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 a b s t r a c t

Hyperspectral image (HSI) classification confronts significant challenges in modeling high-order spectral-spatial 
interactions and adaptively capturing fine-grained structural details, as existing deep learning methods typically 
suffer from inherent limitations in modeling nonlinear high-order features and reliance on fixed spatial sampling 
that fails to adapt to complex geometric variations of ground objects. To address these limitations, we propose 
a novel high-order deformable differential convolution network (HorD2CN) that enables explicit modeling of 
high-order feature interactions and adaptive capture of spatial structural details. The core innovation lies in the 
design of a high-order multi-scale differential convolution (HorMSDC) block, which is engineered to enhance 
the extraction of complex high-order patterns from HSI data and facilitate the representation of discriminative 
spectral-spatial information. This block integrates two synergistic modules: the high-order spectral differential 
convolution (HSEDC) module, which performs 1D high-order differential convolution via an adaptive spectral 
shift (ASES) operation to capture subtle spectral band variations between distinct land cover types and enhance 
fine-grained feature discriminability, and the high-order spatial differential convolution (HSADC) module, which 
employs 2D differential convolution with a deformable spatial shift (DSAS) operation to strengthen the modeling 
of multi-scale spatial structural details. By integrating these modules, HorD2CN enables adaptive extraction of 
high-order spectral-spatial features. Comprehensive experiments on five benchmark HSI datasets demonstrate 
that HorD2CN outperforms ten state-of-the-art deep learning methods, validating its effectiveness in HSI classi-
fication tasks.

1.  Introduction

Hyperspectral image (HSI) data provide rich spectral and spatial 
information, enabling a comprehensive characterization of the optical 
properties in the physical world (Bian et al., 2024). With hundreds to 
thousands of contiguous spectral bands and superior spatial mapping ca-
pabilities, HSI classification involves assigning labels to individual pixels 
based on their high-dimensional spectral-spatial features, allowing for 
precise discrimination of materials with similar visual characteristics. 
This capability has established HSI classification as a powerful tool in 
diverse applications, including environmental monitoring (Camps-Valls 
et al., 2013), agriculture (Wang et al., 2021), and land use management 
(Qin et al., 2024a).

Over the past few years, scholars have made great efforts to extract 
discriminative spectral-spatial features and enhance HSI classification 
performance. Early HSI classification primarily relied on traditional ma-
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chine learning methods, such as support vector machine (SVM) and 
random forest (RF) (Hasan et al., 2019; Zhang et al., 2018). However, 
due to their dependence on manually crafted features and limitations 
of shallow learning capabilities, HSI classification has gradually transi-
tioned into the era of deep learning (DL) (Feng et al., 2024). The success 
of DL in computer vision has been demonstrated across diverse clas-
sification tasks (Kaur et al., 2023; Verma & Yadav, 2025), prompting 
widespread interest in using DL-based methods to automatically extract 
rich spectral-spatial features from raw HSI data.

In particular, the past three years have witnessed rapid advance-
ments in transformer-based, deep MLP-based, and state-space models 
for HSI classification. Currently, the most popular and state-of-the-art DL 
methods used in HSI classification can be categorized into the following 
branches: convolutional neural network (CNN) (Torun et al., 2024), vi-
sion transformer (ViT) (Zhou et al., 2023), MLP-Mixer (Tolstikhin et al., 
2021), and Mamba (Gu & Dao, 2023).
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$1\times 1$


$3\times 3$


$5\times 5$


$\mathcal {Z}\in {\mathbb {R}}^{H \times W \times B}$


$\mathbf {z}_{h,w}$


$\left ( h, w \right )$


$h = 1,2, \dots , H$


$w = 1,2, \dots ,W$


$\mathcal {Z}$


\begin {equation}\mathcal {X}^0 = \operatorname {Conv}^{in}_{3\times 3} \left ( \mathcal {Z} \right ), \label {Eq:in}\end {equation}


$\mathcal {X}^0\in {\mathbb {R}}^{H \times W \times C}$


$\mathcal {X}^0$


\begin {equation}\mathcal {X}^{l} =\operatorname {HorMSDC}^{l}\left ( \mathcal {X}^{l-1} \right ), l = 1,2, \dots , L, \label {Xeqn2-2}\end {equation}


$\mathcal {X}^{l}$


$\mathcal {X}^{l-1}$


$l$


$l$


$L$


$^2$


$\mathcal {X}^{l}\in {\mathbb {R}}^{H \times W \times C}$


$\mathcal {X}^{l-1}\in {\mathbb {R}}^{H \times W \times C}$


\begin {align}{\rm HorMSDC}^{l}\left ( \mathcal {X}^{l-1} \right ) &={\rm Conv}^{l,out}_{1\times 1}\left ( {\rm Concat}\left ( {\rm Conv}^{l,in}_{1\times 1}\left (\mathcal {X}^{l-1} \right ),\right .\right .\nonumber \\ &\quad \left .\left .{\rm HorDC}^{l}_{3\times 3}\left (\mathcal {X}^{l-1} \right ),{\rm HorDC}^{l}_{5\times 5}\left (\mathcal {X}^{l-1} \right )\right ) \right ), \label {Xeqn3-3}\end {align}


