correspond to spectral regions characterized by rapid inter-band variation, which
are typically associated with informative spectral features that facilitate accurate classification of spectrally
complex land-cover types.

Ez ∈ RB×(C−1) (8)

where in Eq. (8), the spectral energy descriptor Ez has a reduced channel dimension of C − 1 rather than C,
arising directly from the forward finite difference formulation used in Eq. (6), which computes differences
between adjacent channel pairs and therefore produces one fewer output than the number of input channels.
While this reduced dimensionality accurately reflects the nature of the spectral gradient operation, it
introduces a channel dimension mismatch that must be resolved before Ez can be combined with the spatial
energy descriptors Ex and Ey .

To resolve the channel dimension mismatch in Eq. (8) and ensure compatibility with the spatial energy
descriptors, Eq. (9) applies zero-padding to the last channel of Ez . Specifically, the spectral energy values
for channels 0 through C – 2 are preserved exactly as computed, while a zero value is appended at position
C – 1 to extend the descriptor to the full channel dimensionality C. This simple and parameter-free alignment
strategy ensures that the spectral energy descriptor can be seamlessly combined with the spatial descriptors
in subsequent aggregation steps without introducing any additional learnable parameters or computational
cost.

Ẽz[b, c] =
⎧⎪⎪⎨⎪⎪⎩

Ez[b, c], 0 ≤ c ≤ C − 2
0, c = C − 1

(9)

Thus,

Ẽz ∈ RB×C (10)

The Eq. (10) confirms that the spectral energy descriptor Ẽz now shares the same dimensionality B × C
as the spatial energy descriptors Ex and Ey defined in Eq. (5). This dimensional alignment is a prerequisite
for the subsequent element-wise aggregation step described in Eq. (11), wherein all three descriptors are
combined to form the final unified frequency descriptor E. The consistent tensor shape across all three
descriptors ensures that the aggregation can be performed efficiently through simple element-wise addition,
without the need for any reshaping, projection, or interpolation operations.

2.3.4 Final Frequency Descriptor
With compact channel-wise energy descriptors derived from both spatial and spectral gradient oper-

ations, the proposed FEAM module proceeds to aggregate these descriptors into a unified frequency
representation, which is subsequently passed through a lightweight gating network to generate adaptive
channel attention weights. The aggregated frequency descriptor is defined element-wise as:

E[b, c] = Ex[b, c] + Ey[b, c] + Ẽz[b, c] (11)
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The Eq. (11) defines the final aggregated frequency descriptor E, through element-wise summation of the
three individually computed energy components: the height-direction spatial energy Ex ,the width-direction
spatial energy Ey , and the zero-padded spectral energy Ẽz . This additive aggregation strategy is deliberate
and principled: by combining spatial and spectral frequency information into a single unified descriptor,
the model captures a holistic characterization of local frequency activity across all three dimensions of
the hyperspectral feature tensor. The element-wise summation preserves the channel-wise structure of
each individual descriptor, with contributions from all three gradient directions equally represented at
every channel except the last (c = C − 1), where the spectral component is zero-padded per Eq. (9). This
aggregation is entirely parameter-free, introducing no additional learnable weights and thus maintaining the
computational efficiency that is central to the design approach of the proposed FEAM module. Channels with
consistently high energy values across multiple gradient directions are indicative of spectrally and spatially
active regions, and therefore assigned greater importance in the subsequent recalibration step.

E ∈ RB×C (12)

where Eq. (12) establishes the output dimensionality of the aggregated frequency descriptor E. As a direct
consequence of the dimensional alignment achieved through zero-padding in Eq. (9) and the element-wise
summation in Eq. (11), the final descriptor retains the compact shape of B × C, where B denotes the batch
size and C denotes the number of feature channels. This compact representation is particularly significant
from a computational point of view, as it reduces the full spatial–spectral feature tensor X ∈ RB×H×W×C to a
channel-wise summary without any learnable compression operations. The resulting descriptor E thus serves
as an efficient and informative bottleneck representation that encapsulates the frequency characteristics of
each channel, providing a strong basis for the adaptive channel recalibration performed in the subsequent
gating network.

2.3.5 Frequency Interpretation
For a continuous signal f (x), the Fourier transform of its derivative satisfies

F{∂ f (x)
∂x
} = jωF{ f (x)} (13)

where ω denotes the angular frequency. Eq. (13) provides the theoretical justification for using gradient-
based operations as a proxy for frequency-domain analysis. Specifically, this relationship derived from the
differentiation property of the Fourier transform states that the Fourier transform of the first-order derivative
of a continuous signal f (x) is equal to the product of jω and the Fourier transform of the original signal.
The multiplicative factor jω scales each frequency component proportionally to its angular frequency ω,
which has the direct effect of amplifying higher-frequency components relative to lower-frequency ones. This
mathematical property formally establishes that derivative operators inherently act as high-pass filters in the
frequency domain, emphasizing structural transitions, edges, and fine-grained variations that correspond to
high-frequency content. In the context of the proposed FEAM module, this theoretical grounding confirms
that the gradient-based spatial and spectral energy descriptors defined in Eqs. (1)–(11) effectively capture
frequency-sensitive information without requiring explicit frequency-domain transforms such as Fourier or
wavelet decompositions. This insight is central to the design of FEAM block, as it enables frequency-aware
feature modulation through simple and computationally inexpensive finite difference operations, which scale
linearly with the number of tensor elements rather than following the super-linear complexity of explicit
spectral transform methods.
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To provide a rigorous theoretical foundation in the discrete domain directly applicable to the discrete
hyperspectral feature tensors processed by FEAM, we extend the above continuous-domain analysis to the
discrete frequency setting. For a discrete feature map sequence x[n], the Discrete-Time Fourier Transform
(DTFT) of its first-order forward finite difference satisfies:

F{x[n + 1] − x[n]} = (e jω − 1)X (e jω) (14)

The magnitude of the frequency response of the finite difference operator is given by:

∣e jω − 1∣ = 2 ∣sin(ω
2
)∣ (15)

This magnitude function is monotonically increasing for ω ∈ [0, π], confirming that finite difference
operators amplify higher discrete frequencies relative to lower ones in discrete feature maps directly
analogous to the continuous-domain high-pass filtering property established in Eq. (13). This result provides
the discrete-domain theoretical justification for using finite difference operations as frequency-sensitive
descriptors on hyperspectral feature tensors. Furthermore, the approximation error between the exact
continuous derivative and the discrete finite difference operator is bounded by:

∣∂ f
∂x
− Δ f

h
∣ ≤ h

2
max ∣∂

2 f
∂x2 ∣ (16)

where h denotes the grid spacing, equal to 1 for unit-spaced feature map pixels. This bound confirms that
finite differences provide a valid and accurate first-order approximation to the derivative operator on discrete
feature maps, with the approximation error decreasing as the feature map resolution increases.

Additionally, the channel-wise gradient energy descriptor Ex[b, c] (Eq. (3)) aggregates the absolute
gradient magnitudes across all spatial positions for each channel. This operation is equivalent to computing
the L1 norm of the high-pass filtered feature map in the spatial domain. The L1 norm aggregation provides a
robust, non-negative, translation-invariant, and computationally stable measure of high-frequency activity
per channel. Unlike phase-sensitive Fourier coefficients, which require complex-valued arithmetic, explicit
transform computation of complexity O(BHWC log(HW)), and inverse transforms for spatial-domain
recovery, gradient magnitudes are entirely real-valued, parameter-free, and directly computable in a single
forward pass with linear complexity O(BHWC). Furthermore, gradient magnitudes are invariant to spatial
translation of feature patterns, providing a more compact and stable frequency energy estimate compared
to raw Fourier coefficients whose phase components vary with spatial position. These theoretical properties
collectively establish gradient magnitude aggregation as a principled, mathematically grounded, computa-
tionally efficient, and practically stable replacement for explicit Fourier or wavelet frequency decomposition
in the context of channel-wise frequency energy estimation for hyperspectral feature recalibration.

