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Highlights

What are the main findings?
• A lightweight MLSANet framework is proposed for hyperspectral image classification, re-

ducing model complexity while maintaining strong spectral–spatial feature representation.
• The LPPA and PADA modules are developed to enhance discriminative spectral re-

sponses and capture pixel-wise multi-scale spatial contexts, respectively.

What are the implications of the main findings?
• The lightweight design of MLSANet provides an effective strategy for improving the

accuracy–efficiency trade-off in hyperspectral image classification.
• The results provide a useful reference for designing efficient hyperspectral classification

models by coordinating redundancy reduction, attention-based feature enhancement,
and structure-aware representation.

Abstract

Hyperspectral remote sensing technology provides a unique data foundation for accurate
land-cover identification by acquiring continuous spectral information of land cover. To
address the issues of large parameter count, high computational complexity, and insuffi-
cient utilization of spectral–spatial features in existing hyperspectral image classification
methods, a Multi-Scale Lightweight Spectral Attention Network (MLSANet) is proposed.
The proposed network consists of three components: a lightweight feature extraction layer,
an efficient attention enhancement layer, and a structure-aware representation layer. The
lightweight feature extraction layer reduces computational overhead through principal
component analysis (PCA) for dimensionality reduction, spatial downsampling, depth-
wise separable convolution, and low-rank factorized convolution. The efficient attention
enhancement layer comprises two novel modules: the Lightweight Pruning Parameterized
Attention (LPPA) module and the Pixel-wise Adaptive Dilated Attention (PADA) module.
The LPPA module prunes features based on an energy function and introduces a learnable
scaling factor to adaptively enhance salient features. The PADA module utilizes pixel-
wise attention and multi-scale dilated convolution to finely fuse spectral–spatial features.
Furthermore, the structure-aware representation layer integrates a graph convolutional
network with a lightweight multi-layer perceptron to model global structural relationships,
thereby further improving feature discriminability. Experimental results on three public
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datasets, including Indian Pines, Pavia Centre, and Salinas, demonstrate that the proposed
MLSANet model achieves competitive classification accuracy compared with recent repre-
sentative methods, attaining overall accuracies of 99.01%, 98.66%, and 95.88%, respectively,
while simultaneously exhibiting lower parameter counts and computational costs. This
confirms the favorable trade-off between accuracy and efficiency achieved by our model.

Keywords: hyperspectral; image classification; lightweight; attention mechanism;
spectral–spatial features

1. Introduction
Hyperspectral remote sensing technology enables the acquisition of continuous spec-

tral information of land cover across dozens to hundreds of narrow bands ranging from
the visible to shortwave infrared wavelengths, using imaging spectrometers mounted on
satellites or airborne platforms [1]. Compared with traditional multispectral remote sensing,
hyperspectral remote sensing achieves the integration of spectral and spatial information,
which means that each pixel contains not only the spatial location of the land cover but
also a continuous spectral curve that allows fine characterization of the spectral reflectance
properties of land covers [2]. Hyperspectral data exhibit three main characteristics: first,
high spectral resolution down to the nanometer scale, enabling the detection of subtle
spectral features of land covers; second, a large number of continuous bands form a three-
dimensional data cube; and third, a large data volume with high inter-band correlation,
resulting in substantial redundant information [3]. Based on these unique advantages,
hyperspectral technology has been widely applied in fields such as precision agriculture,
environmental monitoring, mineral exploration, and defense security [4–6].

Hyperspectral image classification, as a core task in the interpretation of hyperspectral
remote sensing data, aims to assign an accurate land cover label to each pixel, and it serves
as a key step in converting massive spectral data into usable information [7]. The research
significance of this task can be understood from the following three perspectives. In
agriculture, high-precision classification enables fine identification of crop types and early
detection of pests and diseases, providing decision support for precision agriculture [8]. In
the environmental domain, real-time monitoring and classification of water bodies, soil, and
other environmental elements facilitates the timely detection of pollution sources and the
assessment of ecological risks [9]. In defense, hyperspectral classification technology can
effectively identify camouflaged targets and military facilities, thereby enhancing battlefield
situational awareness [10]. However, the high dimensionality of hyperspectral data, the
high correlation between bands, and the scarcity of labeled samples pose substantial
challenges to classification tasks, making the design of efficient and accurate hyperspectral
image classification methods a current research hotspot and difficulty [11].

In recent years, deep learning techniques have substantially advanced the develop-
ment of hyperspectral image classification [12]. Convolutional neural networks (CNNs),
owing to their advantages in local feature extraction and weight sharing, are capable of
effectively capturing the local spatial structures and spectral correlations in hyperspectral
images and thus have been widely adopted for joint spectral–spatial feature modeling [13].
Researchers have subsequently proposed various CNN-based hyperspectral classification
models, such as one-dimensional CNNs for extracting spectral sequence features [14],
two-dimensional CNNs for extracting spatial features [15], and three-dimensional CNNs
for simultaneously extracting both spectral and spatial features [16]. Building upon these
efforts, the HybridSN model was proposed to combine 3D and 2D convolutions, first
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employing 3D convolutions to extract joint spectral–spatial features and then using 2D
convolutions for deep spatial modeling, thereby further improving feature fusion capability
while maintaining computational efficiency [17]. However, the receptive field of CNNs
is limited by the kernel size, making it difficult to capture global contextual information;
moreover, as network depth increases, computational complexity rises significantly, and
overfitting becomes more likely [18]. To address this issue, researchers have introduced re-
current neural networks (RNNs), leveraging their sequence modeling capability to capture
the continuity of the spectral dimension, for example, by using long short-term memory
(LSTM) networks or gated recurrent units (GRUs) to model long-range dependencies in
spectral curves [19]. Nevertheless, RNNs are difficult to train, the problems of vanishing
and exploding gradients persist, and their computational efficiency remains low.

Since its introduction by Vaswani et al. in 2017, the Transformer architecture has
achieved breakthroughs in natural language processing and computer vision [20]. Its core
self-attention mechanism is capable of effectively modeling long-range dependencies in
sequences, overcoming the limitation of the local receptive field inherent to CNNs. Com-
pared with RNNs, Transformers significantly improve training efficiency through parallel
computation while avoiding the vanishing gradient problem. In addition, the multi-head at-
tention mechanism enables the model to learn richer contextual information from different
feature subspaces. These advantages make the Transformer naturally suitable for handling
spectral sequences and spatial relationships in hyperspectral data, offering a new paradigm
for hyperspectral image classification [21]. Among the proposed approaches, the Spectral–
Spatial Feature Tokenization Transformer (SSFTT) proposed by Sun et al. is a representative
hybrid architecture model [22]. This model first employs 3D and 2D convolutions to extract
shallow spectral–spatial features, transforming the three-dimensional hyperspectral data
into two-dimensional feature maps; then, it converts the feature maps into sequences of
semantic tokens through feature tokenization; finally, it uses a Transformer encoder to
perform high-level semantic modeling on the token sequences, learning global contextual
dependencies. By organically combining CNNs and Transformers, SSFTT effectively in-
tegrates the strengths of local feature extraction and global context modeling, achieving
excellent performance in hyperspectral image classification. However, this model still
suffers from the following limitations: first, its relatively large parameter count and high
computational complexity restrict its deployment and application in resource-constrained
scenarios; second, the utilization of spectral information remains insufficient, failing to
fully utilize the strong correlations between bands and the subtle variations in spectral
curves, thereby limiting the model’s feature representation capability.

With the rapid development of state space models (SSMs), Mamba, as a representative
SSM architecture, has increasingly been introduced into hyperspectral image classifica-
tion. Unlike Transformers, which rely on self-attention mechanisms for global modeling,
Mamba enables efficient learning of long-range dependencies through selective state space
modeling while maintaining relatively low computational complexity [23]. To accommo-
date the spectral–spatial characteristics of hyperspectral data, a variety of Mamba-based
hyperspectral classification methods have been developed. For instance, SS-Mamba was
among the first to explore the application of state space models to spectral–spatial fea-
ture modeling in hyperspectral images, where spectral and spatial sequences were con-
structed to capture long-range dependencies [24]. Subsequently, S2Mamba [25] further
integrated dual-branch spatial–spectral state space modeling with a feature fusion mech-
anism, thereby enhancing the model’s capability to represent complex spectral–spatial
information. Hierarchical Spatial–Spectral Mamba adopts hierarchical spectral–spatial
modeling to improve the adaptability of Mamba to hyperspectral classification tasks [26].
In addition, WD-SSMamba incorporated a wavelet decomposition strategy to strengthen
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the integration of frequency-domain information and state space modeling, leading to
improved classification performance [27]. Nevertheless, these methods generally rely on
relatively complex sequence modeling architectures and may still incur additional com-
putational overhead while achieving strong representation capabilities. In recent years,
foundation models such as SpectralGPT have also opened up new directions for hyperspec-
tral representation learning [28]. However, they typically require large-scale pretraining
datasets and substantial computational resources, which limits their practical applicability
in resource-constrained scenarios.

To address the aforementioned issues, we propose a Multi-Scale Lightweight Spectral
Attention Network (MLSANet), inspired by the spectral–spatial feature modeling strategy
of SSFTT. The proposed network comprises three main components:a lightweight feature
extraction layer, an efficient attention enhancement layer, and a structure-aware represen-
tation layer. The lightweight feature extraction layer is specifically designed to overcome
the challenges inherent in initial spectral–spatial feature extraction for hyperspectral image
classification, including high computational overhead, excessive local redundant responses,
and the susceptibility of discriminative features to background noise interference. This
layer first applies principal component analysis (PCA) to the original hyperspectral data
for spectral dimensionality reduction, which preserves the dominant spectral information
while reducing the computational cost caused by redundant bands and suppressing noise
interference associated with low-variance components. Subsequently, spatial downsam-
pling is employed to reduce the spatial size of the input features, thereby decreasing the
computational burden of subsequent convolution operations at an early stage. Further-
more, depthwise separable convolution is adopted to achieve lightweight spectral–spatial
feature extraction by decoupling spatial feature extraction from channel-wise feature fusion.
Meanwhile, asymmetric convolution factorization is introduced to decompose a standard
two-dimensional convolution into consecutive one-dimensional directional convolutions,
further reducing redundant computation in spatial convolution. Through these designs, the
lightweight feature extraction layer not only reduces parameter counts and computational
complexity but also yields a more compact basic spectral–spatial feature representation,
while simultaneously attenuating the interference of irrelevant background noise on the
subsequent attention enhancement process. Secondly, the efficient attention enhancement
layer consists of two modules: the Lightweight Pruning Parameterized Attention (LPPA)
and the Pixel-wise Adaptive Dilated Attention (PADA), which are designed to enhance
feature representation from the spectral and spatial dimensions, respectively. Specifically,
LPPA is designed to address the strong inter-band correlation and substantial redundant
spectral responses in hyperspectral images. Its core idea is to estimate the importance
of different spectral responses through channel-wise energy modeling. In particular, an
energy score is constructed according to the deviation of each channel feature from the
mean response, thereby converting channel response discrepancies into measurable im-
portance weights. Based on this mechanism, LPPA further suppresses low-contribution
redundant responses via threshold-based pruning and performs lightweight recalibration
on the retained responses using learnable scaling factors, enabling the model to focus more
on discriminative spectral channels. PADA, in turn, addresses insufficient spatial context
modeling from the spatial perspective by leveraging dilated convolutions to expand the
local receptive field and capture richer neighboring contextual information. Multi-scale
spatial feature extraction is adopted to capture local structural variations at different scales,
while a pixel-wise attention gating mechanism adaptively modulates responses at each
spatial location, enabling the model to focus more on class-discriminative key spatial re-
gions while suppressing the influence of weakly relevant and background areas. Finally,
the structure-aware representation layer further models spatial relationships among the
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enhanced features. Considering that convolution and attention operations still have lim-
ited capability in representing latent structural correlations among feature nodes, a graph
convolutional network (GCN) is introduced to capture spatial dependencies beyond local
neighborhoods. On this basis, a lightweight multilayer perceptron (LMLP) is constructed
to perform compact mapping and category discrimination on the structure-aware features,
thereby improving the discriminability of the final feature representation while maintaining
a controlled parameter scale.