${\rm HorDC}^{l}\left (\cdot \right )$


$l$


$3\times 3$


$5\times 5$


\begin {align}{\rm HorDC}^{l}_{k\times k}\left ( \mathcal {X}^{l-1} \right )&={\rm ReLU}\left ({\rm BN}\left ( {\rm DConv}^{l}_{k\times k}\left (\mathcal {X}^{l-1} \right )+{\rm HSEDC}^{l}_{k\times k}\left (\mathcal {X}^{l-1} \right )\right .\right .\nonumber \\ &\quad \left .\left .+{\rm HSADC}^{l}_{k\times k}\left (\mathcal {X}^{l-1} \right )\right )\right ), \label {Xeqn4-4}\end {align}
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$\Delta \mathcal {P}^l$


\begin {equation}\mathcal {X}^{l, Hor} = {\rm DConv}^{l}_{k\times k} \left ( \mathcal {X}^{l-1} \right )={\rm Offset} \left (\mathcal {X}^{l-1}, \Delta \mathcal {P}^{l} \right )\cdot \mathcal {W}^{l} + \mathcal {B}^{l}, \label {Eq:DConv}\end {equation}


${\rm Offset}(\cdot )$
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$\Delta \mathcal {P}^{l}$


\begin {equation}\Delta \mathcal {P}^{l} = {\rm Conv}^{l}_{\text {offset}}(\mathcal {X}^{l-1}). \label {Eq:Deltap}\end {equation}


${\rm Offset}(\cdot )$


\begin {equation}\begin {aligned} {\rm Offset}_{h, w} \left (\mathcal {X}^{l-1}, \Delta \mathcal {P}^{l} \right ) &= (1 - \Delta \mathbf {p}^{l, H}_{h, w})(1 - \Delta \mathbf {p}^{l, W}_{h, w})\mathbf {x}^{l-1}_{h,w} \\ &\quad + \Delta \mathbf {p}^{l, W}_{h, w}(1 - \Delta \mathbf {p}^{l, H}_{h, w})\mathbf {x}^{l-1}_{h+1,w} \\ &\quad + (1 - \Delta \mathbf {p}^{l, W}_{h, w})\Delta \mathbf {p}^{l, H}_{h, w}\mathbf {x}^{l-1}_{h,w+1} \\ &\quad +\Delta \mathbf {p}^{l, W}_{h, w} \Delta \mathbf {p}^{l, H}_{h, w}\mathbf {x}^{l-1}_{h+1,w+1}, \end {aligned} \label {Eq:DConvP}\end {equation}
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\begin {equation}w^{l,SE}_{c}=\sum _{i=1}^{k} \sum _{j=1}^{k} w^{l}_{i,j,c}, \label {Eq:HSADCDW}\end {equation}
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\begin {align}\Delta p^{l,SE}_{c}=\sum _{h=1}^{H} \sum _{w=1}^{W} \Delta p^{l}_{h,w,c}, \label {Eq:HSADCDP}\end {align}
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\begin {equation}\mathbf {x}^{l, HSEDC}_{h,w}=\mathbf {x}^{l, Hor}_{h,w}-\theta \sum _{t=0}^{T} {\rm SEDC} \left (\mathbf {x}^{l,Hor, t}_{h,w} \right ), \label {Xeqn10-10}\end {equation}


${\rm SEDC} \left (\cdot \right )$


$T$


$\mathbf {x}^{l, HSEDC}_{h,w}$


$h,w$


$\mathcal {X}^{l, HSEDC}$


$\mathbf {x}^{l, Hor, t}_{h,w}$


$h,w$


$t$


$t=0$


$\mathbf {x}^{l, Hor, t}_{h,w}$


$\mathbf {x}^{l, Hor}_{h,w}$


${\rm SEDC} \left (\cdot \right )$
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${\rm Offset}_{E}$
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\begin {equation}\mathbf {X}^{l, HSADC}_{c}=\mathbf {X}^{l, Hor}_{c}-\theta \sum _{t=0}^{T} {\rm SADC} \left (\mathbf {X}^{l, Hor, t}_{c} \right ), \label {Xeqn15-15}\end {equation}
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Among these methods, CNNs have emerged as pioneering tools, ef-
fectively capturing spatial patterns in HSI data through local recep-
tive fields and shared weights. Traditional 2D-CNNs focus on spatial 
patterns, while the spectral domain of HSI data is equally crucial for
effective analysis. Consequently, 1D-CNNs and 3D-CNNs have been de-
veloped to separately extract spectral features and simultaneously cap-
ture spectral-spatial features, respectively (Jijón-Palma et al., 2021; 
Li et al., 2022). More sophisticated network architectures have since 
been proposed to further enhance HSI classification performance. For 
instance, Zhong et al. (2023) introduced the lightweight criss-cross 
large kernel convolutional neural network (LiteCCLKNet) for HSI classi-
fication, aggregating long-range contextual features efficiently. Zhang 
et al. (2024c) designed a spectral-spatial difference convolution net-
work (S2DCN), integrating the difference principle into the deep learn-
ing framework and utilizing a learnable gradient encoding pattern to 
extract detailed features in spectral and spatial domains. Meanwhile, 
Zhang et al. (2024b) developed a tree-shaped multiobjective evolution-
ary CNN (TMOE-CNN), organizing the convolution operation hierarchi-
cally to extract features of different types and scales.