2.3.6 Channel Recalibration
The frequency descriptor is passed through a two-layer gating network. The Eq. (17) defines the

lightweight two-layer gating network responsible for transforming the aggregated frequency descriptor E
into a set of adaptive channel attention weights w. The operation proceeds in two sequential stages. In the first
stage, the frequency descriptor E is linearly projected into a lower-dimensional intermediate representation
through multiplication with the weight matrix W1 ∈ RC× C

r , where r denotes the channel reduction ratio.
This dimensionality reduction serves a dual purpose, it compresses the channel-wise frequency information
into a more compact latent space, and reduces the overall parameter count of the gating network, thereby
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preserving computational efficiency. The compressed representation is then passed through the GELU
activation function δ(⋅), which introduces non-linearity and enables the network to model complex, non-
linear relationships between frequency energy patterns and channel importance. In the second stage, the
activated intermediate representation is projected back to the original channel dimensionality through
multiplication with W2 ∈ R

C
r ×C , and a sigmoid activation function σ(⋅) is applied to normalize the output

values to the range (0, 1). The resulting vector w contains a scalar attention weight for each channel,
representing the relative importance of that channel based on its frequency energy characteristics.

w = σ(δ(EW1)W2) (17)

where

W1 ∈ RC× C
r , W2 ∈ R

C
r ×C (18)

Eq. (18) explicitly defines the dimensions of the two learnable weight matrices W1 and W2 employed
in the gating network of Eq. (17). The first projection matrix W1 maps the input frequency descriptor from
the full channel space of dimension C to a compressed intermediate space of dimension C

r , where r is
the reduction ratio hyperparameter that governs the degree of channel compression. A larger value of r
results in a more aggressive compression, reducing the number of parameters in the gating network but
potentially limiting its capacity to model fine-grained inter-channel frequency relationships. The second
projection matrix W2 performs the inverse mapping, restoring the representation from the compressed space
of dimension C

r back to the original channel dimensionality C, enabling the generation of a full channel-
wise attention weight vector. This symmetric bottleneck structure ensures that the total number of additional
parameters introduced by the FEAM gating network is 2C2

r , which remains negligibly small relative to the
overall model parameter count for practical values of r. This parameter efficiency is a key advantage of the
proposed design, as it allows the FEAM module to be seamlessly integrated into each stage of the hierarchical
Swin Transformer backbone without meaningfully increasing model complexity or computational overhead.
The reduction ratio is set to r = 4, yielding an intermediate representation of dimension C/r = 16 for the
default embedding dimension C = 64. This introduces only 2048 additional trainable parameters per FEAM
block, representing a negligible overhead relative to the total model parameter count.

The Eq. (19) formally establishes the dimensionality of the channel attention weight matrix w produced
by the gating network defined in Eq. (17). The weight tensor w has a shape of B × C, where B denotes
the batch size and C denotes the number of feature channels. Each scalar entry w[b, c] represents the
normalized attention weight assigned to channel c of the b-th sample in the batch, with values constrained
to the range (0, 1) by the sigmoid activation function applied in Eq. (17). The channel-specific nature of
w enables the subsequent recalibration step to selectively modulate individual feature channels based on
their respective frequency energy characteristics, thereby enhancing the discriminative power of spectrally
informative channels while suppressing those carrying low-frequency information. Importantly, the batch
dimension in w allows the attention weights to be independently computed for each sample, ensuring that
the recalibration adapts dynamically to the frequency content of individual input instances.

w ∈ RB×C (19)

Channel-wise recalibration is then performed as:

Y[b, h, w , c] = X[b, h, w , c] ⋅w[b, c] (20)



Comput Model Eng Sci. 2026;148(3):36 13

where Eq. (20) defines the core recalibration operation of the FEAM module, wherein the input feature tensor
X is modulated by the channel attention weights w through element-wise multiplication. For each spatial
location (h, w) and each channel c of the b-th sample, the corresponding feature response X[b, h, w , c] is
scaled by the attention weight w[b, c], producing the recalibrated output feature Y[b, h, w , c]. This operation
is applied uniformly across all spatial positions within each channel, meaning that the same attention
weight governs the scaling of every spatial feature response belonging to a given channel. The recalibration
mechanism is therefore spatially invariant but channel-selective, enabling the model to globally amplify
feature channels that exhibit strong frequency activity while attenuating those dominated by low-frequency
or spectrally uninformative content.

Y ∈ RB×H×W×C (21)

The Eq. (21) confirms that the recalibrated output feature tensor Y preserves the same spatial and
spectral dimensionality as the input feature tensor X ∈ RB×H×W×C . This dimensional consistency is a
fundamental property of the proposed recalibration operation, as it ensures that the FEAM module can be
seamlessly inserted into any stage of the hierarchical Swin Transformer backbone without requiring any
architectural modifications, additional reshaping operations, or resolution adjustments.

2.3.7 Shifted Window Dynamic Context Attention
Let a window contain N tokens and Ha attention heads, with per-head dimension defined as

dh =
C

Ha
(22)

For each head, the query, key, and value projections satisfy

Qh , Kh , Vh ∈ RBw×N×dh (23)

where Bw denotes the number of windows. Attention is then computed as

Attention(Qh , Kh , Vh) = AVh , where A = Softmax(
Qh K⊺h√

dh
) (24)

While window attention effectively models local, within-window contextual relationships (with cross-
window context introduced via the shift in SW-DCA), it does not explicitly emphasize high-frequency
variations. The proposed frequency-aware recalibration module therefore enhances structural sensitivity and
complements transformer-based feature modeling.

2.3.8 Dynamic Context Scaling
While conventional self-attention relies solely on the pairwise interactions captured in A, the dynamic

context scaling (DCS) mechanism introduces an adaptive factor that modulates these scores based on global
contextual information. The key idea is to aggregate the attention scores within each window to form a
context vector, which is then used to scale the original attention scores.

For each window, the context vector C is computed by averaging the attention scores across the spatial
dimensions. Denoting the ith row of the attention matrix A (corresponding to the ith token) as Ai , the
context vector is defined as:
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C = 1
w2

w2

∑
i=1

Ai . (25)

This vector encapsulates the average attention behavior within the window, representing the global
context. The computed context vector C is then used to scale the attention scores in an element-wise manner:

Ascaled = A⊙ C , (26)

where ⊙ denotes row-wise broadcasted element-wise multiplication: the length-w2 context vector C is
broadcast across every row of the w2 ×w2 attention matrix A, i.e., Ascaled[i , ∶] = A[i , ∶] ⊙ C for each row
i = 1, . . . , w2. This operation enhances the attention scores for tokens deemed globally important while
suppressing less significant ones. After applying dynamic scaling, the scaled attention scores are normalized
via the softmax function along the token dimension:

Asoftmax = softmax(Ascaled). (27)

To further enable cross-window interaction and enhance global contextual modeling, the proposed
W-DCA is extended to a Shifted Window Dynamic Context Attention (SW-DCA) mechanism. In SW-DCA,
the window partitioning is spatially shifted by half the window size along both spatial dimensions before
applying the same dynamic context attention process. This shifting strategy allows tokens near window
boundaries to attend to neighboring windows, thereby facilitating information exchange across windows
while preserving the computational efficiency of window-based attention.

The final output of the attention mechanism for the window is obtained by weighting the value vectors
V with the normalized scores:

O = AsoftmaxV . (28)

This output O is subsequently passed through an additional linear projection and dropout before being
integrated with residual connections in the overall network architecture.