To validate the effectiveness of the proposed method, experiments were conducted on
three public datasets, namely Indian Pines, Pavia Centre, and Salinas. The experimental
results demonstrate that the proposed MLSANet significantly reduces the number of
model parameters and computational complexity while achieving competitive classification
accuracy compared with recent representative methods. This validates its favorable balance
between accuracy and efficiency, offering an effective solution for hyperspectral image
classification in resource-constrained environments.

The main contributions of this paper are as follows:

1. A Multi-Scale Lightweight Spectral Attention Network (MLSANet) is proposed.
Through the synergistic design of a lightweight feature extraction layer, an efficient
attention enhancement layer, and a structure-aware representation layer, the network
significantly reduces computational complexity while improving spectral–spatial
feature discriminability. Experimental results demonstrate that MLSANet enhances
spectral–spatial feature representation while maintaining a low number of model
parameters and computational complexity.

2. A Lightweight Pruning Parameterized Attention (LPPA) module is proposed to sup-
press redundant responses and select discriminative channels along the spectral dimen-
sion. Unlike conventional channel attention mechanisms that mainly rely on global
pooling or channel-weight recalibration, LPPA evaluates the importance of spectral
responses from the perspective of channel-wise energy modeling. Specifically, it con-
verts the deviation of channel features from the mean response into measurable energy
scores. Based on this energy estimation, LPPA further introduces a threshold-based
pruning mechanism to suppress low-contribution spectral responses and employs
lightweight learnable scaling factors to adaptively recalibrate the retained responses.
In this way, LPPA more effectively alleviates the strong inter-band correlation and
response redundancy commonly observed in hyperspectral data.

3. A Pixel-wise Adaptive Dilated Attention (PADA) module is proposed to enhance
spatial contextual representation and perform pixel-level response modulation along
the spatial dimension. PADA enlarges the spatial receptive field through convolutions
with different dilation rates, captures local spatial structures at different scales and
directions using multi-scale directional convolutions, and adaptively modulates the
fused spatial responses through pixel-wise attention gating. This design enhances the
contextual representation capability of critical spatial regions with low computational
overhead, thereby compensating for the insufficient spatial modeling capability caused
by relying solely on local convolutions or channel attention.

2. Related Work
2.1. Lightweight Networks and Multi-Scale Feature Fusion

In hyperspectral image classification, lightweight model design and multi-scale feature
fusion are seen as two key ways to improve efficiency and accuracy. In recent years,
a series of lightweight network architectures have been proposed to handle the high-
dimensional redundancy in hyperspectral data. Depthwise separable convolution is an
effective lightweight technique. It has been widely adopted to reduce model parameters
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and computational cost. For example, in the MobileNet family, computational cost is
reduced by using depthwise separable convolutions. As a result, a good balance between
accuracy and efficiency is achieved in image classification tasks. In the field of hyperspectral
image classification, the HybridSN model proposed by Roy et al. combines 3D and 2D
convolutions to extract multi-scale features, which improves classification accuracy but
still has a relatively large number of parameters [17]. To further reduce model size, the
SSRN proposed by Zhong et al. introduces residual connections and batch normalization,
which alleviates the vanishing gradient problem and reduces the number of parameters [18].
However, the aforementioned methods still have limitations in multi-scale feature modeling,
which makes it difficult to capture both fine details of targets at different scales and global
contextual information.

To address multi-scale feature fusion in hyperspectral image classification, inspiration
has been drawn from feature pyramid networks, and cross-layer feature fusion structures
have been designed for hyperspectral images. FINet was proposed by Hu et al., in which
a feature interaction module is used to enhance the fusion of target-level and pixel-level
features, thus improving multi-scale feature representation. FBRNet was developed by
Fu et al. It adopts an anchor-free design and adds a multi-scale feature enhancement
strategy to make multi-scale recognition more robust. In hyperspectral image classification,
a Progressive Multi-scale Multi-attention Fusion Network (PMMF) was proposed by Tang
et al. This network repeatedly extracts features from different branches using an “extract-
stack-extract-fusion” strategy. It also designs a multi-attention fusion module, which
applies the most suitable attention mechanism based on the feature characteristics of each
branch. As a result, multi-scale features are sufficiently fused, and feature map information
is enriched. CLFR-Det was proposed by Liu et al. It deeply fuses features of different scales
through a cross-layer feature refinement mechanism, which improves the representation
of fine spatial structures. Nevertheless, existing methods still have two problems during
feature fusion: insufficient semantic consistency and high computational cost. Therefore,
more efficient lightweight multi-scale feature fusion strategies are needed.

2.2. Attention Mechanisms and Spectral–Spatial Feature Enhancement

Attention mechanisms dynamically adjust feature weights to emphasize informative
regions while suppressing irrelevant background responses, thereby improving classifi-
cation performance. In hyperspectral image classification, due to the complex spectral
characteristics of land cover and their strong correlations, attention mechanisms are widely
used to improve the discriminability of spectral–spatial features. Traditional channel atten-
tion and spatial attention are important methods for feature enhancement in hyperspectral
image classification. SENet introduces channel attention, which adaptively recalibrates
channel features through global average pooling and fully connected layers, enabling the
model to focus on important spectral channels. CBAM further combines channel and spatial
attention, where attention weights are computed along the two dimensions, respectively,
thereby enhancing both channel selection and spatial region focusing capabilities [29].
To reduce the large parameter count in traditional attention modules, ECA-Net replaces
fully connected layers with one-dimensional convolution, achieving efficient channel at-
tention with almost no increase in parameters [30]. In hyperspectral image classification,
a lightweight RetinaNet was proposed by Miao et al., which simplifies the structure of
attention modules to improve classification performance without increasing computational
cost [31]. A multi-level feature attention mechanism was designed by Yang et al., which
assigns weights to the spectral and spatial dimensions separately, allowing the model to
adaptively focus on important feature channels and spatial regions [32]. A multi-scale
self-distillation network was developed by Liu et al., which combines self-distillation tech-
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niques with lightweight design, guides feature learning through attention mechanisms,
and enhances the recognition capability for complex classes [33]. A shallow feature recon-
struction module was proposed by Bai et al., which employs spatial attention to enhance
semantic information and addresses classification challenges in complex backgrounds [34].

In recent years, the self-attention mechanism of the Transformer architecture has at-
tracted much attention due to its powerful global modeling capability. Unlike traditional
channel or spatial attention, self-attention can model long-range dependencies between
any two elements in a sequence. The original Transformer architecture proposed by
Vaswani et al. uses a multi-head self-attention mechanism, which allows the model to learn
rich contextual information from different feature subspaces [20]. In computer vision, the
Vision Transformer (ViT) proposed by Dosovitskiy et al. processes images by dividing them
into sequences of patches, showing the potential of Transformers for image classification
tasks [35]. Inspired by this, researchers have started to apply Transformers to hyperspec-
tral classification. HSI-BERT was proposed by He et al., which introduces multi-head
self-attention into hyperspectral pixel sequence modeling. It treats the spectral vector
of each pixel as a sequence input, thereby capturing long-range spectral dependencies
effectively [36]. Considering the strong continuity along the spectral dimension, Spectral-
Former was developed by Hong et al. It learns local sequences of adjacent spectral bands,
which enhances the local continuity representation of spectral features while keeping the
structural advantages of Transformers [37]. To deal with the high computational cost of
Transformers, GAHT was proposed by Mei et al. It restricts multi-head self-attention to a
local spectral–spatial context and reduces computational cost through a grouping strategy,
while maintaining good feature representation capability [38]. Furthermore, a spectral–
spatial transformer network was proposed by Yang et al., which models spectral and spatial
information using a Transformer-based framework [39]. A Spectral–Spatial Transformer
Network (SSTN) was proposed by Zhong et al., which combines spectral correlation with
spatial attention modules and replaces traditional convolution operations [40].

Spectral–spatial feature enhancement is important for improving hyperspectral image
classification. Various approaches have been explored to enhance these features from
different perspectives. Hang et al. proposed Attention-Aided CNNs, which enhance the
discriminative spectral channels and spatial location responses through spectral attention
and spatial attention subnetworks, respectively, thereby improving the joint spectral–spatial
feature representation capability [41]. Huang et al. introduced a dual-branch attention-
assisted CNN, which enhances feature representation in hyperspectral image classification
through a spectral–spatial branch combined with an attention mechanism, while also
alleviating the issues of large parameter counts and information redundancy in deep
CNNs [42]. Liang et al. developed HSI-Mixer, which extracts spectral–spatial features
using convolution and further models feature interactions via a Mixer representation [43].
Subsequently, Transformer and attention mechanisms have been further introduced into the
task of spectral–spatial feature enhancement. Li and Ye proposed STNet, which enhances
the fusion of spatial context and fine-grained spectral information through spectral–spatial
attention decoupling and an adaptive gating mechanism [44]. Ahmad et al. presented a
hyperspectral classification method that combines multi-scale Transformer with spatial
attention, enhancing spectral–spatial feature representation through multi-scale feature
extraction and spatial attention [45]. In addition, Mahdavipour et al. proposed TGDHTL,
which integrates Transformer, graph convolutional networks, and diffusion enhancement
mechanisms to improve global relationship modeling and transferability in hyperspectral
classification [46]. Nevertheless, while enhancing spectral–spatial feature representation,
existing methods still face challenges such as spectral redundancy, insufficient spatial
context modeling, or high model complexity.

https://doi.org/10.3390/rs18152451

https://doi.org/10.3390/rs18152451


Remote Sens. 2026, 18, 2451 8 of 32

3. Methodology
To address the issues of large parameter count, high computational complexity, and

insufficient utilization of spectral–spatial features in existing hyperspectral image clas-
sification methods, we propose a Multi-Scale Lightweight Spectral Attention Network
(MLSANet). The overall framework of the proposed network is illustrated in Figure 1. The
model mainly consists of three components. The first is a lightweight feature extraction
layer, in which spatial downsampling is applied to significantly reduce the spatial dimen-
sions of the input features, depthwise separable convolution is used to replace standard
3D convolution, and a low-rank convolution kernel decomposition structure (e.g., the
combination of 1 × 3 and 3 × 1 convolutions) is introduced in the 2D convolution stage,
reducing parameter count and computational overhead while preserving feature extraction
capability. The second component is an efficient attention enhancement layer, which com-
prises the proposed Lightweight Pruning Parameterized Attention (LPPA) module and
the Pixel-wise Adaptive Dilated Attention (PADA) module. The LPPA module suppresses
redundant information through pruning and lightweight parameterization while retaining
global saliency modeling capability, whereas the PADA module employs pixel-wise atten-
tion and dilated convolution to replace conventional large-kernel convolution operations,
achieving efficient fusion of multi-scale spectral and spatial features. The third component
is a structure-aware representation layer, which combines a graph convolutional network
(GCN) and a lightweight multilayer perceptron (LMLP). The GCN models global rela-
tionships in the feature map, and the LMLP further fuses multi-dimensional information,
thereby improving structural modeling capability and discriminability. Finally, the model
produces the final classification output through vectorization and a linear layer.