The advent of attention mechanisms has significantly advanced HSI 
classification by enabling models to focus on the most informative 
regions across both spectral and spatial domains (Qin et al., 2024b; 
Waswani et al., 2017). Building upon the success of CNNs in captur-
ing local patterns, attention mechanisms offer a complementary ap-
proach by emphasizing global dependencies and long-range interac-
tions. Inspired by human visual attention, ViT employs a self-attention 
mechanism that allows each image patch to interact with others, learn-
ing the relative importance of various parts of the image and effec-
tively capturing global information (Dosovitskiy et al., 2021). ViT-based 
methods have shown promise in learning long-range dependencies and 
capturing non-local relationships for HSI classification (Ahmad et al., 
2024a). Zhao et al. (2024) proposed a groupwise separable convolu-
tional ViT (GSC-ViT), combining groupwise separable convolution for 
local spectral-spatial feature extraction with groupwise separable multi-
head self-attention for both local and global spatial feature extraction. 
This architecture reduced model complexity while maintaining strong 
classification performance. Ahmad et al. (2024b) employed a spectral-
spatial wavelet transformer (WaveFormer), utilizing wavelet transforms 
for invertible downsampling to preserve data integrity and enable en-
hanced attention learning.

The MLP-Mixer model, a novel architecture based on multilayer per-
ceptrons (MLPs), has recently emerged as a competitive approach for 
HSI classification. Unlike traditional CNNs or ViTs, MLP-Mixer lever-
ages a simple yet powerful structure that does not rely on convolutions 
or self-attention mechanisms. Instead, it processes spatial and channel-
wise features using MLPs in separate stages (Tolstikhin et al., 2021). The 
key innovation of MLP-Mixer is the decoupling of spatial and channel 
interactions, where the model first mixes features within each spatial 
location and then mixes features across channels, enabling it to capture 
both local and global dependencies effectively. Zhang et al. (2024a) pro-
posed a learnable dilated spectral-spatial MLP (LDS2MLP), introducing a 
learnable dilated receptive field and grouped MLP to extract discrimina-
tive spectral-spatial features at different scales and promote feature in-
teraction. Shao et al. (2022) designed a spatial-spectral involution MLP 
network (SSIN), combining an involution MLP in the image path to im-
prove spatial interaction and a coordinate path to incorporate global 
spatial distribution, thereby enhancing long-distance dependencies.

Recently, Mamba (Gu & Dao, 2023) has developed into a promising 
alternative to transformers by further improving structured state-space 
sequence models (S4) (Gu et al., 2021) with a selective mechanism. Ben-
efiting from its strong long-distance modeling capabilities while main-
taining linear computational complexity, Mamba has received substan-
tial research across many fields, such as image segmentation (Li et al., 
2025; Zhang et al., 2025b), image extrapolation (Zhang et al., 2025a), 
and emotion recognition (Yang et al., 2024). Taking cues from the suc-
cess of Mamba, various Mamba variants have been proposed for HSI 

classification, such as S2Mamba (Wang et al., 2025), MambaHSI (Li 
et al., 2024), and HyperMamba (Liu et al., 2024), demonstrating the 
superiority and prospect of Mamba.

However, the nature of HSI data presents unique challenges that de-
mand specialized approaches for effective feature extraction and clas-
sification. High spectral resolution means that the satellite is capable 
of capturing hundreds of bands of the same spatial area, and the wave-
length for each band is typically narrow (Aburaed et al., 2023). The first 
challenge that follows is that the rich spectral-spatial information in HSI 
contains subtle variations, which are crucial for distinguishing similar 
materials, posing the requirement to enhance sensitivity to subtle spec-
tral and spatial variations. Second, HSI data exhibit significant high-
order statistical structures, which go beyond simple first-order (e.g., 
pixel values or mean values) and second-order (e.g., variance or covari-
ance) representations and require advanced modeling techniques to cap-
ture (Chang et al., 2014). Third, the spatial variability of HSI motivates 
the need for deformable or adaptive spatial modeling, as fixed-kernel 
operations are inadequate for capturing non-uniform spatial dependen-
cies in complex HSI data (Fang et al., 2025).

While ViT-, deep MLP-, and Mamba-based models have improved 
global feature representation, they still suffer from insufficient modeling 
of high-order spectral-spatial interactions beyond second-order statistics 
and fixed sampling kernels that fail to adapt to complex geometric de-
formations of ground objects. For example, existing ViT variants rely 
on fixed patch partitioning, while Mamba-based models often overlook 
fine-grained spectral-spatial differences.

To address these challenges, we propose a novel high-order de-
formable differential convolution network (HorD2CN) that integrates 
high-order differential convolution and deformable operations to en-
hance the feature extraction, ensuring robust and accurate classification 
even with limited labeled data. The main contributions of this paper are 
as follows.

• A HorD2CN is proposed for HSI classification, which significantly 
enhances high-order feature interactions in HSI data.

• A high-order multi-scale differential convolution (HorMSDC) block 
is introduced to explicitly model the intricate high-order features 
inherent in HSI data and enhances the sensitivity of the model to 
capture subtle spectral-spatial variations by emphasizing pixel-wise 
differences.

• The deformable operations are integrated into the HorMSDC block 
to adaptively adjust sampling positions, extracting complex spectral 
patterns and spatial geometric structural features.

• Comprehensive experiments are conducted on five benchmark HSI 
datasets, and the experimental results demonstrate that the proposed 
HorD2CN achieves competitive performance compared to ten state-
of-the-art methods in the field.
The structure of this paper is organized as follows. Section 2 reviews 

related work on high-order feature interaction, differential convolution, 
and deformable operations. Section 3 details the proposed HorD2CN. 
Section 4 presents a comprehensive analysis of experimental results, 
comparing the performance of HorD2CN with ten deep learning methods 
across five HSI datasets. Finally, Section 5 concludes the paper.