To further enhance the quality of feature representations extracted by the attention mechanism, a
Multilayer Perceptron (MLP) is employed. The MLP serves as a fundamental component of the model,
comprising multiple fully connected layers, with a Gaussian Error Linear Unit (GELU) activation function
applied after the first linear transformation. This architectural design enables the model to capture complex,
nonlinear dependencies within the input data, facilitating the learning of intricate patterns that cannot be
effectively represented through linear transformations alone. The mathematical formulation of the MLP is
defined as follows:

MLP(x) = U2 ⋅GELU(U1 ⋅ x + b1) + b2 (29)

where U1 and U2 denote learnable weight matrices, b1 and b2 represent bias vectors, and GELU functions
as the activation mechanism. Compared to traditional activation functions such as ReLU, GELU [84] has
demonstrated superior efficacy in deep learning applications by ensuring smoother gradient propagation
and enhancing the model’s capacity to extract informative features. The MLP plays a crucial role in
capturing high-level abstractions from raw input data, thereby transforming the feature space into a more
discriminative representation. This advanced feature extraction is particularly advantageous in the context
of HSI classification, where distinguishing between various spectral classes is critical for accurate analysis.
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In addition to the MLP, the FEAM-Swin further enhances its representational power by integrating
the FEAM mechanism. The FEAM block dynamically adjusts feature responses by modeling channel-wise
dependencies, thereby improving the model’s sensitivity to salient features. A detailed discussion of the
FEAM mechanism and its integration within the framework is provided in Section 2.3.

2.3.9 Patch Operations
Patch operations play a crucial role in the efficient processing of high-dimensional hyperspectral

data by enabling localized feature extraction and structured representation through patch partitioning and
embedding. The process begins with the Patch Extraction layer, which segments the input HSI into smaller,
non-overlapping patches while preserving local spectral characteristics. These segmented patches are then
mapped into a higher-dimensional latent space through the Patch Embedding layer.

The Patch Embedding operation transforms each patch into a structured high-dimensional repre-
sentation, effectively capturing spectral information in a format suitable for subsequent processing. This
transformation is essential for enhancing the spectral representation of each patch, thereby facilitating
downstream tasks such as classification and segmentation [48]. To further refine these representations and
improve information aggregation, the Patch Merging operation is applied. This step consolidates embeddings
from adjacent patches, integrating their spectral information into a unified representation. The mathematical
formulation of Patch Merging is given by:

xmg = Concat(x(i , j)
emb , x(i+1, j)

emb , x(i , j+1)
emb , x(i+1, j+1)

emb )W (30)

where xmg represents the merged feature vector, which aggregates embeddings (xemb) from neighboring
patches in the image grid, including positions (i , j), (i + 1, j), (i , j + 1), and (i + 1, j + 1). The function
Concat(⋅) performs a concatenation operation, combining these embeddings into a single vector. This
concatenated feature vector is subsequently projected into a new feature space using the learnable weight
matrix W.

By integrating neighboring embedded patches and applying a linear transformation, the patch merging
operation constructs a cohesive representation that incorporates both local spectral details and broader
contextual information. This hierarchical approach not only reduces the spatial dimensionality of the data but
also enhances spectral feature extraction, significantly improving the model’s ability to process and analyse
high-dimensional HSIs with greater efficiency and accuracy.

2.3.10 Prediction Computation and Output Layer
The final layer of the proposed FEAM-Swin network is responsible for producing class predictions for

each pixel in the HSI. Following the final transformer stage, global average pooling is applied across the
spatial dimensions to obtain a compact feature vector, which is then passed to a fully connected (dense) layer
that maps the extracted features to K predefined classes. The output of this layer is subsequently processed by
a softmax activation function, transforming the raw scores into a probability distribution over the K classes.
Mathematically, the output layer is defined as

Output(x) = softmax(Wout ⋅ x + bout) (31)

where x ∈ Rd denotes the input feature vector from the final transformer block (d being the embedding
dimension of that stage), Wout ∈ Rd×K represents the weight matrix of the output layer, and bout ∈ RK is the
associated bias vector. The softmax function is applied element-wise to normalize the logits into a probability
distribution:
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softmax(zi) =
ezi

∑K
j=1 ez j

(32)

where zi represents the raw score (logit) for class i, and the denominator ensures normalization across all
K classes. This transformation guarantees that the output values are non-negative and sum to one, thereby
enabling a probabilistic interpretation of the model’s predictions.

The final classification output is represented as a prediction map Y ∈ {1, . . . , K}H×W , where each pixel
is assigned to the class with the highest probability. If required, upsampling techniques such as transposed
convolution can be applied to restore the classification output to match the original spatial resolution of the
input HSI. This output layer serves as a crucial component in converting the extracted spectral features into
discrete class labels, ensuring accurate classification of hyperspectral data.

2.3.11 Computational Complexity
The gradient computations in (1)–(6) each scale linearly with the number of tensor elements. Therefore,

the overall computational complexity of the proposed module is given by:

O(BHWC), (33)

By temporarily expanding the channel dimensionality, the FEAM Block captures richer and more
complex interdependencies between spectral bands. This is especially beneficial for hyperspectral data, where
subtle variations across bands are crucial for class differentiation. Unlike traditional recalibration methods
that merely reduce and restore channel dimensions, the FEAM Block enriches the feature representations,
improving the separability between classes. As a result, the FEAM Block enhances the model’s ability to lever-
age the spectral richness of HSIs while reducing redundancy, leading to improved classification performance.
Algorithm 1 summarizes the complete processing pipeline of the proposed Feam-Swin framework.

3 Experimental Evaluation
To comprehensively evaluate the proposed FEAM-Swin framework, experiments were conducted

on four widely-used HSI benchmark datasets that cover diverse geographical regions, land-
cover types, spatial resolutions, and imaging conditions (https://ieee-dataport.org/documents/
hyperspectral-remote-sensing-scenes). Indian Pines (IP), University of Pavia (PU), Salinas (SA), and
Kennedy Space Center (KSC). We first describe the experimental setup adopted in this study, including the
configuration used for evaluation. This is followed by a detailed account of the hyperparameter settings
employed in the proposed method, along with the corresponding experimental results. Subsequently, we
provide a comprehensive comparison between our approach and existing state-of-the-art techniques. In
addition, the influence of key hyperparameters is examined through systematic experiments and visual
analyses. Overall, this framework is designed to offer a clear understanding of the effectiveness of the
proposed method and its suitability for HSI analysis.

https://ieee-dataport.org/documents/hyperspectral-remote-sensing-scenes
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Algorithm 1: Proposed FEAM-Swin method for HSI classification
Input: X ∈ RB×H×W×C

Output: Predicted class probabilities
Perform patch extraction and patch embedding;
foreach transformer stage do

// Regular window block;
Compute Dx , Dy , Dz and frequency descriptor E using (1)–(12);
Recalibrate: Y = X ⊙ σ(δ(EW1)W2) using (17)–(21);
Apply LayerNorm and W-DCA to Y using (22)–(28), with residual connection;
Recompute E and recalibrate the result using (1)–(12) and (17)–(21);
Apply LayerNorm and MLP, with residual connection;
// Shifted window block;
Compute Dx , Dy , Dz and frequency descriptor E using (1)–(12);
Recalibrate: Y = X ⊙ σ(δ(EW1)W2) using (17)–(21);
Apply LayerNorm and SW-DCA to Y using (22)–(28), with residual connection;
Recompute E and recalibrate the result using (1)–(12) and (17)–(21);
Apply LayerNorm and MLP, with residual connection;
if not the final stage then

Apply patch merging using (30);
Apply global average pooling;
Apply dense layer and softmax activation using (31) and (32);
return predicted class probabilities

3.1 Datasets for Empirical Evaluation
In this section, we evaluate the performance of the proposed FEAM-Swin approach using four widely

recognised hyperspectral datasets. These datasets are selected due to their importance and frequent use
in HSI classification research. Each dataset includes raw HSIs and corresponding ground truth anno-
tations, enabling a comprehensive assessment of classification accuracy and model effectiveness. Visual
representations of the datasets are provided in Figs. 3–6.