Figure 1. Overall architecture of MLSANet: (a) lightweight feature extraction layer; (b) efficient
attention enhancement layer; (c) structure-aware representation layer.

3.1. Lightweight Feature Extraction Layer

In hyperspectral image classification, raw data often have very high spectral dimen-
sionality and large spatial extent. If standard 3D convolution is directly used for feature
extraction, it not only causes high computational and storage cost, but also introduces
substantial redundant information. As a result, model efficiency is reduced. To reduce
parameter count and computational cost while keeping feature representation capability,
a lightweight feature extraction layer is proposed in this paper, as shown in Figure 2.
It achieves efficient spectral–spatial feature modeling through spectral dimensionality
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reduction, spatial downsampling, depthwise separable convolution, and low-rank factor-
ization convolution.

Figure 2. Lightweight feature extraction layer structure diagram.

First, PCA is applied along the spectral dimension to mitigate the strong inter-band
correlation in hyperspectral data. This process effectively compresses the number of
input channels while preserving the dominant spectral information, thereby reducing the
computational burden of subsequent convolutional layers and, to some extent, suppressing
the interference of low-variance noise components in feature extraction. Assuming an
input hyperspectral image X ∈ RH×W×B, where B is the number of spectral bands, the
low-dimensional representation is obtained through the PCA projection matrix P ∈ RB×d,
as follows:

X′ = X · P, X′ ∈ RH×W×d, d ≪ B (1)

This process effectively reduces the number of input channels while preserving the
dominant spectral information, thereby lowering the computational complexity and storage
cost of subsequent convolution operations and helping to suppress noise interference. Next,
three-dimensional average pooling (AvgPool3d) is introduced along the spatial dimension,
with the kernel size set to (1, 2, 2) to perform downsampling only in the spatial domain, re-
ducing the input from RH×W to R H

2 ×W
2 . This operation halves the spatial resolution, thereby

reducing the subsequent convolution computation by approximately 75%, significantly
alleviating the computational burden while retaining the main structural information.

After dimensionality reduction and downsampling, the lightweight feature extraction
layer first adopts depthwise convolution (DW) to extract spatial features within each
channel independently. DW convolution performs convolution operations on each channel
independently, with a parameter count of PDW = C · kh · kw which is significantly smaller
than that of standard convolution, Pstd = C · Cout · kh · kw. However, DW convolution
lacks cross-channel interaction; therefore, we introduce pointwise convolution (PW) after
it to achieve cross-channel feature fusion via 1 × 1 convolution, with a parameter count
of PPW = C · Cout. The combination of these two operations forms depthwise separable
convolution (DSC), whose total parameter count is PDSC = C · kh · kw + C · Cout. Compared
with standard convolution, DSC reduces parameters and FLOPs by approximately 70% in
the common 3 × 3 scenario, improving computational efficiency. Finally, to further reduce
the computational redundancy in 2D convolutions, we introduce Low-rank Decomposition
Convolution (LDC) on the basis of Depthwise Separable Convolution (DSC). Inspired
by the concept of convolution factorization [47], this method decomposes a standard 2D
convolutional kernel of size k × k into two sequential 1D kernels of sizes k × 1 and 1 × k,
thereby preserving an approximately equivalent spatial receptive field while reducing
parameter counts and computational complexity. The number of parameters in a standard
two-dimensional convolution can be expressed as
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P2D = Cin · Cout · k2 (2)

where Cin and Cout denote the numbers of input and output channels, respectively, and k
denotes the kernel size. After applying LDC factorization, the number of parameters can
be formulated as

PLDC = Cin · Cm · k + Cm · Cout · k (3)

where Cm represents the number of intermediate channels. As indicated by the above
formulas, LDC decomposes the joint modeling process of two-dimensional spatial convo-
lution into two consecutive one-dimensional directional convolutions, thereby reducing
parameter redundancy in convolution kernels. When k = 3 and the intermediate channel
setting is kept consistent with the input and output channels, the number of parameters can
be reduced by approximately 33.3%. This factorization effectively alleviates convolutional
kernel redundancy while preserving the receptive field, thus improving the lightweight
property of the network.

3.2. Efficient Attention Enhancement Layer

After the lightweight feature extraction layer, the network is already capable of ob-
taining basic spectral and spatial features with low computational overhead. However,
these features may still contain redundant information and lack sufficient discriminability.
To further enhance feature representation capability, we introduce an efficient attention
enhancement layer, as illustrated in Figure 3. This layer consists of two core modules: the
Lightweight Pruning Parameterized Attention (LPPA) module and the Pixel-wise Adaptive
Dilated Attention (PADA) module. These two modules perform attention calibration from
the spectral and spatial dimensions, respectively, to enhance effective spectral responses
and the representation of critical spatial regions.

Figure 3. Structure diagram of the efficient attention enhancement layer.

3.2.1. LPPA Module

From the perspective of spectral feature modeling, hyperspectral images contain a
large number of continuous and highly correlated spectral bands, among which adjacent
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bands often exhibit substantial redundancy. Some low-contribution spectral responses
not only fail to provide effective discriminative information but may also interfere with
subsequent spatial feature modeling. To this end, LPPA is designed to screen and rescale
feature responses along the spectral dimension, enabling the model to focus more on class-
discriminative spectral channels while suppressing the influence of redundant spectral
information. Inspired by the idea of evaluating feature importance via an energy func-
tion in SimAM [48], LPPA constructs channel-wise energy responses and incorporates a
threshold-based pruning mechanism along with a learnable rescaling mechanism, thereby
suppressing redundant spectral responses and enhancing effective spectral features. A com-
parison between SimAM and LPPA is provided in Table S3 of the Supplementary Material.

From the perspective of an energy function, the LPPA module can be viewed as a
variance-based energy modeling mechanism. Specifically, the channel-wise mean of the
input features is first computed, and then the squared difference between each element and
its corresponding channel mean is obtained as follows:

Ei = (xi − µ)2 (4)

This difference can be interpreted as the “energy” at that position, reflecting the
deviation of the pixel from the overall distribution. A larger energy value indicates that the
position carries more significant discriminative information. To ensure scale consistency
across different channels, the module adopts variance as the normalization baseline and
introduces a stability term for adjustment, constructing the normalization denominator
(denom). Subsequently, a stable energy score is obtained by taking the ratio of the energy
to the denominator and adding a constant offset term:

yi =
Ei

denom
+ 0.5 (5)

where 0.5 is an empirical offset term for the normalized energy scores, introduced to
stabilize the attention responses prior to Sigmoid mapping and to prevent excessively
low normalized energy values from leading to over-suppression of features. To further
investigate the impact of different offset values on model performance, this paper con-
ducts a sensitivity analysis of the offset, with the corresponding results presented in
Table S5 of the Supplementary Material. The denominator term denom = 4(σ2 + λ), which
denotes the energy normalization denominator, is composed of the intra-channel variance
and a stability constant, and is used to perform scale normalization on the energy responses.

Then, the energy score is mapped to the (0, 1) interval using the sigmoid function to
obtain the initial attention weights:

ai = σ(yi) (6)

On this basis, the LPPA module further introduces energy threshold-based pruning.
For pixel positions with low energy, their corresponding attention weights are directly set
to zero, retaining only those salient regions with high energy:

âi = ai · 1{ai>τ} (7)

where τ denotes the pruning threshold, which controls the sparsity of attention weights.
According to the threshold sensitivity analysis, the threshold τ is set to 0.7 in this paper.

Finally, the pruned attention weights are combined with a learnable channel scaling
factor γ and multiplied element-wise with the original features to obtain the final enhanced
feature representation:

Y = X ⊙ (γ ⊙ â) (8)
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where γ denotes the learnable scaling factor, initialized to 1 and updated automatically
through backpropagation during model training. It adaptively recalibrates the pruned
attention weights, thereby enhancing the feature modulation capability.

3.2.2. PADA Module

After completing the lightweight attentional modeling based on the energy function,
the LPPA module effectively enhances discriminative features and suppresses redundant
information. However, LPPA primarily performs modeling from the perspectives of
spectral response selection and channel-wise feature rescaling, and thus remains limited
in capturing inter-pixel spatial relationships, local neighborhood structures, and multi-
scale spatial contexts. The land cover categories in hyperspectral imagery depend not
only on spectral response differences but are also closely related to spatial distribution,
edge structures, and neighboring contextual information. To further strengthen the spatial
context modeling capability of the model, this paper designs the Pixel-wise Adaptive
Dilated Attention (PADA) module. This module expands the local receptive field through
dilated convolutions, captures spatial structural information at different scales via multi-
scale spatial convolutions, and adaptively modulates responses at various spatial locations
using a pixel-wise attention gating mechanism, thereby enhancing the representation of
key spatial regions and local contextual information.

The PADA module aims to enhance the spatial context modeling capability of features
through the combination of multi-scale convolution and pixel-wise attention. This module
consists of two paths: the first path directly preserves the input features as the main branch
for final fusion; the second path extracts rich spatial contextual information through dilated
convolution and multi-scale convolution structures. Specifically, a dilated convolution op-
eration is first applied to the input feature x to expand the receptive field while maintaining
low computational cost:

Fd = Convdilation=2
3×3 (x) (9)

On this basis, two multi-scale convolution branches are designed. The first branch
employs a combination of 7 × 1 and 1 × 7 convolutions, while the second branch employs
a combination of 11 × 1 and 1 × 11 convolutions. These two branches are used to capture
multi-scale spatial dependencies in the horizontal and vertical directions and enlarge the
effective receptive field with low computational overhead. This structure enables the model
to better characterize spatial distribution patterns in hyperspectral images, such as strip-
like regions, block-wise areas, and continuous boundaries, while providing richer spatial
contextual information for subsequent pixel-wise attention gating. Let the outputs of these
two branches be Fs1 and Fs2, respectively. The final fused feature is obtained by fusing them
with the dilated convolution result, followed by integration via a 1 × 1 convolution:

Ff = Conv1×1
(

Fd + Fs1 + Fs2
)

(10)

To further enhance the response of salient regions, the PADA module introduces
a pixel-wise attention branch. Specifically, a pixel-wise attention map is generated via
a 1 × 1 convolution followed by the Sigmoid activation function, and then multiplied
element-wise with the fused features to obtain the weighted feature representation:

Fa = Ff · σ
(
Conv1×1(Ff )

)
(11)

Finally, PADA performs pixel-level enhancement by conducting element-wise multi-
plication between the weighted feature Fa and the original input feature u preserved by the
first path. The calculation process is formulated as
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Fout = u ⊙ Fa (12)

where ⊙ denotes element-wise multiplication, and Fout represents the output feature of the
PADA module.