2.  Related works

2.1.  High-order feature interaction

High-order feature interactions in images refer to the complex and 
nonlinear relationships between different features within an image, 
which result in higher-level semantic information or more refined fea-
ture representations. Unlike first-order (linear) or second-order (simple 
nonlinear) interactions, high-order feature interactions involve intricate 
dependencies among multiple features, capturing deeper contextual in-
formation and inter-feature relationships. While there exist complex and 
often high-order interactions between two spatial locations in a deep 
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model due to the non-linearity, the success of self-attention and other dy-
namic networks highlights the benefits of explicitly incorporating high-
order spatial interactions, thereby enhancing the modeling capacity of 
vision models (Rao et al., 2022).

Currently, approaches to realizing high-order feature interactions 
can be broadly classified into two categories. One approach involves 
the derivation of local pattern descriptors. For example, Liu et al. (2019) 
proposed an improved derived mean complete local binary pattern (DM 
CLBP) based on high-order derivatives, capturing imaging information 
from the concave-convex regions between the high-order pixel and the 
neighboring sampling points. Zhang et al. (2010) introduced a local 
derivative pattern (LDP) to extract high-order local information by en-
coding various distinctive spatial relationships contained in a given local 
region. Similarly, Fan and Hung (2014) presented a local vector pat-
tern (LVP) in the high-order derivative space for face recognition, effec-
tively extracting 1D and 2D texture features through constructing vec-
tors based on pixel differences and encoding vector pairwise directions 
via comparative space transform.

The second approach leverages deep learning methods to model 
high-order feature interactions. For instance, Xie et al. (2021) employed 
a broad attentive graph fusion network (BaGFN) to better model high-
order feature interactions in a flexible and explicit manner. Rao et al. 
(2022) designed a HorNet to perform high-order spatial interactions 
through gated convolutions and recursive mechanisms. Additionally, 
Jiang et al. (2023) introduced the idea of high-order feature extrac-
tion and interaction into the HSI classification task and proposed a 
spectral-spatial multi-order interaction network (S2MoINet), capturing 
high-order and generalized features to improve classification accuracy.

2.2.  Differential convolution

Differential convolution (Yu et al., 2020a,b), inspired by the differ-
ential principles of the traditional Local Binary Pattern (LBP) operator 
(Ojala et al., 2002), addresses the limitations of standard convolutions 
in effectively capturing fine-grained image details. Unlike conventional 
convolution, which directly applies fixed kernels to extract features, dif-
ferential convolution emphasizes the differences between neighboring 
pixels and the central pixel within a local patch. Specifically, it com-
putes the difference between each surrounding element and the cen-
ter pixel, followed by applying a convolution kernel to highlight sub-
tle variations or structural details. This approach has gained significant 
traction in computer vision due to its ability to enhance sensitivity to 
high-frequency information, as illustrated in Fig. 1.

By focusing on pixel-wise differences, differential convolution ex-
cels at capturing intricate local patterns, making it particularly effec-
tive for tasks requiring fine detail extraction. Its variants have demon-
strated remarkable success across diverse applications, including face 

anti-spoofing (Yu et al., 2020b), edge detection (Su et al., 2021), and 
video gesture/action recognition (Yu et al., 2021).

In the context of HSI classification, differential convolution has 
proven advantageous due to its ability to model subtle spectral varia-
tions and spatial structural details across different land cover types. For 
instance, Zhang et al. (2024c) introduced the spectral-spatial difference 
convolution network (S2DCN) for HSI classification, leveraging a learn-
able gradient encoding mechanism to extract discriminative features in 
both spectral and spatial domains. This underscores the potential of dif-
ferential convolution as a powerful tool for processing high-dimensional 
HSI data, warranting further exploration in this field.

2.3.  Deformable operation

Deformable operation marks a significant advancement in deep 
learning by enabling dynamic adjustment of spatial sampling positions, 
thereby improving the model’s ability to capture complex geometric 
shapes and structures (Zhang et al., 2024a). Among these techniques, 
deformable convolution has become the most widely adopted method 
(Dai et al., 2017; Zhu et al., 2019). By incorporating learnable offsets 
into convolution kernels, deformable convolution can adaptively adjust 
to geometric variations in the input data, significantly enhancing the 
model’s feature extraction capabilities and robustness. This adaptabil-
ity is particularly essential when dealing with data containing intricate 
or irregular patterns, where traditional convolutions with fixed kernels 
often fail to perform effectively.

In HSI classification, the inherently high-dimensional and complex 
spectral-spatial characteristics present unique challenges for feature ex-
traction. Ground objects in HSI data commonly exhibit diverse shapes, 
scale variations, and local deformations, making it difficult for conven-
tional models to capture informative features. Deformable operations 
provide a promising solution by enabling adaptive changes in the re-
ceptive field, allowing the model to focus on critical regions and reduce 
information loss (Zhu et al., 2018). Recent progress in deformable opera-
tions has further expanded their applicability in HSI classification. Tech-
niques such as multiscale deformable convolution (Fang et al., 2025; 
Yang et al., 2023), deformable 3D convolution (Tang et al., 2022), su-
perpixel guided deformable convolution (Zhao et al., 2022), and learn-
able dilated operation (Zhang et al., 2024a) have significantly improved 
the modeling of intricate spectral-spatial relationships in HSI data by ex-
plicitly addressing its geometric complexity.

Nevertheless, existing studies on deformable operations for HSI clas-
sification have primarily emphasized spatial flexibility based on tradi-
tional convolution kernels with learnable offsets. Although such meth-
ods improve the network’s ability to handle irregular object boundaries, 
they generally operate in low-order feature spaces, which limits their 
capacity to model more abstract spatial relationships in complex land 
cover structures. To overcome this limitation, HorD2CN integrates de-

Fig. 1. Schematic diagrams of the two convolutions. (a) Conventional convolution. (b) Differential convolution.
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formable operations into high-order computational flows. This integra-
tion enables the model not only to adjust sampling positions adaptively 
but also to capture rich spectral-spatial dependencies beyond the pixel 
level.