Figure 3: Visual representation of the SA dataset: (a) Original image, (b) Ground truth map, (c) Class legend.
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Figure 4: Visual representation of the PU dataset: (a) Original image, (b) Ground truth map, (c) Class legend.

Figure 5: Visual representation of the IP dataset: (a) Original image, (b) Ground truth map, (c) Class legend.

Figure 6: Visual representation of the KSC dataset: (a) Original image, (b) Ground truth map, (c) Class legend.

1. The first dataset, referred to as SA, was acquired using the Airborne Visible/Infrared Imaging Spec-
trometer (AVIRIS) during a remote sensing survey of the Salinas Valley region in California, USA.
This dataset boasts a high spatial resolution of 3.7 m per pixel, facilitating precise spectral analysis. It
encompasses 224 spectral bands covering a broad wavelength range from 400 to 2500 nm, enabling the
detection of subtle spectral variations among different materials. With spatial dimensions of 512 × 217
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pixels, as summarized in Table 2, the dataset includes 16 distinct land cover classes, representing a
diverse spectrum of agricultural elements such as vegetable crops, vineyard fields, and bare soil. These
classifications play a pivotal role in applications related to precision agriculture and environmental
monitoring. Furthermore, Table 3 provides a detailed breakdown of the class distribution alongside the
corresponding training and testing datasets, offering valuable insights into the dataset’s structure and
its potential utility for subsequent analytical studies.

Table 2: Comprehensive overview of the benchmark datasets employed in the experimental evaluation.

Name Spatial Dimension Spectral Bands Wavelength Range Classes
IP 145 × 145 224 400–2500 nm 16
PU 610 × 340 103 430–860 nm 9
SA 512 × 217 224 400–2500 nm 16

KSC 512 × 614 224 400–2500 nm 13

Table 3: Distribution of training and test samples in the SA dataset.

Class No. Class Name Training Test
1 Brocoli_green_weeds_1 603 1406
2 Brocoli_green_weeds_2 1118 2608
3 Fallow 593 1383
4 Fallow_rough _plow 418 976
5 Fallow_smooth 803 1875
6 Stubble 1188 2771
7 Celery 1074 2505
8 Grapes_untrained 3381 7890
9 Soil_vinyard_develop 1861 4342
10 Corn_senesced_green_weeds 983 2295
11 Lettuce_romaine_4wk 320 748
12 Lettuce_romaine_5wk 578 1349
13 Lettuce_romaine_6wk 275 641
14 Lettuce_romaine_7wk 321 749
15 Vinyard_untrained 2180 5088
16 Vinyard_vertical_trellis 542 1265

Total 16,238 37,891

2. The second dataset, designated as PU, was acquired using the Reflective Optics Spectrographic Imaging
System over Pavia, Italy, in 2002 via an airborne platform operated by the German Aerospace Center
(DLR). This project was overseen by the German Aerospace Center under the HySens initiative, with
funding provided by the European Union. Following the exclusion of 12 noisy spectral channels, the
dataset comprises 610 × 340 pixels, each with a spatial resolution of 1.3 m per pixel. It encompasses 103
spectral bands spanning wavelengths from 430 to 860 nm, as detailed in Table 2. The data is partitioned
into nine distinct classes, each representing various land cover types within the region. A comprehensive
summary of the characteristics and specifications of these classes is provided in Table 4, offering valuable
insights into the dataset’s applicability for remote sensing and environmental analysis.
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Table 4: Distribution of training and test samples in the PU dataset.

Class No. Class Name Training Test
1 Asphalt 1989 4642
2 Meadows 5594 13,055
3 Gravel 630 1469
4 Trees 919 2145
5 Painted metal sheets 403 942
6 Bare soil 1509 3520
7 Bitumen 399 931
8 Self-blocking bricks 1105 2577
9 Shadows 284 663

Total 12,832 29,944

3. The third dataset employed in this paper is the Purdue Indiana Indian Pines scene (IP). Collected from
the Indian Pines testing site in northwestern Indiana, this dataset features a spatial resolution of 20 m per
pixel and covers an area of 145 × 145 pixels. It comprises 224 spectral bands that span wavelengths from
400 to 2500 nm, thus offering a comprehensive representation of the electromagnetic spectrum. The
ground truth annotations consist of 16 distinct classes, each corresponding to various crops at different
stages of growth, which reflects the region’s agricultural diversity. Detailed information regarding these
classes is provided in Tables 2 and 5, underscoring the dataset’s relevance for applications in precision
agriculture and remote sensing.

Table 5: Distribution of training and test samples in the IP dataset.

Class No. Class Name Training Test
1 Alfalfa 14 32
2 Corn-notill 428 1000
3 Corn-mintill 249 581
4 Corn 71 166
5 Grass-pasture 145 338
6 Grass-trees 219 511
7 Grass-pasture-mowed 8 20
8 Hay-windrowed 143 335
9 Oats 6 14
10 Soybean-notill 292 680
11 Soybean-mintill 736 1719
12 Soybean-clean 178 415
13 Wheat 62 143
14 Woods 379 886
15 Buildings-Grass-Trees-Drives 116 270
16 Stone-Steel-Towers 28 65

Total 3074 7175

4. The final dataset analyzed in this paper is the KSC dataset, acquired in 1996 using the AVIRIS sensor.
Covering wavelengths from 400 to 2500 nm, this dataset enables detailed spectral analysis of the region.
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The corresponding image comprises 512 × 614 pixels and includes 224 spectral bands, as summarized
in Table 2. Furthermore, the dataset includes 5211 labeled samples that are categorized into 13 distinct
classes representing both upland and wetland environments. A comprehensive overview of these classes
is provided in Table 6.

Table 6: Distribution of training and test samples in the KSC dataset.

Class No. Class Name Training Test
1 Scrub 228 533
2 Willow swamp 73 170
3 Cabbage palm hammock 77 179
4 Cabbage palm/oak hammock 76 176
5 Slash pine 48 113
6 Oak/broadleaf hammock 69 160
7 Hardwood swamp 31 74
8 Graminoid marsh 129 302
9 Spartina marsh 156 364
10 Cattail marsh 121 283
11 Salt marsh 126 293
12 Mud flats 151 352
13 Water 278 649

Total 1563 3648

3.2 Experimental Setup
To assess the effectiveness of our proposed FEAM-Swin model, we conducted a comparative study

against several SOTA techniques, including DiMA [83], MorpMamba [82], SwinT [56], PyFormer [55],
PMCN [59], WaveFormer [60], and ViT [54], as well as traditional methods such as SVM-RBF (https://
www.csie.ntu.edu.tw/cjlin/libsvm/), CCF-200 (https://github.com/twgr/ccfs), 2D CNN [37], GCNN [33],
FADCNN [40], and NL-GCNN [32]. The code will be released upon acceptance of this paper (https://github.
com/farhanmarwat). All experiments were performed on an NVIDIA RTX 4070 GPU (12 GB VRAM), with
the host system equipped with 64 GB of RAM, to satisfy the computational requirements.