The PADA module effectively integrates the global receptive field provided by dilated
convolution, the directional sensitivity offered by multi-scale convolution, and the saliency
modeling capability of pixel-wise attention. Compared with traditional convolution or
channel attention methods, this module not only captures finer-grained spatial dependen-
cies but also highlights regions that are more discriminative for the task, thereby improving
the overall feature representation capability and model performance.

3.3. Structure-Aware Representation Layer

After the PADA module performs spatial context enhancement on the feature maps,
this paper further designs a structure-aware representation layer to model the structural
relationships among different spatial nodes in the form of a graph structure, while incorpo-
rating a lightweight multi-layer perceptron to achieve compact and discriminative feature
representation. The core idea of this layer is to map the enhanced convolutional features
into graph nodes, model the structural dependencies among nodes via a Graph Convolu-
tional Network (GCN), and then perform feature compression and class discrimination
using a Lightweight Multi-Layer Perceptron (LMLP).

Specifically, let the feature map output by PADA be denoted as F ∈ RC×H×W . First, it
is transformed into a node feature matrix via reshape and flatten operations:

Xg ∈ RN×C (13)

where N = H × W denotes the number of graph nodes, with each node corresponding
to a spatial location in the feature map, and C represents the feature dimension of each
node. Subsequently, an adjacency matrix A is constructed based on the neighborhood
relationships among nodes in the original 2D spatial domain. Specifically, if node vi and
node vj are spatially adjacent in the 2D domain, an edge is established between them;
otherwise, no connection is formed. The adjacency matrix is defined as:

Aij =

1, vj ∈ N (vi),

0, otherwise.
(14)

where N (vi) denotes the set of spatial neighboring nodes of node vi.
To preserve the self-information of each node and stabilize the graph convolution prop-

agation process, we add self-connections to the adjacency matrix and applies symmetric
normalization to obtain the normalized adjacency matrix as follows:

Â = D− 1
2 (A + I)D− 1

2 (15)

where I denotes the identity matrix, D is the degree matrix, and its diagonal elements are
defined as:

Dii = ∑
j
(A + I)ij (16)

Based on the normalized adjacency matrix, the GCN updates the node features as follows:

H(l+1) = σ
(

ÂH(l)W(l)
)

(17)

https://doi.org/10.3390/rs18152451

https://doi.org/10.3390/rs18152451


Remote Sens. 2026, 18, 2451 14 of 32

where H(l) denotes the node features at the l-th layer, W(l) is the learnable weight ma-
trix, and σ(·) represents the nonlinear activation function. Through graph convolutional
propagation, each node not only preserves its own features but also integrates structural
information from its neighboring nodes, thereby enhancing the spatial structure representa-
tion capability of the features.

A Lightweight MLP (LMLP) is further adopted to integrate and classify the structure-
aware node features output by the GCN. Compared with a conventional MLP classification
head, LMLP first flattens the node features generated by the GCN into a one-dimensional
feature vector. Then, a low-dimensional linear projection is used to compress the flattened
features into a smaller hidden feature dimension, followed by a final classification layer
that maps the compact representation into the class space. Since the number of parameters
in a fully connected layer is mainly determined by the product of the input and output
dimensions of adjacent layers, directly classifying high-dimensional node features would
introduce considerable parameter overhead. Therefore, LMLP reduces the input scale of
the classification layer by first compressing the feature dimension and then performing
class mapping, thereby decreasing both the parameter count and computational complexity.
With this design, the structure-aware representation layer can model spatial structural
relationships while generating compact and discriminative feature representations in a
lightweight manner.

4. Experiments
4.1. Datasets

We use three public hyperspectral datasets to validate the proposed algorithm, namely
the Indian Pines (IP) dataset, the Pavia Centre (PC) dataset, and the Salinas (SA) dataset.
These datasets are described as follows.

1. The Indian Pines dataset was collected by NASA’s ER-2 aircraft in 1992, covering an
agricultural area in Indiana, USA. It consists of 145× 145 pixels and 200 spectral bands,
and is primarily used for agricultural monitoring and land cover classification research.

2. The Pavia Centre (PC) dataset was acquired by the University of Pavia, Italy, using
the Reflective Optics System Imaging Spectrometer (ROSIS), covering the urban area
of Pavia city center. It has a spatial resolution of 1096 × 715 pixels and contains
102 spectral bands, and is primarily used for urban land cover identification and
classification tasks.

3. The Salinas (SA) dataset was acquired by NASA’s AVIRIS sensor over the Salinas
Valley in California, USA. It has a spatial resolution of 512 × 217 pixels and con-
tains 204 available spectral bands, covering multiple crop types and bare soil cate-
gories. It is a commonly used benchmark dataset in agricultural monitoring and fine
classification research.

Table 1 lists the detailed information of the three datasets. Tables 2–4 list the names of
the land cover classes, along with the numbers of training and testing samples and the color
for each class in the three datasets. Each dataset is divided into two sets: a training set and
a test set. Specifically, 10%, 0.4%, and 1% of the total samples are randomly assigned to the
training sets of IP, PC, and SA, respectively. The sensitivity analysis under different training
proportion settings is provided in Tables S6–S8 of the Supplementary Material to validate
the rationality of this partitioning strategy. This allocation ensures that all categories have
sufficient samples for training, while the remaining labeled samples are used for the test set.
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Table 1. Summary of the three datasets.

Dataset Indian Pines (IP) Pavia Centre (PC) Salinas (SA)

Source USDA/NASA ROSIS AVIRIS
Location Southwestern Indiana, USA Pavia, Italy Salinas Valley, California, USA
Image size 145 × 145 1096 × 715 512 × 217
Spatial resolution – 1.3 m 3.7 m
Number of spectral bands 224 115 224
Number of available bands 200 102 204
Wavelength range 400–2500 nm 430–860 nm 450–2450 nm
Number of land cover classes 16 9 16

Application Agriculture, environmental
monitoring

Urban remote sensing,
image classification

Precision agriculture, land
use classification

Table 2. Color representation, land cover classes, and numbers of training and test samples in the
Indian Pines (IP) dataset.

No. Color Land Cover Class Training Samples Test Samples

01 Alfalfa 5 41

02 Corn-notill 143 1285

03 Corn-mintill 83 747

04 Corn 24 213

05 Grass-pasture 48 435

06 Grass-trees 73 657

07 Grass-pasture-mowed 3 25

08 Hay-windrowed 48 430

09 Oats 2 18

10 Soybeans-notill 97 875

11 Soybeans-mintill 245 2210

12 Soybeans-clean 59 534

13 Wheat 20 185

14 Woods 126 1139

15 Buildings-Grass-Trees-Drives 39 347

16 Stone-Steel-Towers 9 84

Total 1024 9225

Table 3. Color representation, land cover classes, and numbers of training and test samples in the
Pavia Centre (PC) dataset.

No. Color Land Cover Class Training Samples Test Samples

01 Water 264 64,652

02 Trees 30 7507

03 Asphalt 12 3078

04 Brick 11 2674

05 Bitumen 26 6558

06 Tiles 37 9211

07 Shadow 29 7258

08 Meadow 171 42,655

09 Bare Soil 12 2581

Total 592 146,444
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Table 4. Color representation, land cover classes, and numbers of training and test samples in the
Salinas (SA) dataset.

No. Color Land Cover Class Training Samples Test Samples

01 Brocoli_green_weeds_1 20 1989

02 Brocoli_green_weeds_2 20 3706

03 Fallow 20 1956

04 Fallow_rough_plow 20 1374

05 Fallow_smooth 20 2658

06 Stubble 20 3939

07 Celery 20 3559

08 Grapes_untrained 20 11,251

09 Soil_vinyard_develop 20 6183

10 Corn_senesced_green_weeds 20 3258

11 Lettuce_romaine_4wk 20 1048

12 Lettuce_romaine_5wk 20 1907

13 Lettuce_romaine_6wk 20 896

14 Lettuce_romaine_7wk 20 1050

15 Vinyard_untrained 20 7248

16 Vinyard_vertical_trellis 20 1787

Total 320 53,809

4.2. Evaluation Metrics and Experimental Setup
4.2.1. Evaluation Metrics

Overall accuracy (OA), average accuracy (AA), and Kappa coefficient are adopted.
The calculation formulas are as follows:

(1) Overall accuracy (OA) is defined as the ratio of the count of correctly classified samples
to the total sample count.

OA =
1
N

r

∑
i=1

xii

(2) Average accuracy (AA) is the arithmetic mean of the classification accuracies over all
classes.

AA =
1
C

C

∑
j=1

xjj

Nj
, Nj =

C

∑
k=1

xjk

(3) The Kappa coefficient is a measure of classification agreement that accounts for the
effect of chance agreement.

κ =
N ∑C

j=1 xjj − ∑C
j=1(xj+x+j)

N2 − ∑C
j=1(xj+x+j)

,

xj+ =
C

∑
k=1

xjk, x+j =
C

∑
k=1

xkj

4.2.2. Experimental Configuration

The CPU employed in the experiments is a 12th Gen Intel(R) Core(TM) i7-12700H, and
the GPU is an NVIDIA GeForce RTX 3060 Laptop GPU with 13.8 GB of memory. The Adam
optimizer with an adaptive learning rate is utilized to speed up convergence. The specific
experimental environment is listed below: CPU: 12th Gen Intel i7-12700H; GPU: NVIDIA
RTX 3060 Laptop GPU (13.8 GB); Python 3.9; PyTorch 1.12; CUDA 11.3. The optimizer is
Adam with a learning rate of 0.001, the batch size is 128, the training epoch count is 100,
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and the input patch size is 15 × 15. The training-to-test set ratios are 10%, 0.4%, and 1% for
the three datasets, respectively. The parameter settings during the experiments are detailed
in Table 5.

Table 5. Experimental parameter settings.