Building on these advancements, the unified framework HorD2CN 
combines high-order differential convolution with deformable opera-
tions to address the unique challenges of HSI classification. Our ap-
proach ensures robust and precise classification, even in scenarios with 
limited labeled data.

3.  Methodology

3.1.  Overall

In this section, we propose a network structure named HorD2CN, 
which aims to improve classification accuracy by effectively extracting 
and fusing HSI features through an adaptive spatial-spectral differential 
structure. Fig. 2 illustrates the general classification framework. Its first 
component is a convolution layer that adjusts the number of channels 
in the input features, the subsequent feature extraction process consists 
of a high-order multi-scale differential convolution (HorMSDC) block. 
Each HorMSDC block includes three parallel branches: a 1 × 1 convo-

lution (conv) branch that captures pixel-level features and achieves di-
mensionality reduction, a 3 × 3 deformable differential convolution (dif-
fconv) branch that captures medium-scale spatial structures, and a 5 × 5
deformable diffconv branch that captures large-scale spatial structures. 
Each diffconv branch consists of two modules: the high-order spectral 
differential convolution (HSEDC) module and the high-order spatial dif-
ferential convolution (HSADC) module.

The HSEDC module improves the extraction of subtle spectral differ-
ences between various ground object types through deformable adaptive 
spectral shift (ASES). It enables the module to dynamically adapt to dif-
ferent spectral characteristics, thus enhancing the ability to distinguish 
between different ground objects in the spectral dimension. Meanwhile, 
the HSADC module leverages differential convolution and deformable 
spatial shift (DSAS) to enhance spatial context awareness and optimize 
structural detail modeling. DSAS allows the module to better capture 
the spatial relationships and structural details of the input features, con-
tributing to a more accurate representation of the spatial information. 
These modules enable adaptive extraction of geometric deformations 
and complex patterns in the spatial and spectral domains of the input 
features. Finally, the multi-scale features obtained from the multiple 
HorMSDC blocks are concatenated along the channel dimension and 
passed through a fully connected layer for the final classification.

Fig. 2. The architecture of the proposed HorD2CN.
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Fig. 3. High-order differential convolution module. (a) HSEDC. (b) HSADC.

3.2.  HorMSDC

We define the input HSI data cube as  ∈ ℝ𝐻×𝑊 ×𝐵 , where H and W
represent the height and width of the HSI data, respectively, and B de-
notes the number of spectral bands. Let 𝐳ℎ,𝑤 represent the pixel located 
at spatial position (ℎ,𝑤), where ℎ = 1, 2,… ,𝐻 , 𝑤 = 1, 2,… ,𝑊 . First, a 
convolution layer is used to transform the number of spectral bands B
of the input data  into the internal channel dimension C, allowing for 
the preliminary extraction of features:
0 = Conv𝑖𝑛3×3 (), (1)

where 0 ∈ ℝ𝐻×𝑊 ×𝐶 denotes the features input into the HorMSDC 
block.

Subsequently, 0 is processed through multiple HorMSDC blocks. 
The designed HorMSDC block is capable of simultaneously processing 
features at multiple scales within a single layer, effectively addressing 
the limitations in feature extraction that may arise from a single convo-
lution kernel:
 𝑙 = HorMSDC𝑙 ( 𝑙−1), 𝑙 = 1, 2,… , 𝐿, (2)

where  𝑙 and  𝑙−1 are the output feature maps at the 𝑙-th and (𝑙-1)-th 
block, 𝐿 represents the number of HorMSDC blocks in the HorD2CN. 
The model maintains  𝑙 ∈ ℝ𝐻×𝑊 ×𝐶 and  𝑙−1 ∈ ℝ𝐻×𝑊 ×𝐶 .

Each HorMSDC block consists of parallel branches via adaptive dif-
ferential convolution and traditional convolution to integrate multi-
scale features:
HorMSDC𝑙( 𝑙−1) = Conv𝑙,𝑜𝑢𝑡1×1

(

Concat
(

Conv𝑙,𝑖𝑛1×1
(

 𝑙−1),

HorDC𝑙
3×3

(

 𝑙−1),HorDC𝑙
5×5

(

 𝑙−1))), (3)

where HorDC𝑙(⋅) denotes the high-order differential convolution opera-
tion at the 𝑙-th block. In the HorMSDC block, this operation is performed 
using convolution kernels of size 3 × 3 and 5 × 5, respectively, to extract 
multi-scale spectral-spatial features.

Each HorDC branch processes features via deformable differential 
convolution, spectral differential convolution, and spatial differential 
convolution, followed by batch normalization and ReLU:
HorDC𝑙

𝑘×𝑘
(

 𝑙−1) = ReLU
(

BN
(

DConv𝑙𝑘×𝑘
(

 𝑙−1) + HSEDC𝑙
𝑘×𝑘

(

 𝑙−1)

+HSADC𝑙
𝑘×𝑘

(

 𝑙−1))), (4)

where 𝑘 represents the convolution kernel size corresponding to the 
HorDC branch. HSEDC stands for high-order adaptive spectral differ-
ential convolution, which is used to extract spectral features from HSI, 
as shown in Fig. 3a. HSADC refers to high-order adaptive spatial differ-
ential convolution, which is employed to extract spatial features from 
HSI, as illustrated in Fig. 3b. DConv denotes deformable convolution, 
which provides input feature maps  𝑙,𝐻𝑜𝑟, convolution kernels  𝑙, bias 
𝑙, and feature position offsets Δ 𝑙 to the HSEDC and HSADC modules, 
as described in Eq. (5).
 𝑙,𝐻𝑜𝑟 = DConv𝑙𝑘×𝑘