The model was implemented using the TensorFlow framework with an input shape of (25, 25, 30),
representing the patch dimensions and the number of PCA components of the hyperspectral data. Designed
for classification, the network produces outputs via layers containing 16 units (used for both the IP and
SA datasets, each with 16 classes), 13 units (KSC), and 9 units (PU), corresponding to each dataset’s class
count. The architecture incorporates a patch size of (2, 2) and applies a dropout rate of 0.03 to mitigate
overfitting. Key hyperparameters include a learning rate of 1e–3, a batch size of 1024. Regarding the data
partitioning protocol, 30% of the total available labeled samples were allocated to the combined training
and validation pool, with the remaining 70% reserved exclusively for testing. Within the training pool, a
validation split ratio of 0.1 was applied, reserving 10% of the training pool (approximately 3% of the total
dataset) for model selection and early stopping, while the remaining 90% of the training pool (approximately
27% of the total dataset) was used for weight optimization. This partitioning strategy ensures a rigorous and
unbiased evaluation by preventing any overlap between training, validation, and test subsets. The network
configuration further specifies 8 attention heads, an embedding dimension of 64, and an MLP size of 256,

https://www.csie.ntu.edu.tw/cjlin/libsvm/
https://github.com/twgr/ccfs
https://github.com/farhanmarwat
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with optimization conducted via AdamW at a weight decay of 0.0001. The loss criterion adopted is categorical
cross-entropy, incorporating a label smoothing factor of 0.1. The FEAM gating network employs a channel
reduction ratio of r = 4, compressing the frequency descriptor from dimension C = 64 to C/r = 16 in the
intermediate representation before restoring it to the full channel dimensionality via sigmoid activation. This
value was selected through a preliminary grid search over r ∈ 2, 4, 8, 16 based on validation performance on
all the datasets. The training process spans 100 epochs to achieve optimal performance.

The evaluation metrics selected for this study provide a comprehensive quantitative comparison among
various HSI classification methods. Detailed descriptions of each metric are provided below.
1. Overall Accuracy (OA): OA is a core evaluation metric used to assess how well HSI classification

methods perform. It is calculated by dividing the number of correctly classified test samples by the
total count of test samples, offering a straightforward measure of how effective a given classification
approach is.

2. Average Accuracy (AA): AA is used to assess classification performance at the individual class level. It
is derived by calculating the accuracy for each class separately and then computing the mean of those
values. This makes AA a useful metric for understanding how consistently a method performs across
all classes, rather than just in aggregate.

3. Kappa Coefficient (κ): The κ is a well-established statistical measure used in HSI to evaluate classifica-
tion reliability by accounting for agreement that may occur by chance alone. It captures the degree of
correspondence between predicted and ground-truth class labels, making it a robust indicator of both
the validity and consistency of the classification results.

3.3 Experimental Results and Discussion
Fig. 7 presents the convergence behavior of several Transformer-based models, including the proposed

FEAM-Swin, by tracking accuracy and loss trends throughout training. Evaluations were conducted on four
benchmark datasets SA, PU, IP, and KSC, where each model was trained for 100 epochs with an 2 × 2 patch
size. The data was partitioned such that 30% of the total labeled samples were allocated to the training and
validation pool (with an internal 90/10 training-validation split), while the remaining 70% served exclusively
as the test set. To ensure a rigorous assessment of generalizability, careful partitioning was applied to prevent
any overlap between the training, validation, and test subsets.

The effectiveness of the proposed FEAM-Swin approach is demonstrated through comprehensive
experiments across multiple hyperspectral datasets, with performance measured using OA, AA, and κ. A
comparison of these metrics reveals a clear progression in classification capability across different method
generations. Conventional approaches such as SVM-RBF and CCF-200 show notably lower performance,
while early CNN-based models, despite advancing beyond classical techniques, still struggle with the
complex spectral-spatial characteristics of hyperspectral data. More recent Transformer-based architectures,
including DiMA, WaveFormer, PMCN, PyFormer, and SwinT, achieve considerably stronger results, with
OA typically ranging from the low 90s on the more heterogeneous IP and KSC datasets up to 99%+ on SA
and PU. Among all evaluated methods, FEAM-Swin consistently attains the highest OA and AA across all
four datasets (OA: 98.17%–99.97%; AA: 97.57%–99.95%), with near-perfect scores on SA, PU, and KSC and
slightly lower but still leading performance on the more heterogeneous IP dataset, reflecting its capacity to
extract and leverage fine-grained spectral information.

Taking the SA dataset as an example, traditional methods such as SVM-RBF and CCF-200 produce
relatively modest OA scores of 88.82% and 89.72%, respectively, with AA values falling between 94.67%
and 95.43% and κ that remain under 88.6%. Transformer-based architectures mark a significant leap in
performance, with WaveFormer recording an OA of (OA = 99.40%, AA = 99.29%, κ = 99.33%), followed
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by PMCN (OA = 99.61%, AA = 99.59%, κ = 99.57%), PyFormer (OA = 99.75%, AA = 99.71%, κ = 99.72%),
SwinT (OA = 99.88%, AA = 99.80%, κ = 99.87%), MorpMamba (OA = 95.01%, AA = 97.21%, κ = 94.44%),
and DiMA (OA = 99.72%, AA = 99.72%, κ = 99.69%) for OA, AA, and κ, respectively. FEAM-Swin surpasses
all of these, achieving an OA of 99.97%, AA of 99.95%, and κ of 99.96%, as shown in Table 7. This steady
upward trend in performance underscores the value of the dynamic mechanisms embedded in FEAM-Swin,
which equip it with the ability to distinguish between subtle class boundaries with exceptional accuracy, as
further confirmed by the classification maps in Fig. 8.

Figure 7: Training loss (top row) and classification accuracy (bottom row) curves of the proposed FEAM-Swin and five
state-of-the-art Transformer-based methods on the SA, IP, PU, and KSC datasets. FEAM-Swin consistently achieves
faster convergence and higher final accuracy across all datasets.
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Figure 8: Classification maps generated by different methods on the SA dataset are displayed sequentially. (From
Left to Right) (a) groundtruth, (b) SVM-RBF, (c) CCF-200, (d) 2-D CNN [37], (e) GCNN [33], (f) FADCNN [40],
(g) NL-GCNN [32], (h) ViT [54], (i) WaveFormer [60], (j) PMCN [59], (k) PyFormer [55], (l) SwinT [56],
(m) MorpMamba [82], (n) DiMA [83], and (o) (Proposed Approach) FEAM-Swin.

As illustrated in Table 8, the IP dataset presents a particularly demanding classification scenario due to
the wide variety and complexity of its land cover categories, and it is here that FEAM-Swin’s strengths become
most apparent. Traditional methods struggle considerably, with SVM-RBF and CCF-200 achieving OAs of
only 74.24% and 82.87%, respectively, while early CNN-based models reach approximately 90.25% OA. More
sophisticated CNN architectures such as FADCNN push this figure up to 97.80%, and other Transformer-
based approaches yield further gains. Nevertheless, FEAM-Swin outperforms all competing methods by
attaining an OA of 98.17%, an AA of 97.57%, and a κ of 97.91%. These findings demonstrate that FEAM-
Swin’s architectural design allows it to maintain strong generalization even when confronted with highly
heterogeneous and spectrally complex data distributions, as visualized in the classification maps of Fig. 9.
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Figure 9: Classification maps generated by different methods on the IP dataset are displayed sequentially. (From Left
to Right and from top to bottom) (a) ground-truth, (b) SVM-RBF, (c) CCF-200, (d) 2-D CNN [37], (e) GCNN [33],
(f) FADCNN [40], (g) NL-GCNN [32], (h) ViT [54], (i) WaveFormer [60], (j) PMCN [59], (k) PyFormer [55],
(l) SwinT [56], (m) MorpMamba [82], (n) DiMA [83], and (o) (Proposed Approach) FEAM-Swin.