Parameter Setting

Learning rate 0.001
Batch size 128
Epochs 100
Patch size 15 × 15

4.3. Impact of Model Parameters on Classification Performance
4.3.1. Effect of Patch Size on OA

In this work, to explore the impact of various patch sizes on hyperspectral image
classification performance, we analyzed the overall classification performance of the model
on different datasets with patch sizes of 11 × 11, 13 × 13, 15 × 15, 17 × 17, and 19 × 19,
as shown in Table 6. The experimental results indicate that classification accuracy first
increases and then slightly decreases as the patch size varies. This observation suggests
that an appropriate patch size can achieve a favorable balance between capturing local
spatial contextual information and reducing redundant information, thereby improving
classification performance. In contrast, a smaller patch size (e.g., 11 × 11) may not fully
exploit spatial information, while a larger patch size (e.g., 17 × 17 or 19 × 19), although
covering more spatial context, may introduce boundary region noise and thus slightly
reduce classification accuracy. Therefore, based on the experimental results across all
datasets, a patch size of 15× 15 is selected as the optimal choice to achieve high classification
accuracy and stable feature representation.

Table 6. Effect of different patch sizes on OA.

Dataset
Patch Size

11 × 11 13 × 13 15 × 15 17 × 17 19 × 19

IP 96.10 97.35 99.00 98.39 97.68
PC 97.12 96.64 98.88 97.20 97.47
SA 96.43 97.68 98.20 97.88 98.01

4.3.2. Effect of Pruning Threshold of LPPA Module on OA

In this study, to analyze the effect of the pruning threshold in the LPPA module on
classification performance, we evaluated the model’s performance on different datasets
with pruning thresholds set to 0.1, 0.3, 0.5, 0.7, and 0.9, as shown in Table 7. The experimen-
tal outcomes show that classification accuracy exhibits a nonlinear trend as the pruning
threshold varies, with the optimal threshold differing across datasets. This observation
suggests that an appropriate pruning threshold can achieve a favorable balance between
preserving salient features and suppressing redundant information, thereby enhancing the
discriminative capability of the model. A lower threshold (e.g., 0.1) retains more feature
information but may introduce some noise, while a higher threshold (e.g., 0.9) makes the
features overly sparse, discarding some useful information and thus degrading perfor-
mance. Therefore, based on the experimental results across all datasets, a pruning threshold
around 0.7 yields the best performance and can be adopted for the LPPA module in this
study to achieve stable attention-based feature extraction.
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Table 7. Effect of different pruning thresholds on OA.

Dataset
Pruning Threshold

0.1 0.3 0.5 0.7 0.9

IP 95.42 96.85 97.02 99.00 98.54
PC 96.38 97.14 97.99 98.88 98.75
SA 98.20 96.35 95.28 98.20 97.22

4.3.3. Impact of the Learnable Scaling Factor in the LPPA Module on OA

To further validate the effectiveness of the pruning strategy and the learnable scaling
factor in the LPPA module, this study conducted comparative experiments with different
combinations of pruning mechanisms, including: no pruning and no γ, pruning without γ,
and pruning with γ. The OA results on each dataset are shown in Table 8. The experimental
results demonstrate that the introduction of the pruning mechanism improves classification
accuracy on all three datasets to varying degrees. Taking the IP dataset as an example,
OA increases from 97.86% to 98.42%; for the PC dataset, from 97.53% to 98.11%; and
for the SA dataset, from 97.01% to 97.63%. This indicates that appropriate attention
threshold pruning can effectively suppress redundant responses and enhance salient feature
expression, thereby improving the discriminative capability of the model. On this basis,
further introducing the learnable scaling factor leads to additional performance gains.
Specifically, the IP dataset achieves 99.00%, the PC dataset achieves 98.88%, and the SA
dataset achieves 98.20%, all of which are the best results among the three mechanisms.
This observation suggests that while pruning alone can improve feature sparsity, the
attention response still lacks adaptive regulation capability. After introducing a lightweight
learnable channel scaling factor, the model is able to adaptively regulate different feature
channels, thereby enhancing important features and suppressing irrelevant information,
achieving more refined attention allocation. The “pruning + γ” mechanism achieves the best
classification performance on all three datasets, validating the synergistic effectiveness of
the pruning strategy and the learnable scaling factor in the LPPA module. This mechanism
improves feature representation capability while maintaining low parameter overhead,
demonstrating a favorable balance between lightweight design and high performance.

Table 8. Effect of different pruning mechanisms and the learnable scaling factor on OA.

Dataset
Pruning Mechanism

No Pruning + No γ Pruning + No γ Pruning + γ

IP 97.86 98.42 99.00
PC 97.53 98.11 98.88
SA 97.01 97.63 98.20

4.3.4. Effect of Dilation Rate and Kernel Size of PADA Module on OA

To investigate the effect of the dilation rate and kernel size in the PADA module
on hyperspectral image classification performance, this study conducted experimental
analyses on different combinations, as shown in Table 9. The experimental results indicate
that classification accuracy varies significantly with different dilation rates and kernel
sizes, and an appropriate combination can achieve a balance between capturing spatial
contextual information and suppressing noise, thereby improving model performance. This
observation suggests that a moderate dilation rate combined with a suitable kernel size can
effectively expand the receptive field while preserving local spatial details, thus enhancing
multi-scale feature fusion capability. In contrast, too small a dilation rate or too small a
kernel size may lead to insufficient spatial context capture, whereas too large a dilation
rate or too large a kernel size may introduce excessive redundant information or boundary
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noise, slightly reducing classification accuracy. Therefore, based on the experimental results
across all datasets, the combination of a dilation rate of 2 and a kernel size of 5× 5 performs
well on most datasets and can be adopted as the setting for the PADA module to achieve
high accuracy and effective feature enhancement.

Table 9. Effect of different dilation rates and kernel sizes on OA.

Dataset
Dilation Rate/Kernel Size

1 and 3 × 3 2 and 3 × 3 2 and 5 × 5 3 and 5 × 5 2 and 7 × 7

IP 97.58 97.95 99.00 96.29 97.30
PC 96.23 97.82 98.88 98.74 96.24
SA 96.91 97.81 98.20 97.56 98.71

4.3.5. Effect of Pixel-Wise Attention Mechanism in PADA on OA

To validate the effectiveness of the pixel-wise attention mechanism in the PADA mod-
ule, this study conducted comparative experiments with different attention types, including:
no attention mechanism, the introduction of the SE channel attention mechanism, and the
introduction of the pixel-wise attention mechanism. The OA results on each dataset are
shown in Table 10. The experimental results show that the introduction of attention mecha-
nisms improves the overall classification performance to varying degrees. Specifically, on
the IP dataset, OA increases from 95.32% without attention to 96.38% with SE attention, and
then improves to 99.00% with pixel-wise attention. On the PC dataset, OA is 96.32% with-
out attention, slightly decreases to 95.48% with SE attention, and then increases to 98.88%
with pixel-wise attention. On the SA dataset, OA is 97.62% without attention, improves
to 98.00% with SE attention, and further improves to 98.20% with pixel-wise attention.
These results indicate that traditional SE attention mainly performs global compression
and recalibration along the channel dimension, which can enhance important spectral
channels but ignores the differences between pixels in the spatial dimension. Therefore,
on datasets with complex spatial structures or distinct class boundaries, its performance
improvement is limited, and fine-grained spatial information may even be weakened due
to global average pooling. In contrast, the pixel-wise attention mechanism independently
models each spatial position, enabling the model to capture spatial structural differences
more finely while preserving the integrity of channel information, thereby enhancing the
discriminability between the central pixel and its neighbors. Particularly on the IP dataset,
pixel-wise attention brings a significant performance gain, indicating that this mechanism
has stronger adaptability in scenarios with complex class distributions and obvious spatial
structural variations. In comparison, SE attention exhibits performance fluctuations on
some datasets, further demonstrating that a single channel recalibration strategy cannot
adequately model the spectral–spatial coupling characteristics in hyperspectral images.
The pixel-wise attention mechanism achieves the best or second-best results on all three
datasets, validating the effectiveness of the pixel-wise modeling strategy in the PADA
module for enhancing spatial detail representation and multi-scale feature fusion, and
demonstrating its stronger fine-grained modeling capability compared with traditional
channel attention.

Table 10. Effect of different attention mechanisms on OA.

Dataset
Attention Mechanism

No Attention SE Attention Pixel-Wise Attention

IP 95.32 96.38 99.00
PC 96.32 95.48 98.88
SA 97.62 98.00 98.20
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4.3.6. Effect of Lightweight Convolution Structure on Complexity

To validate the effectiveness of the proposed lightweight feature extraction structure
in controlling model complexity, this study conducted a comparative analysis of the param-
eter counts of standard convolution and lightweight convolution structures, as shown in
Table 11. For the 3D convolution structure, the traditional standard 3D convolution has a
parameter count of 216, while the depthwise separable convolution (DW + PW) reduces the
parameter count to 35, achieving a reduction of 83.8%. This result indicates that decoupling
spatial convolution and channel fusion operations not only significantly reduces model
complexity but also maintains the ability to effectively model spectral–spatial features. For
the 2D convolution structure, the standard 3 × 3 convolution has a parameter count of
129,024, while the parameter count is reduced to 55,296 after adopting low-rank decom-
position convolution (LDC), achieving a reduction of 57.1%. This structure decomposes a
2D convolution kernel into two 1D kernels, effectively reducing computational cost while
preserving the receptive field and enhancing directional feature modeling capability. There-
fore, the proposed lightweight convolution design reduces the model parameter count
while preserving feature representation capability, reserving more computational budget
for subsequent attention enhancement and structure-aware modeling modules, thereby
achieving a favorable balance between accuracy and efficiency.

Table 11. Effect of different lightweight convolution structures on complexity.

Module Type Convolution Type Total Parameters Reduction Compared with Original

3D convolution Standard 3D convolution 216 –
DW + PW convolution 35 83.8%

2D convolution Standard 2D convolution 129,024 –
LDC (1 × 3 + 3 × 1) 55,296 57.1%

4.4. Ablation Experiments
4.4.1. Ablation Analysis on Module Contributions

To verify the effectiveness of each constituent module, ablation experiments are con-
ducted on the PC dataset, with the results presented in Table 12. The baseline denotes
the fundamental architecture without the incorporation of LPPA, PADA, LMLP, GCN, or
the DW + PW lightweight convolution structure. Subsequently, different modules are
progressively integrated to analyze their respective impacts on classification performance.

As shown in Table 12, the individual introduction of LPPA, PADA, or LMLP improves
the overall accuracy (OA) from 96.67% to over 97%, indicating that spectral response selec-
tion, spatial context enhancement, and lightweight discriminative mapping all contribute
to the overall classification performance. Specifically, the use of LPPA alone leads to a
slight degradation in average accuracy (AA), suggesting that spectral channel selection
alone may have a certain negative impact on the average recognition performance across
some categories. In contrast, both PADA and LMLP yield improvements in OA, AA, and
Kappa, demonstrating that spatial context modeling and high-level feature mapping are
well suited to the PC dataset.

When LPPA, PADA, and LMLP are jointly employed, the model achieves OA, AA,
and Kappa of 98.45%, 95.13%, and 97.80%, respectively, representing further improvements
over the single-module results and indicating a certain degree of complementarity among
the spectral, spatial, and discriminative mapping modules. With the subsequent incorpo-
ration of GCN, the OA, AA, and Kappa reach 98.83%, 96.10%, and 98.35%, respectively,
demonstrating that structural relationship modeling can further enhance the capability
of expressing spatial correlations. Finally, the complete MLSANet, after introducing the
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DW + PW lightweight convolution structure, attains the highest OA of 99.04%, along with
AA and Kappa of 96.33% and 98.88%, respectively, marking the best overall performance.