(

 𝑙−1) = Offset
(

 𝑙−1,Δ 𝑙) ⋅ 𝑙 + 𝑙 , (5)

where Offset(⋅) is the position offset operation, which calculates the new 
sampling positions for the convolution kernel  𝑙 on the feature map 
 𝑙−1 using the offset Δ 𝑙. The learnable offset Δ 𝑙 is derived from the 
input features via a dedicated convolution layer:
Δ 𝑙 = Conv𝑙offset(

𝑙−1). (6)

The Offset(⋅) operation computes feature values at non-grid positions by 
bilinear interpolation of neighboring pixels:
Offsetℎ,𝑤

(

 𝑙−1,Δ 𝑙) = (1 − Δ𝐩𝑙,𝐻ℎ,𝑤)(1 − Δ𝐩𝑙,𝑊ℎ,𝑤 )𝐱𝑙−1ℎ,𝑤

+ Δ𝐩𝑙,𝑊ℎ,𝑤 (1 − Δ𝐩𝑙,𝐻ℎ,𝑤)𝐱
𝑙−1
ℎ+1,𝑤

+ (1 − Δ𝐩𝑙,𝑊ℎ,𝑤 )Δ𝐩𝑙,𝐻ℎ,𝑤𝐱
𝑙−1
ℎ,𝑤+1

+ Δ𝐩𝑙,𝑊ℎ,𝑤Δ𝐩𝑙,𝐻ℎ,𝑤𝐱
𝑙−1
ℎ+1,𝑤+1,

(7)

where 𝐱𝑙−1ℎ,𝑤 denotes the feature vector at the spatial position (ℎ,𝑤) in the 
feature map. Δ𝐩𝑙,𝐻ℎ,𝑤 and Δ𝐩𝑙,𝑊ℎ,𝑤  represent the offset components along the 
𝐻 and 𝑊  directions, respectively.

The new feature map  𝑙,𝐻𝑜𝑟, convolution kernel  𝑙, and feature po-
sition offset Δ 𝑙 obtained from the deformable convolution, are then 
input into HSEDC and HSADC to extract spectral and spatial features, 
respectively.

3.3.  HSEDC

The designed HSEDC module generates preliminary feature maps 
by integrating ASES with deformable convolution, simultaneously com-

Fig. 4. Differential convolution kernels with offsets. (a) ASES. (b) DSAS.
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puting the spectral differential convolution kernel 𝐰𝑙,𝑆𝐸 and the cor-
responding spectral offset Δ𝐩𝑙,𝑆𝐸 required for HSEDC, as illustrated in 
Fig. 4a. To intuitively explain the ASES operation, consider a 1D spectral 
vector: traditional convolution samples fixed positions, whereas ASES 
dynamically learns offset values to sample shifted positions. This adap-
tive sampling allows the model to align with subtle material-specific 
spectral variations. ASES effectively slides the convolution kernel across 
non-uniform, feature-aware positions along the spectral axis, capturing 
nuanced changes overlooked by fixed kernels.

First, the convolution kernel and offsets of the deformable convo-
lution are utilized to compute the differential convolution kernel 𝐰𝑙,𝑆𝐸

and the differential offset Δ𝐩𝑙,𝑆𝐸 , which are subsequently applied to de-
formable differential convolution operations at different orders:

𝑤𝑙,𝑆𝐸
𝑐 =

𝑘
∑

𝑖=1

𝑘
∑

𝑗=1
𝑤𝑙

𝑖,𝑗,𝑐 , (8)

where 𝑤𝑙,𝑆𝐸
𝑐  represents the feature value of the differential convolution 

kernel at the 𝑐-th channel, and 𝑤𝑙
𝑖,𝑗,𝑐 denotes the feature value of the de-

formable convolution weight  𝑙 at the 𝑐-th channel and spatial position 
(𝑖, 𝑗). 

Δ𝑝𝑙,𝑆𝐸𝑐 =
𝐻
∑

ℎ=1

𝑊
∑

𝑤=1
Δ𝑝𝑙ℎ,𝑤,𝑐 , (9)

where Δ𝑝𝑙,𝑆𝐸𝑐  represents the differential offset at the 𝑐-th channel, Δ𝑝𝑙ℎ,𝑤,𝑐
denotes the deformable convolution offset Δ 𝑙 at the 𝑐-th channel and 
spatial position (ℎ,𝑤). Subsequently, the spectral differential convolu-
tion results are accumulated through high-order iterative operations. 
The results from each order of differential convolution are then com-
bined through accumulation to obtain the high-order features corre-
sponding to the module.

The high-order spectral features are obtained by accumulating dif-
ferential convolution results through iterative operations:

𝐱𝑙,𝐻𝑆𝐸𝐷𝐶
ℎ,𝑤 = 𝐱𝑙,𝐻𝑜𝑟

ℎ,𝑤 − 𝜃
𝑇
∑

𝑡=0
SEDC

(

𝐱𝑙,𝐻𝑜𝑟,𝑡
ℎ,𝑤

)

, (10)

where SEDC(⋅) is the channel adaptive differential convolution, 𝑇  de-
notes the order. 𝐱𝑙,𝐻𝑆𝐸𝐷𝐶

ℎ,𝑤  represents the feature vector at spatial posi-
tion (ℎ,𝑤) of the output feature  𝑙,𝐻𝑆𝐸𝐷𝐶 , and 𝐱𝑙,𝐻𝑜𝑟,𝑡

ℎ,𝑤  is the feature vec-
tor computed at spatial position (ℎ,𝑤) during the 𝑡-th iteration. When 
𝑡 = 0, 𝐱𝑙,𝐻𝑜𝑟,𝑡

ℎ,𝑤  corresponds to the initial input 𝐱𝑙,𝐻𝑜𝑟
ℎ,𝑤 . The calculation of 

SEDC(⋅) is shown in Eq. (11).