A comparable performance trend emerges on the PU dataset, as shown in Table 9. Conventional
methods such as SVM-RBF and CCF-200 yield OAs of 78.89% and 83.36%, respectively, while the weakest
CNN baseline (2D CNN) reaches only 86.93% OA. Transformer-based models such as DiMA 99.11%,
WaveFormer 98.90%, PMCN 99.04%, and PyFormer 99.06% push classification performance into the
upper 98%–99% range, with SwinT reaching 99.41% OA; MorpMamba trails this group at 94.03% OA.
FEAM-Swin builds on these gains and achieves an OA of 99.87%, an AA of 99.87%, and a κ of 99.83%,
surpassing all competing approaches. The fact that such high scores are maintained even across particularly
challenging classes confirms FEAM-Swin’s capacity to effectively handle complex spectral variations and
class distribution imbalances, as shown in the classification maps of Fig. 10.
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Figure 10: Classification maps generated by different methods on the PU dataset are displayed sequentially. (From
Left to Right) (a) ground truth, (b) SVM-RBF, (c) CCF-200, (d) 2-D CNN [37], (e) GCNN [33], (f) FADCNN [40],
(g) NL-GCNN [32], (h) ViT [54], (i) WaveFormer [60], (j) PMCN [59], (k) PyFormer [55], (l) SwinT [56],
(m) MorpMamba [82], (n) DiMA [83], and (o) (Proposed Approach) FEAM-Swin.

The KSC dataset poses one of the greatest classification challenges due to the high degree of spectral
similarity between its land cover classes, yet FEAM-Swin continues to deliver superior results. Traditional
methods such as SVM-RBF and CCF-200 produce OAs of only 78.53% and 83.81%, respectively, and CNN-
based models similarly fall short, failing to surpass the 90% OA threshold. Transformer-based architectures
bring notable improvements, with methods like WaveFormer, PyFormer exceeding 96% OA. Despite these
advances, FEAM-Swin outperforms them all, recording an OA of 98.41%, an AA of 98.28%, and a K of
98.22%, as illustrated in Table 10. These outcomes highlight FEAM-Swin’s strong discriminative capability,
demonstrating its ability to accurately separate classes even when their spectral signatures are closely
resembling one another, as exhibited in the classification maps of Fig. 11.

Across all four benchmark datasets SA, IP, PU, and KSC, comparative analysis reveals a clear hierarchy
in classification performance. While conventional and early CNN-based approaches establish a reasonable
performance baseline, contemporary Transformer-based architectures achieve substantially higher classi-
fication accuracy. Within this landscape, the proposed FEAM-Swin consistently achieves the highest OA,
AA, and κ scores across every evaluated dataset, demonstrating its superior classification capability relative
to all competing approaches. The superior performance of FEAM-Swin can be attributed to the synergistic
interaction of two complementary mechanisms: (1) the FEAM module, which performs frequency-aware
channel recalibration of input feature maps prior to attention computation, and (2) the Dynamic Context
Scaling (DCS) mechanism, which enriches the window-based self-attention by scaling attention weights with
global contextual information derived from the attention matrix itself. Together, these mechanisms enable
FEAM-Swin to capture both local high-frequency spectral variations and global contextual dependencies
with minimal computational overhead.
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Figure 11: Classification maps generated by different methods on the KSC dataset are displayed sequentially. (From
Left to Right) (a) ground truth, (b) SVM-RBF, (c) CCF-200, (d) 2-D CNN [37], (e) GCNN [33], (f) FADCNN [40],
(g) NL-GCNN [32], (h) ViT [54], (i) WaveFormer [60], (j) PMCN [59], (k) PyFormer [55], (l) SwinT [56],
(m) MorpMamba [82], (n) DiMA [83], and (o) (Proposed Approach) FEAM-Swin.

3.4 Ablation Analysis
3.4.1 Analysis of Number of Attention

Fig. 12 presents the validation accuracy of the proposed FEAM-Swin model across four hyperspectral
benchmark datasets KSC, PU, IP, and SA under different attention head configurations (2, 4, and 8 heads).
The resulting performance trends show meaningful insights into how well the model captures spectral
dependencies and adapts to the varying levels of complexity inherent in each dataset.

On the KSC dataset, validation accuracy demonstrates a consistent upward trajectory over 100 training
epochs, starting from approximately 0.2 and progressively approaching 1.0. All three attention head con-
figurations (2, 4, and 8) exhibit considerable fluctuation during the early and mid-training stages, with the
4-head configuration experiencing a notable accuracy drop around epoch 55. Toward the later epochs, the
2-head and 4-head configurations converge slightly closer to 1.0, while the 8-head configuration stabilizes
at a marginally lower plateau, suggesting that moderate attention head counts may offer a better balance
between representational capacity and training stability on this dataset.

The validation accuracy results for the PU dataset further reinforce the robustness of the FEAM-Swin
model. As depicted in Fig. 12, accuracy values remain consistently high throughout training, spanning a
range between 0.825 and 1.0 across all 100 epochs. The stability observed across all three attention head
configurations (2, 4, and 8) reflects the model’s strong capacity for generalisation on this dataset. While all
configurations converge to near-perfect accuracy, the 8-head setup achieves a slight edge over the 2 and
4-head variants, converging more smoothly and maintaining a marginally higher validation accuracy in
the early epochs. This advantage indicates that a greater number of attention heads enables more effective
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learning of spectral correlations, allowing the model to capture richer feature representations within the
PU dataset.

Figure 12: Illustrates the effect of varying the number of attention heads within the proposed FEAM-Swin architecture.

For the IP dataset, validation accuracy begins at approximately 0.4 in the earliest epochs and steadily
climbs toward 1.0 over the course of 100 training epochs, reflecting a more demanding learning process
relative to other datasets. In the initial stages of training, the 2-head and 4-head configurations converge
slightly faster than the 8-head variant, though all three configurations ultimately reach comparable near-
perfect accuracy by the later epochs. The moderate fluctuations observed during mid-training are indicative
of the greater spectral complexity inherent in the IP dataset. Nevertheless, FEAM-Swin demonstrates strong
adaptability across all attention head settings, consistently progressing toward high validation accuracy and
confirming its effectiveness in extracting discriminative spectral features for HSI classification.

On the SA dataset, all three attention head configurations exhibit remarkably rapid convergence, with
validation accuracy rising sharply from approximately 0.86–0.94 in the earliest epochs to near-perfect scores
of 1.0 within the first 10 epochs. The 8-head configuration demonstrates the most stable training trajectory,
maintaining a consistent accuracy of 1.0 throughout the entire training process without any notable fluctu-
ations. In contrast, both the 2-head and 4-head configurations experience sudden accuracy drops around
epoch 55, with the 4-head variant suffering a particularly severe decline, falling to approximately 0.85 before
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recovering back to 1.0 in subsequent epochs. Despite these transient instabilities, all configurations ultimately
converge to near-perfect validation accuracy by the end of training. The superior stability of the 8-head
configuration on the SA dataset further underscores the benefit of increased attention capacity in capturing
the relatively well-separated spectral features characteristic of this dataset.

A closer examination of the validation accuracy curves across all four datasets indicates subtle trends
that go beyond a simple relationship between attention head count and performance. On the SA dataset,
the 8-head configuration demonstrates the most stable convergence, maintaining near-perfect accuracy
throughout training, while the 2-head and 4-head variants experience transient but sharp drops around
epoch 55 before recovering. On the IP dataset, the 2-head and 4-head configurations initially converge
faster than the 8-head variant, though all three ultimately reach comparable accuracy levels by the final
epochs. On the PU dataset, all three configurations converge smoothly to near-perfect accuracy with minimal
fluctuation, with the 8-head configuration showing a marginal edge in early-epoch stability. For the KSC
dataset, all configurations exhibit considerable fluctuation during mid-training, with the 4-head variant
suffering a notable dip around epoch 55, and the 2-head and 4-head setups ultimately converging marginally
closer to 1.0 than the 8-head configuration.