Table 12. Ablation experiments on the contribution of individual modules.

Dataset Modules Evaluation Metrics
LPPA PADA LMLP GCN DW + PW OA (%) AA (%) Kappa (%)

PC

× × × × × 96.67 93.55 96.57
✓ × × × × 97.17 92.87 97.14
× ✓ × × × 97.06 94.44 97.10
× × ✓ × × 97.15 94.16 97.12
✓ ✓ × × × 97.41 95.01 97.35
✓ × ✓ × × 98.23 94.14 97.49
× ✓ ✓ × × 97.36 94.76 97.27
✓ ✓ ✓ × × 98.45 95.13 97.80
✓ ✓ ✓ ✓ × 98.83 96.10 98.35
✓ ✓ ✓ × ✓ 98.55 95.25 97.94
✓ ✓ ✓ ✓ ✓ 99.04 96.33 98.88

Note: ✓ indicates that the corresponding module or component is included, whereas × indicates that it is
not included.

The ablation experiments demonstrate that LPPA, PADA, LMLP, GCN, and DW + PW
contribute to spectral redundancy suppression, spatial context enhancement, lightweight
discriminative mapping, structural relationship modeling, and low-complexity convo-
lutional computation, respectively. The synergistic design of these modules effectively
improves classification performance and enables MLSANet to achieve a favorable balance
between accuracy and model complexity.

4.4.2. Ablation Study on Internal Components of LPPA

To further analyze the impact of internal components of LPPA on model performance,
fine-grained ablation experiments are conducted on the PC dataset, with the results pre-
sented in Table 13. No LPPA denotes the model without any LPPA-related mechanisms,
while Variance only, Pruning only, and Gamma only indicate the configurations that intro-
duce only variance weighting, threshold-based pruning, and the learnable scaling factor γ,
respectively. Full LPPA refers to the complete LPPA module that simultaneously incorpo-
rates all three mechanisms.

As shown in Table 13, compared with the No LPPA baseline, the individual introduc-
tion of any single component leads to performance improvement. Specifically, Variance
only raises OA, AA, and Kappa to 98.85%, 96.33%, and 98.50%, respectively, indicat-
ing that variance-based channel response modeling contributes to enhancing discrimina-
tive spectral feature expression. Pruning only achieves the highest performance among
the single-component settings, with OA, AA, and Kappa reaching 98.91%, 96.81%, and
98.60%, respectively, suggesting that threshold-based pruning can effectively suppress
low-contribution spectral responses. Gamma only yields OA, AA, and Kappa of 98.74%,
96.79%, and 98.49%, respectively, demonstrating that the learnable scaling factor is capable
of adaptively modulating channel responses.

When all three components are simultaneously introduced, Full LPPA achieves an OA
of 99.03% and an AA of 96.82%, both higher than those of each single-component config-
uration, while its Kappa reaches 98.50%, remaining comparable to the single-component
results. Overall, variance weighting, threshold-based pruning, and the learnable scaling
factor play the roles of channel importance estimation, redundant response suppression,
and response rescaling, respectively. The combination of the three mechanisms further
enhances the overall classification performance.
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Table 13. Ablation experiments on internal components of LPPA.

Method Variance Weighting Pruning Gamma OA (%) AA (%) Kappa (%)

No LPPA × × × 98.59 96.07 98.29
Variance only ✓ × × 98.85 96.33 98.50
Pruning only × ✓ × 98.91 96.81 98.60
Gamma only × × ✓ 98.74 96.79 98.49
Full LPPA ✓ ✓ ✓ 99.03 96.82 98.50

Note: ✓ indicates that the corresponding module or component is included, whereas × indicates that it is
not included.

4.4.3. Ablation Study on Internal Components of PADA

To further analyze the impact of internal components of PADA on model performance,
fine-grained ablation experiments are conducted on the PC dataset, with the results pre-
sented in Table 14. No PADA denotes the model without any PADA-related mechanisms,
while Dilated only, Multi-scale only, and Pixel attention only indicate the configurations
that introduce only dilated convolution, multi-scale convolution, and pixel-wise attention
gating, respectively. Full PADA refers to the complete PADA module that simultaneously
incorporates all three components.

Table 14. Ablation experiments on internal components of PADA.

Method Dilated Conv Multi-Scale Conv Pixel Attention OA (%) AA (%) Kappa (%)

No PADA × × × 98.26 96.07 98.20
Dilated only ✓ × × 98.85 96.33 98.37
Multi-scale only × ✓ × 98.67 95.95 98.12
Pixel attention only × × ✓ 98.51 94.79 97.88
Full PADA ✓ ✓ ✓ 99.02 97.05 98.61

Note: ✓ indicates that the corresponding module or component is included, whereas × indicates that it is
not included.

As shown in Table 14, the individual introduction of dilated convolution raises the
model’s OA, AA, and Kappa to 98.85%, 96.33%, and 98.37%, respectively, all of which
are improved compared with those of No PADA, indicating that expanding the spatial
receptive field contributes to enhancing local context representation. In contrast, the use of
multi-scale convolution or pixel-wise attention gating alone fails to consistently improve
model performance. Specifically, Multi-scale only achieves an OA and Kappa of 98.67%
and 98.12%, respectively, while Pixel attention only obtains OA, AA, and Kappa of 98.51%,
94.79%, and 97.88%, respectively, suggesting that spatial scale enhancement or attention
modulation alone, in the absence of effective contextual modeling, may be insufficient to
adequately boost classification performance.

When all three components are simultaneously introduced, Full PADA achieves an
OA of 99.02%, an AA of 97.05%, and a Kappa of 98.61%, all outperforming the other
configurations. This result indicates that dilated convolution, multi-scale convolution, and
pixel-wise attention gating play complementary roles within PADA. Specifically, dilated
convolution is employed to expand the spatial receptive field, multi-scale convolution
serves to supplement local structural information at different scales, and pixel-wise atten-
tion gating adaptively modulates the fused spatial responses. The combination of the three
components enables more effective enhancement of spatial context representation, thereby
improving the classification performance on the PC dataset.

4.5. Comparative Experiments

To further verify the effectiveness of the proposed method, we compare MLSANet
with a variety of representative hyperspectral image classification algorithms, including
a conventional machine learning method (SVM), convolutional neural network-based
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approaches (D3CNN [16], HybridSN [17], and SSRN [18]), hybrid-structured methods
(SS-MixNet [49] and CLOLN [50]), Transformer-based methods (MorphFormer [51],
CVSSN [52], GAHT [38], and SSFTT [22]), and a state space model-based method
(S2Mamba [25]). Among them, HybridSN is a representative spectral–spatial hybrid net-
work that extracts joint spectral–spatial features by combining 3D and 2D convolutions;
SS-MixNet and CLOLN aim to improve classification performance from the perspectives of
spectral–spatial feature interaction and lightweight feature modeling, respectively. Meth-
ods such as MorphFormer, CVSSN, GAHT, and SSFTT leverage Transformers or attention
mechanisms to enhance global dependency modeling and spectral–spatial feature represen-
tation, whereas S2Mamba employs a state space model for joint spectral–spatial modeling
and captures long-range dependencies in hyperspectral data through an efficient sequence
modeling mechanism. Collectively, these comparison methods cover diverse technical
routes, including a conventional classifier, CNNs, hybrid architectures, Transformers, and
Mamba-based methods, thereby providing a comprehensive evaluation of the proposed
model’s classification performance. To ensure a fair comparison, all methods are con-
ducted under identical data split conditions, with overall accuracy (OA), average accuracy
(AA), and Kappa coefficient adopted as the primary evaluation metrics. In addition, we
further perform independent repeated experiments using five random seeds (0, 1, 42,
1234, and 3407) to reduce the influence of random initialization and data partitioning.
The experimental results are presented in Tables 15–17. From the overall results, it can
be observed that the proposed method achieves competitive classification performance
on all three datasets—IP, PC, and SA—after the incorporation of the improved modules.
This demonstrates that the proposed lightweight feature extraction layer and the efficient
attention enhancement modules (LPPA and PADA) not only effectively enhance feature
discriminability but also maintain favorable generalization capability and stability under
complex scenarios.

Table 15. Classification accuracy and Kappa coefficients on the IP dataset.

Traditional Method CNN Methods Hybrid Architectures Transformer Methods Mamba Method Proposed Method
No. SVM D3CNN HybridSN SSRN SS-MixNet CLOLN MorphFormer CVSSN GAHT SSFTT S2Mamba MLSANet

1 26.47 37.50 70.73 51.35 100.00 96.33 95.12 90.24 97.56 92.68 97.56 100.00 ± 0.00
2 71.81 63.92 89.50 70.08 94.79 94.71 95.80 92.04 96.97 95.57 94.86 96.61 ± 0.65
3 63.86 53.82 92.64 60.84 98.39 99.73 95.58 88.21 97.72 96.79 100.00 98.98 ± 0.88
4 43.68 30.69 90.65 44.74 98.59 98.12 97.20 92.92 94.39 98.13 100.00 100.00 ± 0.00
5 84.99 78.83 95.40 80.88 97.93 94.48 97.24 93.68 99.31 98.62 98.62 99.82 ± 0.30
6 97.19 90.66 99.70 90.58 99.54 98.93 99.70 100.00 98.48 99.85 99.24 99.97 ± 0.07
7 23.81 52.17 100.00 69.57 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 ± 0.00
8 97.99 99.75 99.54 99.22 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 ± 0.00
9 40.00 46.67 100.00 40.00 100.00 58.32 46.67 100.00 100.00 100.00 55.56 87.78 ± 7.24

10 73.24 64.45 89.26 70.57 99.31 98.74 96.11 94.37 92.80 96.23 98.97 98.81 ± 0.76
11 79.36 73.31 97.19 80.91 97.69 99.19 98.91 96.57 98.28 98.55 99.73 99.66 ± 0.24
12 69.52 32.08 92.32 64.84 97.19 93.26 96.07 87.59 96.44 95.88 98.31 97.57 ± 0.37
13 96.67 97.71 100.00 98.78 97.84 99.46 100.00 98.97 100.00 100.00 97.84 99.89 ± 0.24
14 92.32 93.49 98.51 93.18 100.00 99.39 99.65 98.92 99.12 99.65 100.00 100.00 ± 0.00
15 75.18 40.43 89.66 69.26 99.71 96.25 99.14 95.64 97.99 100.00 100.00 99.71 ± 0.35
16 63.24 68.75 98.81 98.67 98.81 90.48 100.00 98.86 88.10 96.43 98.81 94.29 ± 2.29

OA (%) 78.65 70.37 94.61 77.92 98.14 96.93 97.80 95.96 97.52 97.95 98.15 99.01 ± 0.16
AA (%) 68.71 64.02 93.99 73.97 98.74 78.92 94.82 95.86 97.32 98.02 96.22 98.32 ± 0.42
Kappa 75.58 65.96 93.85 74.76 97.87 96.50 97.47 95.39 97.17 97.66 97.88 98.87 ± 0.18

4.5.1. Algorithm Comparison on the IP Dataset

As shown in Table 15, MLSANet exhibits competitive classification performance
compared with the other methods on this dataset. Specifically, MLSANet achieves an OA
of 99.01% ± 0.16%, an AA of 98.32% ± 0.42%, and a Kappa of 98.87% ± 0.18%, yielding
favorable results across the comprehensive evaluation metrics. This demonstrates that the
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proposed lightweight multi-scale attention architecture can effectively enhance both the
overall discriminative capability and classification stability of the model.