SEDC
(

𝐱𝑙,𝐻𝑜𝑟,𝑡
ℎ,𝑤

)

= Offset𝐸
(

𝐱𝑙,𝐻𝑜𝑟,𝑡−1
ℎ,𝑤 ,Δ𝐩𝑙,𝑆𝐸

)

⋅ 𝐰𝑙,𝑆𝐸 + 𝐛𝑙,𝑆𝐸 , (11)

where Offset𝐸 represents the channel position offset operation, as 
shown in Eq. (12).

Offset𝐸
(

𝐱𝑙,𝐻𝑜𝑟,𝑡−1
ℎ,𝑤 ,Δ𝐩𝑙,𝑆𝐸

)

=
(

1 − Δ𝑝𝑙,𝑆𝐸𝑐
)

𝑥𝑙,𝐻𝑜𝑟
ℎ,𝑤,𝑐 + Δ𝑝𝑙,𝑆𝐸𝑐 𝑥𝑙,𝐻𝑜𝑟

ℎ,𝑤,𝑐+1. (12)

The incorporation of high-order differential iterations in HSEDC al-
lows the model to emphasize curvature-level differences in spectral sig-
natures, which are particularly important in HSI data where subtle shifts 
in spectral slope or shape often indicate different material classes. By us-
ing ASES, the HSEDC module avoids the limitations of fixed sampling, 
offering a flexible and learnable mechanism that adjusts sampling points 
to focus on more informative spectral variations, thereby improving the 
spectral sensitivity of the model.

3.4.  HSADC

Similar to the HSEDC module, the HSADC module lies in the use of 
higher-order adaptive spatial differential convolution. First, DSAS in-
tegrates with deformable convolution to generate initial feature maps 
along with the corresponding convolution kernels and offsets, which 
are then used to compute the spatial differential convolution kernels 

and the corresponding spatial offsets needed in the HSADC, as shown in 
Fig. 4b.

Traditional 2D convolution utilizes uniformly spaced grid positions 
(e.g., a fixed 3×3 kernel with neighbors at fixed offsets). However, this 
rigid sampling is inadequate for modeling irregular object boundaries 
or shapes. The DSAS operation overcomes this limitation by learning 
spatial offsets that dynamically adjust the sampling positions based on 
content. As depicted in Fig. 4b, DSAS can shift the kernel sampling to 
follow the edge of an object or align with important structures in the 
spatial domain.

The spatial differential convolution kernel is computed by summing 
deformable convolution kernels across all channels

𝑤𝑙,𝑆𝐴
𝑖,𝑗 =

𝐶
∑

𝑐=1
𝑤𝑙

𝑖,𝑗,𝑐 , (13)

where 𝑤𝑙,𝑆𝐴
𝑖,𝑗  represents the kernel value at spatial position (𝑖, 𝑗), and 

𝑤𝑙
𝑖,𝑗,𝑐 is the deformable kernel value at the 𝑐-th channel.
The corresponding spatial offset is derived by summing deformable 

offsets across channels:

Δ𝑝𝑙,𝑆𝐴ℎ,𝑤 =
𝐶
∑

𝑐=1
Δ𝑝𝑙ℎ,𝑤,𝑐 , (14)

where Δ𝑝𝑙,𝑆𝐴ℎ,𝑤  represents the offsets at (ℎ,𝑤), and Δ𝑝𝑙ℎ,𝑤,𝑐 is the de-
formable offset at the 𝑐-th channel.

Subsequently, through a looping operation, deformable convolution 
is applied multiple times to progressively refine the feature representa-
tion and obtain higher-order spatial differential convolution results. The 
weight 𝜃 is used to adjust the results of the native deformable convolu-
tion and differential convolution, retaining detail information in each 
order. Finally, the differential convolution results from each order are 
merged through accumulation to obtain the higher-order features cor-
responding to the module.

𝐗𝑙,𝐻𝑆𝐴𝐷𝐶
𝑐 = 𝐗𝑙,𝐻𝑜𝑟

𝑐 − 𝜃
𝑇
∑

𝑡=0
SADC

(

𝐗𝑙,𝐻𝑜𝑟,𝑡
𝑐

)

, (15)

where SADC(⋅) is the spatially adaptive differential convolution, 
𝐗𝑙,𝐻𝑆𝐴𝐷𝐶
𝑐  is the feature map of the output of HSADC  𝑙,𝐻𝑆𝐴𝐷𝐶 at the 

𝑐-th channel, and 𝐗𝑙,𝐻𝑜𝑟,𝑡
𝑐  is the feature map of the spatially adaptive 

differential convolution at the 𝑐-th channel in the 𝑡-th iteration. When 
𝑡 = 0, 𝐗𝑙,𝐻𝑜𝑟,𝑡

𝑐  represents the initial input 𝐱𝑙,𝐻𝑜𝑟
𝑐  to the HSADC module. 