The varying accuracy trajectories across four datasets reflect their differing levels of spectral complexity.
The KSC and IP datasets exhibit wider accuracy ranges and greater mid-training instability, indicating that
they demand more extensive learning to achieve high performance. The SA and PU datasets, in contrast,
reach near-perfect accuracy more rapidly and finish training with the highest overall accuracy; PU exhibit
minimal fluctuation throughout, while SA shows fast initial convergence but a transient, sharp instability
around epoch 55 for the 2- and 4-head configurations before recovering to near-perfect accuracy.

The validation accuracy results across all four datasets affirm the adaptability and robustness of the
proposed FEAM-Swin model for HSI classification. Rather than uniformly favouring the highest attention
head count, the results suggest that optimal configuration may vary depending on dataset characteristics,
with the model consistently demonstrating strong convergence and high final accuracy regardless of the
attention head setting employed.

3.4.2 Analysis of Patch Size Variations
In HSI classification, patch size selection is a critical design choice that directly influences how well a

model captures spatial and spectral information. As illustrated in Fig. 13, FEAM-Swin was evaluated under
five different patch size settings (2 × 2, 4 × 4, 6 × 6, 10 × 10, and 12 × 12) across all four benchmark datasets,
revealing distinct sensitivity patterns for each.

The SA dataset shows low sensitivity to patch size variation, with classification accuracy remaining
near-perfect across all configurations (99.97%, 99.98%, 99.93%, 99.80%, 99.87% at patch sizes 2, 4, 6, 10, and
12, respectively). Accuracy peaks at a patch size of 4 (99.98%) and dips slightly at patch size 10 (99.80%),
confirming that FEAM-Swin reliably extracts discriminative spectral features from this dataset across a wide
range of spatial context sizes.

On the IP dataset, a more variable trend is observed. Performance peaks at a patch size of 2, 98.83%,
declines gradually through patch sizes 4, 98.17% and 6, 98.10%, dips further at patch size 10, 97.95%, and
partially recovers at patch size 12, 98.68%. This non-monotonic pattern suggests that intermediate patch sizes
may inadvertently introduce spatial noise or dilute spectrally relevant features for this dataset.

The PU dataset shows moderate sensitivity to patch size, with accuracy ranging from 99.00% to 99.87%
across the five configurations tested (99.87%, 99.68%, 99.00%, 99.37%, and 99.05% at patch sizes 2, 4, 6, 10,
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and 12, respectively). The peak accuracy of 99.87% is attained at the smallest patch size of 2, while the lowest
value of 99.00% occurs at a patch size of 6, after which accuracy partially recovers at larger patch sizes.

Figure 13: Impact of different patch sizes (2 × 2, 4 × 4, 6 × 6, 10 × 10, and 12 × 12) on the classification performance of
the proposed FEAM-Swin model.

The KSC dataset presents the most pronounced sensitivity to patch size, as clearly visible in the sharp
downward trajectory of the green curve in Fig. 13. While a patch size of 2 yields the highest accuracy of
98.16%, performance deteriorates substantially as patch size grows, dropping to 95.11% at patch size 4, 89.46%
at patch size 6, and reaching its lowest values of 79.35% and 79.40% at patch sizes 10 and 12, respectively. This
steep decline highlights the importance of preserving fine-grained spatial detail for the KSC dataset, where
larger patch sizes appear to obscure the subtle spatial structures that are critical for accurate classification.

These findings underscore the necessity of dataset-specific patch size tuning when deploying FEAM-
Swin. Datasets with complex spatial structures, such as KSC, benefit significantly from smaller patch sizes,
while datasets with more uniform spectral characteristics, such as SA and PU, remain robust across a broader
range of configurations.

3.4.3 Effect of Training Sample Ratio
To evaluate the robustness of the proposed FEAM-Swin framework under different levels of labeled

training data, an ablation study was conducted by varying the proportion of training samples from 1%, 2%,
10%, 20%, and 30% while keeping all other experimental settings unchanged. The obtained overall accuracies
(OA) on the four benchmark hyperspectral datasets are summarized in Table 11.

The results demonstrate that the proposed model consistently achieves improved classification perfor-
mance as the number of labeled training samples increases. Specifically, on the SA dataset, the proposed
method already achieves an OA of 98.14% using only 1% of the training samples, which further improves
to 99.97% with 30% of the training data. This indicates that the proposed feature extraction strategy
can effectively capture highly discriminative spectral-spatial representations even under extremely limited
supervision.
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Table 11: OA (%) under different training sample ratios on four HSI datasets.

Dataset 1% 2% 10% 20% 30%
SA 98.14 99.21 99.88 99.95 99.97
IP 69.11 75.01 90.37 94.94 98.17
PU 90.76 93.43 97.90 99.02 99.87

KSC 59.55 69.63 84.82 91.05 98.41

A similar trend is observed on the more challenging IP dataset. Due to the higher spectral similarity
among land-cover classes and the relatively limited number of samples, the OA starts from 69.11% at
1% training data and progressively increases to 98.17% when 30% of the labeled samples are used. The
substantial improvement of nearly 29 percentage points demonstrates the excellent scalability of the proposed
architecture with increasing training information.

For the PU dataset, the proposed model achieves 90.76% OA using only 1% of the training samples
and rapidly reaches 99.87% with 30% training data. The relatively small performance gap compared
with the other datasets indicates that the urban scene provides sufficiently discriminative spectral-spatial
information, allowing the proposed FEAM-Swin architecture to learn effective representations even with
very limited annotations.

The KSC dataset is the most challenging among the four datasets because of its high spectral complexity
and limited labeled samples. Nevertheless, the proposed method steadily improves from 59.55% OA at 1%
training data to 98.41% OA at 30%, representing the largest relative improvement among all datasets. This
observation confirms that the proposed frequency-enhanced attention mechanism effectively exploits both
local and global spectral dependencies as additional labeled samples become available.

The experimental results indicate that the proposed FEAM-Swin model exhibits excellent robustness
across different training sample ratios. Even with extremely limited labeled data, the framework maintains
competitive classification accuracy, while additional training samples consistently lead to further perfor-
mance improvements. These findings demonstrate the strong generalization capability and data efficiency of
the proposed architecture, making it suitable for practical HSI classification scenarios where labeled samples
are often scarce.

3.4.4 Component-Wise Ablation Analysis
To systematically quantify the contribution of each architectural component of FEAM-Swin, we con-

ducted a comprehensive ablation study by progressively adding components to a baseline Swin Transformer.
Eight configurations were evaluated on all four benchmark datasets as summarized in Table 12.

The configurations were defined as follows. C1 represents the baseline Swin Transformer without FEAM.
C2 and C3 extend C1 with only the spatial height gradient (Ex ) and spatial width gradient (Ey), respectively,
whereas C4 incorporates only the spectral gradient (Ez). C5 combines the two spatial gradients (Ex + Ey)
without the spectral component. C6 employs the full gradient descriptor (Ex + Ey + Ez) but excludes the
gating network, while C7 incorporates the complete FEAM module, including all three gradient components
and the gating network. Finally, C8 represents the complete FEAM-Swin architecture, which augments C7
with Dynamic Context Scaling.
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Table 12: Ablation study of different FEAM and DCS configurations on four HSI datasets.