Table 16. Classification accuracy and Kappa coefficients on the PC dataset.

Traditional Method CNN Methods Hybrid Architectures Transformer Methods Mamba Method Proposed Method
No. SVM D3CNN HybridSN SSRN SS-MixNet CLOLN MorphFormer CVSSN GAHT SSFTT S2Mamba MLSANet

1 97.91 99.94 99.19 99.86 99.93 100.00 100.00 100.00 99.97 100.00 100.00 100.00 ± 0.00
2 90.86 87.18 96.08 90.83 88.49 97.37 92.32 87.72 80.41 95.06 95.43 94.69 ± 3.31
3 64.28 97.30 92.64 92.84 96.30 87.20 92.09 92.35 93.26 93.39 91.65 92.43 ± 4.65
4 50.86 64.97 82.43 73.96 87.88 93.19 69.81 76.38 84.78 88.25 100.00 99.29 ± 0.68
5 60.61 95.09 98.43 96.52 85.24 93.92 98.86 92.64 94.98 96.43 97.45 96.16 ± 1.15
6 63.05 96.49 95.17 96.83 97.64 99.21 98.74 94.22 99.55 99.31 95.89 96.86 ± 1.18
7 36.79 87.70 87.57 87.97 96.45 97.15 90.90 84.96 81.79 84.93 97.45 97.42 ± 2.02
8 99.08 99.68 99.68 99.80 99.36 99.87 99.15 98.29 99.11 99.73 99.71 99.24 ± 0.57
9 96.92 95.96 97.59 99.41 96.63 92.98 93.00 84.88 93.14 99.20 92.46 90.52 ± 2.09

OA (%) 89.47 97.41 97.84 97.83 97.85 98.84 97.94 96.57 97.03 98.36 97.96 98.66 ± 0.25
AA (%) 73.37 91.59 94.31 93.11 94.21 95.65 92.76 90.16 91.89 95.14 96.89 96.29 ± 0.67
Kappa 96.92 96.33 96.95 96.93 96.96 98.36 97.08 95.15 95.80 97.68 97.53 98.10 ± 0.35

Table 17. Classification accuracy and Kappa coefficients on the SA dataset.

Traditional Method CNN Methods Hybrid Architectures Transformer Methods Mamba Method Proposed Method
No. SVM D3CNN HybridSN SSRN SS-MixNet CLOLN MorphFormer CVSSN GAHT SSFTT S2Mamba MLSANet

1 99.15 97.99 100.00 99.70 100.00 100.00 97.80 97.10 98.05 99.55 100.00 100.00 ± 0.00
2 99.51 99.97 100.00 100.00 99.89 100.00 99.95 100.00 100.00 100.00 100.00 100.00 ± 0.00
3 89.47 91.52 96.89 99.95 98.52 99.74 88.99 99.64 98.83 98.90 100.00 100.00 ± 0.00
4 98.92 99.28 99.49 100.00 99.64 100.00 100.00 98.63 100.00 99.78 100.00 99.46 ± 0.52
5 86.60 82.99 92.11 98.68 94.70 95.07 81.42 94.07 97.19 97.69 97.63 94.27 ± 1.65
6 100.00 100.00 100.00 100.00 99.97 100.00 99.49 99.97 93.35 99.92 100.00 99.98 ± 0.01
7 97.84 98.02 99.89 100.00 99.72 99.92 99.27 99.13 99.89 99.69 97.83 99.88 ± 0.14
8 77.47 85.69 89.42 89.86 77.74 49.99 98.00 92.10 92.59 92.28 88.15 83.59 ± 3.28
9 95.38 98.21 99.92 100.00 99.82 98.14 99.98 99.87 100.00 99.98 100.00 99.83 ± 0.10

10 59.81 81.95 93.49 96.65 96.84 91.01 89.39 96.90 95.68 96.20 97.14 98.74 ± 0.50
11 66.42 75.80 87.28 86.62 100.00 91.70 88.24 99.06 98.81 88.43 98.76 99.77 ± 0.34
12 88.11 91.46 100.00 100.00 99.90 100.00 98.23 99.64 98.70 100.00 98.69 99.75 ± 0.29
13 99.45 99.23 98.90 99.01 100.00 99.89 100.00 99.67 97.15 99.56 100.00 99.62 ± 0.67
14 57.09 98.21 98.59 99.72 99.52 100.00 87.04 99.15 99.34 98.87 97.43 99.56 ± 0.62
15 51.79 46.58 84.25 96.67 96.39 98.43 25.29 91.92 90.22 94.68 97.30 98.17 ± 1.16
16 77.92 94.47 94.76 98.22 100.00 99.72 92.67 96.94 99.28 97.53 100.00 99.56 ± 0.58

OA (%) 81.91 86.16 94.28 96.82 94.28 88.14 86.62 95.40 95.00 95.24 94.90 95.88 ± 0.66
AA (%) 84.06 90.09 95.94 97.82 97.66 95.22 90.36 97.74 97.50 96.80 96.68 98.26 ± 0.33
Kappa 79.79 84.52 93.63 96.46 93.66 86.91 84.99 96.00 95.55 95.64 94.55 95.42 ± 0.73

Compared with the conventional machine learning method, MLSANet shows a clear
advantage. SVM mainly relies on shallow features and is insufficient in capturing the com-
plex spectral redundancy and spatial structural information in hyperspectral images, lead-
ing to large fluctuations in classification accuracy across multiple classes and generally low
overall metrics. In contrast, MLSANet, through its lightweight feature extraction and atten-
tion enhancement mechanisms, is able to more fully exploit joint spectral–spatial features,
thereby improving overall classification accuracy and consistency. Among CNN-based
and hybrid-structured methods, models such as D3CNN, HybridSN, SSRN, SS-MixNet,
and CLOLN already achieve favorable classification results, indicating that convolutional
architectures and hybrid feature modeling approaches play a positive role in hyperspectral
classification. However, these methods still exhibit certain fluctuations in classification
accuracy across some categories. In contrast, MLSANet, while maintaining a low parameter
count, reduces redundant computations during the initial spectral–spatial feature extrac-
tion stage through its lightweight feature extraction layer, and enhances spectral response
selection and spatial context modeling via LPPA and PADA, respectively, thereby enabling
the model to sustain high recognition rates across most categories. Among Transformer
and attention-based methods, MorphFormer, CVSSN, GAHT, and SSFTT also achieve high
accuracy, indicating that introducing global modeling mechanisms is beneficial for hyper-
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spectral classification. However, such models are generally more complex in structure and
incur higher computational costs. MLSANet introduces two efficient attention modules,
namely LPPA and PADA, which strengthen salient feature response and spatial context
modeling capability without significantly increasing computational complexity. Therefore,
MLSANet still outperforms most representative methods in terms of OA, AA, and Kappa
metrics, demonstrating a better balance between accuracy and efficiency. In addition,
the SSM-based S2Mamba enhances the modeling of long-range dependencies through a
joint spatial–spectral modeling mechanism, demonstrating strong feature representation
capability for hyperspectral image classification. Nevertheless, such methods still rely on
complex state space sequence modeling architectures, which may introduce additional
computational overhead while improving global feature representation.

From the visual classification results shown in Figure 4, it can be further observed
that the classification map of MLSANet is spatially smoother, exhibits higher intra-class
consistency within land cover regions, has clearer class boundaries and fewer noise points,
and demonstrates more stable performance especially in complex boundary areas and few-
shot classes. In contrast, some compared methods suffer from obvious misclassification
or speckle noise at boundaries, resulting in poor overall consistency. This indicates that
the proposed method can more accurately highlight key pixel features and effectively
suppress redundant information interference, thereby obtaining finer and more reliable
classification results.

Figure 4. Classification results on the IP dataset: (A) local ground truth, (B) false color image,
(C) global ground truth, (a) SVM, (b) D3CNN, (c) HybridSN, (d) SSRN, (e) SS-MixNet, (f) CLOLN,
(g) MorphFormer, (h) CVSSN, (i) GAHT, (j) SSFTT, (k) S2Mamba, and (l) MLSANet.

4.5.2. Algorithm Comparison on the PC Dataset

From the results in Table 16, MLSANet also achieves favorable overall classifica-
tion performance on this dataset, with OA, AA, and Kappa reaching 98.66% ± 0.25%,
96.29% ± 0.67%, and 98.10% ± 0.35%, respectively. These comprehensive evaluation met-
rics outperform those of most conventional methods, CNN-based approaches, hybrid-
structured methods, and Transformer-based methods. This suggests that the proposed
lightweight multi-scale attention structure maintains strong feature representation and
discriminative ability while remaining compact.

Compared with the conventional machine learning method, MLSANet improves clas-
sification accuracy on all classes. SVM relies on shallow statistical features and cannot
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fully capture the complex spectral redundancy and spatial structures in hyperspectral
images. As a result, its accuracy on complex classes (such as classes 3, 4, and 6) is relatively
low, and its overall AA is limited. In contrast, MLSANet uses its lightweight feature ex-
traction layer and structure-aware representation mechanism to more effectively exploit
joint spectral–spatial information, thereby improving the overall average accuracy and
stability. Among CNN-based and hybrid-structured methods, approaches such as D3CNN,
HybridSN, SSRN, SS-MixNet, and CLOLN have enhanced spectral–spatial feature represen-
tation through convolutional or hybrid feature modeling, leading to notable improvements
in overall classification performance. Notably, CLOLN also achieves high OA and Kappa
on this dataset, indicating that lightweight joint spectral–spatial modeling is well suited
to the PC dataset. The proposed method further combines depthwise separable convolu-
tion (DW + PW), low-rank decomposition, and structural optimization. It achieves higher
OA and AA than 3D-CNN and HybridSN, with a lower parameter count and computa-
tional cost, indicating a better trade-off between accuracy and efficiency. Compared with
Transformer and hybrid models, methods such as MorphFormer, CVSSN, GAHT, and
SSFTT achieve improved classification performance through global modeling or attention
mechanisms; however, their architectures are generally more complex. In contrast, ML-
SANet suppresses redundant spectral responses via LPPA from the spectral dimension
and enhances multi-scale contextual expression from the spatial dimension through PADA,
enabling the model to maintain relatively stable recognition performance across multi-
ple categories. Notably, on categories 4 and 7, MLSANet achieves 99.29% ± 0.68% and
97.42% ± 2.02%, respectively, demonstrating strong class-discriminative capability. Overall,
MLSANet attains a favorable trade-off between accuracy and efficiency on the PC dataset.
In addition, the SSM-based S2Mamba enhances the modeling of long-range dependencies
through a joint spatial–spectral modeling mechanism, achieving favorable classification per-
formance on hyperspectral image classification tasks. However, such methods still require
dedicated state space sequence modeling architectures, which may introduce additional
computational overhead while improving feature representation capability.