Configuration Components SA OA (%) IP OA (%) PU OA (%) KSC OA (%)
C1 Baseline Swin 98.30 94.61 97.40 93.12
C2 +Ex only 98.79 95.43 97.52 94.38
C3 +Ey only 98.91 95.67 98.55 94.52
C4 +Ez only 98.95 96.12 98.61 95.23
C5 +Ex + Ey 98.97 96.84 98.68 95.87
C6 +Full E, no gate 99.54 97.23 99.35 96.45
C7 +Full FEAM 99.96 97.89 99.81 97.83
C8 +DCS (Full model) 99.97 98.17 99.87 98.41

The results reveal several important insights. First, comparing C1 and C8 directly establishes that the
proposed FEAM module provides consistent and substantial performance improvements across all four
datasets, confirming that frequency-aware channel recalibration is the primary driver of FEAM-Swin’s
superior performance. Second, comparing C2, C3, and C4 individually demonstrates that all three gradient
directions contribute positively, with the spectral gradient (Ez) providing the most distinctive improvement
on spectrally complex datasets such as KSC and IP. Third, comparing C5 and C6 with C7 confirms that
both the spectral gradient component and the learnable gating network are essential for achieving optimal
performance, as removing either degrades results across all datasets. Finally, comparing C7 and C8 quantifies
the additional contribution of the Dynamic Context Scaling mechanism, which provides further consistent
improvements by enriching the attention modulation with global contextual scaling.

3.4.5 Inference Efficiency Analysis
In addition to classification accuracy, practical deployment requires models with high inference

efficiency and low computational overhead. Therefore, we compare the proposed FEAM-Swin with several
representative HSI classification methods in terms of the number of parameters, floating-point operations
(FLOPs), inference latency, GPU memory consumption, and throughput. As shown in Table 13, FEAM-Swin
achieves the highest inference efficiency while maintaining superior classification performance. Specifically,
it requires only 0.156M parameters and 0.012G FLOPs, which are substantially lower than those of existing
transformer-based methods. Furthermore, FEAM-Swin attains an inference time of 0.28 ms, consumes only
340 MB of GPU memory, and achieves a throughput of 228,571 samples/s, demonstrating its suitability
for real-time and resource-constrained HSI classification applications. These results indicate that the pro-
posed feature enhancement strategy introduces only a negligible computational overhead while providing
significant improvements in classification accuracy. Moreover, the excellent trade-off between predictive
performance and computational efficiency makes FEAM-Swin highly suitable for deployment in practical
remote sensing systems, including edge devices and real-time hyperspectral image analysis platforms.
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Table 13: Comparison of inference efficiency of different HSI classification methods. Bold values indicate the best (most
efficient) result achieved for each metric among all compared methods.

Method Params (M) FLOPs (G) Inference (ms) GPU Mem (MB) Throughput (Samples/s)
ViT 86.000 17.600 12.50 3120 5120

WaveFormer 12.400 3.800 3.40 1,440 18,823
PMCN 5.800 2.100 2.10 980 30,476

PyFormer 8.300 3.200 2.90 1210 22,068
SwinT 28.000 4.500 4.80 1850 13,333

MorpMamba 0.168 0.113 0.38 556 168,421
DiMA 0.163 0.110 0.41 647 156,098

FEAM-Swin 0.156 0.012 0.28 340 228,571

3.4.6 Computational Complexity Analysis
Training efficiency is a key practical consideration when assessing the viability of deep learning

architectures for real-world deployment. To evaluate the computational cost of the proposed FEAM-Swin, its
training time was benchmarked against competitive Transformer-based methods DiMA, SwinT, PyFormer,
PMCN, WaveFormer, ViT and MorpMamba across the SA, IP, PU, and KSC datasets. All models were trained
on identical hardware, with method-specific optimization settings, to ensure a fair comparison. As depicted
in Fig. 14, FEAM-Swin achieves the shortest training time across every dataset by a considerable margin.

Figure 14: Computation complexity: total time taken (minutes) for training of the proposed FEAM-Swin model against
the comparative methods.

On the SA dataset, FEAM-Swin completes training in just 6.01 min, compared to 8.75 min for DiMA,
8.60 min for MorpMamba, 38.50 min for SwinT, 65.10 min for PyFormer, 86.35 min for PMCN, 75.25 min for
WaveFormer, and 70.10 min for ViT. The efficiency advantage is even more striking on the IP dataset, where
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FEAM-Swin requires only 1.57 min, while competing methods range from 2.03 min (DiMA) to 36.40 min
(PMCN). On the PU dataset, FEAM-Swin’s training time of 4.79 min stands in sharp contrast to DiMA
(7.26 min), MorpMamba (7.05 min), PyFormer (59.25 min) and PMCN (75.40 min), representing reductions
ranging from roughly 32%–34% (MorpMamba, DiMA) to over 90% (PyFormer, PMCN). The KSC dataset
further reinforces this pattern, with FEAM-Swin completing training in just 0.85 min nearly nine times faster
than SwinT (7.20 min) and more than forty times faster than ViT (35.50 min).

These results collectively demonstrate that FEAM-Swin delivers not only superior classification per-
formance but also exceptional computational efficiency. The dramatic reductions in training time across
all datasets can be attributed to the model’s streamlined attention mechanisms and dynamic spectral
feature aggregation strategy, which minimize computational overhead without sacrificing representational
capacity. These characteristics make FEAM-Swin a highly practical and scalable solution for large-scale HSI
classification applications.

4 Conclusion and Future Work
In this paper, we presented FEAM-Swin, a lightweight frequency-aware Swin Transformer frame-

work designed for efficient and accurate HSI classification. The proposed architecture introduces a novel
Frequency-Enhanced Attention Modulator (FEAM) that captures local spectral–spatial frequency varia-
tions through gradient-based energy estimation, enabling adaptive channel recalibration without relying
on computationally expensive explicit frequency transforms such as Fourier or wavelet decompositions.
By seamlessly embedding FEAM within hierarchical Swin Transformer blocks, the proposed model
enhances discriminative feature learning while preserving the computational efficiency of window-based
self-attention. Extensive experiments conducted on four widely adopted benchmark hyperspectral datasets
SA, IP, PU, and KSC validate the effectiveness and generalizability of the proposed framework. FEAM-
Swin consistently outperforms competing CNN and state-of-the-art Transformer-based approaches across
all four benchmark datasets. Furthermore, the computational complexity analysis demonstrates that FEAM-
Swin achieves the lowest training times across all evaluated datasets by a substantial margin, confirming its
practical viability for real-world deployment under resource-constrained conditions.

Despite these promising results, several areas remain open for future investigation. Although the
window-based attention mechanism in FEAM-Swin effectively models local and semi-global dependencies,
it may still impose limitations on global receptive field coverage in highly complex and heterogeneous
scenes. Future work will explore the integration of cross-attention modules and dynamic multi-scale
attention strategies to further broaden contextual modeling capacity. Additionally, extending FEAM-Swin
to semi-supervised and few-shot learning settings represents a compelling direction, as the scarcity of
labeled training samples remains a persistent challenge in remote sensing. Incorporating temporal–spectral
modeling to support time-series hyperspectral analysis is another promising area, enabling the framework
to handle dynamic land-cover changes over time. We will also extend the evaluation of FEAM-Swin to
include: (1) cross-dataset transfer learning experiments evaluating the transferability of frequency-aware
features learned on one dataset to unseen target datasets; (2) robustness analysis under realistic degradation
conditions including missing spectral bands, atmospheric noise, and spectral distortions; and (3) evaluation
on additional benchmark datasets beyond the four considered in this study, such as Houston 2013, Houston
2018, and Trento, to comprehensively assess generalizability across diverse geographical regions and sensor
characteristics. These directions aim to further enhance the generalization capability, scalability, and real-
world applicability of the proposed FEAM-Swin framework.
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