From the qualitative visualization results shown in Figure 5, it can be further observed
that the classification map of MLSANet is spatially more continuous and smoother, with
fewer noise points, natural transitions in boundary regions, and reduced misclassified areas.
Compared with the speckle noise and boundary blurring issues present in some CNN and
Transformer methods, the proposed method can more accurately highlight key regions
while maintaining intra-region consistency. This is mainly attributed to the compression
of redundant information by the lightweight feature extraction layer, the enhancement of
salient features by the LPPA module, and the fine-grained modeling of spatial structures
by the PADA module, thereby achieving higher classification accuracy and more stable
visualization performance while maintaining lightweight design.

4.5.3. Algorithm Comparison on the SA Dataset

As can be seen from Table 17, MLSANet also achieves favorable overall classification
performance on the SA dataset, with OA, AA, and Kappa reaching 95.88% ± 0.66%,
98.26% ± 0.33%, and 95.42% ± 0.73%, respectively. Among all compared methods,
MLSANet achieves the most competitive AA, indicating that the proposed method exhibits
strong average recognition capability across different categories and maintains relatively
stable classification performance even under imbalanced class distributions.

Compared with the conventional machine learning method, the performance gap is
evident. SVM has large accuracy fluctuations on complex classes such as classes 5, 8, 11,
15, and 16, suggesting that it cannot effectively model the complex spectral redundancy
and spatial structure in hyperspectral data. In contrast, MLSANet is capable of more thor-
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oughly exploiting spectral–spatial joint features through its lightweight feature extraction
layer, spectral redundancy suppression via LPPA, and spatial context enhancement via
PADA, thereby improving the average classification performance across different cate-
gories. Among CNN-based and hybrid-structured methods, approaches such as D3CNN,
HybridSN, SSRN, SS-MixNet, and CLOLN enhance spectral–spatial feature representa-
tion through convolutional modeling or hybrid feature extraction, achieving substantially
improved overall classification performance over conventional methods. Notably, SSRN
achieves high OA and Kappa on the SA dataset, indicating that deep residual spectral–
spatial modeling is well adapted to this dataset. Although MLSANet does not yield the
highest OA and Kappa, it attains an AA of 98.26% ± 0.33%, which is higher than those of
most compared methods, suggesting that the proposed method exhibits favorable stability
in terms of average per-class recognition capability. In comparison with Transformer-based
and attention-based methods, MorphFormer, CVSSN, GAHT, and SSFTT improve classifica-
tion performance through global modeling or attention mechanisms, yet still exhibit certain
fluctuations across different categories. MLSANet, by suppressing redundant spectral
responses via LPPA from the spectral dimension and enhancing multi-scale contextual
expression from the spatial dimension through PADA, maintains high recognition rates
on relatively challenging categories such as classes 3, 10, 11, 15, and 16. In particular, on
classes 11 and 15, MLSANet achieves 99.77% ± 0.34% and 98.17% ± 1.16%, respectively,
demonstrating that the proposed modules possess strong discriminative capability for eas-
ily confusable categories. In addition, the SSM-based S2Mamba enhances the modeling of
long-range dependencies through a joint spatial–spectral modeling mechanism. However,
its state space architecture may still introduce additional computational overhead.

Figure 5. Classification results on the PC dataset: (A) local ground truth, (B) false color image,
(C) global ground truth, (a) SVM, (b) D3CNN, (c) HybridSN, (d) SSRN, (e) SS-MixNet, (f) CLOLN,
(g) MorphFormer, (h) CVSSN, (i) GAHT, (j) SSFTT, (k) S2Mamba, and (l) MLSANet.

From the visualization results shown in Figure 6, it can be seen that MLSANet main-
tains high recognition integrity even in small-sample regions and on fine land covers,
without evident over-smoothing or structural loss. Compared with the “blocky” appear-
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ance or detail blurring that some methods tend to produce in complex texture regions,
the proposed model better preserves the spatial structure of the original scene, indicating
improved fine-grained feature representation capability.

Figure 6. Classification results on the SA dataset: (A) local ground truth, (B) false color image,
(C) global ground truth, (a) SVM, (b) D3CNN, (c) HybridSN, (d) SSRN, (e) SS-MixNet, (f) CLOLN,
(g) MorphFormer, (h) CVSSN, (i) GAHT, (j) SSFTT, (k) S2Mamba, and (l) MLSANet.

4.6. Computational Complexity Analysis

To further verify the lightweight characteristics of MLSANet, we evaluate the model
complexity at the full-network level and compare it with several representative hyperspec-
tral image classification methods. The results are presented in Table 18. The evaluation
metrics include parameter count, FLOPs, inference time, and GPU memory consumption.
In contrast to studies that compare only the complexity of individual convolutional oper-
ators, Table 18 reports the overall computational cost of a complete forward pass of the
entire model, covering all major modules, including the lightweight feature extraction layer,
LPPA, PADA, the GCN-based structure-aware layer, and LMLP. Therefore, these statistics
provide a more comprehensive reflection of the practical computational complexity of
the model.

As shown in Table 18, the proposed method exhibits clear lightweight characteristics
and high computational efficiency across all three datasets. In terms of parameter count,
MLSANet achieves only 105.78 K, 30.25 K, and 110.52 K on the IP, PC, and SA datasets,
respectively, all of which are lower than those of most CNN-based, Transformer-based,
hybrid-structured, and Mamba-based hyperspectral classification models. In compar-
ison with methods such as HybridSN, GAHT, SS-MixNet, S2Mamba, and SSFTT, ML-
SANet demonstrates a considerably reduced parameter scale, reflecting a more compact
architectural design.

In terms of FLOPs, MLSANet achieves 8.90 M, 7.32 M, and 6.58 M on the three datasets,
respectively, which are also lower than those of HybridSN, CVSSN, GAHT, SS-MixNet,
S2Mamba, and SSFTT, indicating that modules such as PADA and GCN do not introduce
excessive overall computational burden. It should be noted that the FLOPs reported in this
paper correspond to the total computational cost of a complete forward pass of the entire
MLSANet model. Therefore, these results provide a more complete reflection of the actual
computational overhead of the model.

In terms of inference time and GPU memory consumption, MLSANet also demon-
strates favorable resource utilization efficiency while maintaining low parameter count
and computational complexity. Overall, by leveraging lightweight feature extraction,
parameter optimization, and an efficient attention mechanism, MLSANet effectively re-
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duces model complexity while preserving superior classification performance. Compared
with conventional CNN-based, Transformer-based, and advanced Mamba-based meth-
ods such as S2Mamba, MLSANet achieves a favorable trade-off between accuracy and
efficiency, making it more suitable for hyperspectral image classification under resource-
constrained scenarios.

Table 18. Performance comparison of representative models on three hyperspectral image datasets.

Dataset Metric D3CNN HybridSN MorphFormer CVSSN GAHT SpectralFormer SS-MixNet S2Mamba SSFTT MLSANet

IP

Parameters/K 163.28 540.23 200.69 348.96 846.79 141.34 327.4 128.52 672.96 105.78
FLOPs/M 279.82 254.32 18.45 110.55 160.32 4.44 542.51 16.23 280.26 8.90

Time/s 8 4 4 5 2 2.65 23.91 0.33 10 2
GPU Memory/MB 128.27 104.72 463.67 204.3 554.93 48.24 856.42 365.69 64.71 176.78

PC

Parameters/K 95.42 324.58 150.42 301.24 900.06 140.88 379.75 135.62 200.62 30.25
FLOPs/M 70.26 168.32 28.33 95.33 46.32 4.44 696.81 20.85 28.54 7.32

Time/s 23 20 40 18 18 2.68 30.25 5.45 12 20
GPU Memory/MB 124.67 101.37 464.44 204.89 556.06 48.78 1107.56 467.05 65.05 183.99

SA

Parameters/K 280.42 523.89 198.8 360.92 983.04 141.34 327.4 128.52 1298.72 110.52
FLOPs/M 134.52 250.50 20.21 105.70 63.88 4.44 542.51 16.23 76.74 6.58

Time/s 10 20 25 24 12 2.8 24.03 1.54 20 11
GPU Memory/MB 133 110.44 460.01 200.11 551.27 48.24 866.42 365.69 61.06 180.01

5. Discussion
The experimental results demonstrate that MLSANet achieves a favorable balance

between classification accuracy and computational efficiency on three public hyperspectral
image datasets. Compared with conventional machine learning methods and representative
deep learning models, the proposed method maintains competitive classification perfor-
mance while using a relatively small parameter scale and low FLOPs. This performance
is mainly attributed to the coordinated design of the lightweight feature extraction layer,
LPPA, PADA, and the structure-aware representation layer. Specifically, the lightweight
feature extraction layer reduces redundant computation in the early stage, LPPA sup-
presses low-contribution spectral responses through pruning and learnable scaling, PADA
strengthens multi-scale spatial contextual representation, and the GCN-based structure-
aware layer further models relationships among enhanced features. These components
jointly improve the discriminability of spectral–spatial features without introducing exces-
sive computational overhead.

Despite the promising results achieved by the proposed method, there remains room
for further improvement. First, this work primarily focuses on lightweight spectral–spatial
feature enhancement under a fixed data partition setting, and the generalization capability
under cross-dataset, cross-sensor, and cross-scene conditions has yet to be thoroughly
investigated. Future work may incorporate domain adaptation, transfer learning, or cross-
domain feature alignment strategies to further enhance the transferability of the model
across different hyperspectral scenarios. Second, the pruning threshold, attention weights,
and multi-scale spatial modeling schemes in LPPA and PADA currently rely on pre-defined
structures. Further research could explore adaptive threshold selection, dynamic convolu-
tion, or variable-scale attention mechanisms to enable the model to automatically adjust
its feature enhancement behavior according to different land-cover categories and spa-
tial structures. Finally, although MLSANet maintains relatively low complexity in terms
of parameter count and FLOPs, further consideration of model compression, quantiza-
tion, knowledge distillation, and hardware-friendly deployment strategies is still required
for edge-device or real-time remote sensing applications so as to improve the practical
inference efficiency.
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6. Conclusions
In this paper, a Multi-Scale Lightweight Spectral Attention Network (MLSANet) is

proposed for hyperspectral image classification. The proposed method aims to reduce
model complexity while improving spectral–spatial feature representation. By combining
lightweight feature extraction, spectral response pruning and recalibration, pixel-wise adap-
tive dilated attention, and structure-aware representation, MLSANet effectively suppresses
redundant information and enhances discriminative feature learning. Experiments on the
Indian Pines, Pavia Centre, and Salinas datasets show that MLSANet achieves competitive
classification accuracy with relatively low computational complexity, demonstrating its
potential for efficient hyperspectral image classification in resource-constrained scenarios.
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