The computation of SADC(⋅) is given by Eq. (16):
SADC

(

𝐗𝑙,𝐻𝑜𝑟,𝑡
𝑐

)

= Offset𝐴
(

𝐗𝑙,𝐻𝑜𝑟,𝑡−1
𝑐 ,Δ𝐏𝑙,𝑆𝐴) ⋅𝐖𝑙,𝑆𝐴 + 𝐁𝑙,𝑆𝐴, (16)

where Offset𝐴 represents the spatial position offset operation. The spa-
tial position offset operation is given by Eq. (17):
Offset𝐴

(

𝐗𝑙,𝐻𝑜𝑟,𝑡−1
𝑐 ,Δ𝐏𝑙,𝑆𝐴) = (1 − Δ𝑝𝑙,𝐻,𝑆𝐴

ℎ,𝑤 )(1 − Δ𝑝𝑙,𝑊 ,𝑆𝐴
ℎ,𝑤 )𝐱𝑙,𝐻𝑜𝑟

ℎ,𝑤

+ Δ𝑝𝑙,𝑊 ,𝑆𝐴
ℎ,𝑤 (1 − Δ𝑝𝑙,𝐻,𝑆𝐴

ℎ,𝑤 )𝐱𝑙,𝐻𝑜𝑟
ℎ+1,𝑤

+ (1 − Δ𝑝𝑙,𝑊 ,𝑆𝐴
ℎ,𝑤 )Δ𝑝𝑙,𝐻,𝑆𝐴

ℎ,𝑤 𝐱𝑙,𝐻𝑜𝑟
ℎ,𝑤+1

+ Δ𝑝𝑙,𝑊 ,𝑆𝐴
ℎ,𝑤 Δ𝑝𝑙,𝐻,𝑆𝐴

ℎ,𝑤 𝐱𝑙,𝐻𝑜𝑟
ℎ+1,𝑤+1,

(17)

where, Δ𝑝𝑙,𝐻,𝑆𝐴
ℎ,𝑤  and Δ𝑝𝑙,𝑊 ,𝑆𝐴

ℎ,𝑤  represent the offset components along the 
𝐻 and 𝑊  directions, respectively.

The recursive higher-order operation in HSADC enables the extrac-
tion of nuanced geometric features such as edge transitions, texture vari-
ations, and structural context, which are often overlooked by shallow 
convolution. This is conceptually related to high-order local descrip-
tors, but is further enhanced here by deformable spatial shifts that dy-
namically adapt to object boundaries and complex layouts in hyper-
spectral scenes. With DSAS operation, the model performs flexible spa-
tial sampling, adapting to complex geometries and avoiding the over-
smooth effect of fixed kernels. This deformable mechanism results in im-
proved boundary delineation and better spatial context modeling, espe-
cially for non-uniform terrain and man-made structures in hyperspectral
scenes.
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3.5.  Classifier

To predict the category, we construct a classifier to classify the in-
tegrated features 𝐿 output by the final HorMSDC block. The classifier 
consists of global average pooling (GAP(⋅)) and a multilayer perceptron 
(MLP(⋅)).

𝒚 = Sof tmax
(

MLP
(

GAP
(

𝐿))), (18)

where ̂𝒚 ∈ ℝ1×𝑃  represents the predicted result, and 𝑃  is the total num-
ber of classes. The Sof tmax function maps the output to class probabili-
ties, from which the final prediction of the model is obtained.

4.  Experiments

4.1.  Experimental datasets

The experiments are conducted on five public HSI datasets. The false-
color and ground truth maps information are shown in Fig. 5, with de-
scriptive information provided in Table 1. The more detailed description 
of experimental datasets is as follows:

• The Indian Pines (IP) dataset (Larry L. Biehl & Landgrebe, 2015) 
was acquired in 1992 by the Airborne Visible Infrared Imaging 
Spectrometer (AVIRIS) over a region in northwestern Indiana, USA. 
This dataset comprises 145 × 145 pixels with 220 spectral bands 
(400–2500nm). After removing water absorption bands, 200 spec-
tral bands were retained. The spatial resolution is 20m, and it in-
cludes 16 distinct land cover types.

• The Salinas Valley (SV) dataset (Gualtieri et al., 1999) was col-
lected in 1998 by the Airborne Visible/Infrared Imaging Spectrom-
eter (AVIRIS) over Salinas Valley, California, USA. It has a spatial 
resolution of 3.7m and consists of 512 × 217 pixels with 224 spec-
tral bands (400–2500nm). After removing water absorption bands, 
204 spectral bands were retained. It includes 16 distinct land cover 
classes.

• The WHU-Hi-LongKou (LK) dataset (Zhong et al., 2020), released 
by Wuhan University, was collected in 2017 using UAV over agri-
cultural areas in Longkou Town, Hubei Province, China. It in-
cludes 9 land cover categories, with a spatial resolution of 0.463m. 
This dataset consists of 550 × 400 pixels and 270 spectral bands 
(400–1000nm).

Fig. 5. The false-color images and ground-truth maps of the experimental datasets. (a) IP. (b) SA. (c) LK. (d) HH. (e) HC.

Table 1 
The color, class, and sample number for each category of five HSI datasets.
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Table 2 
Classification accuracy with different number of orders on the five HSI 
datasets.

 Dataset  Metrics  order-1  order-2  order-3  order-4  order-5

IP
 OA(%)  92.04  92.76  92.81  92.19  91.94
 AA(%)  93.76  94.76  94.45  94.29  93.71
𝜅(×100)  91.06  91.74  91.80  91.10  90.82

SA
 OA(%)  99.48  99.49  99.50  99.41  99.40
 AA(%)  99.46  99.47  99.56  99.40  99.22
𝜅(×100)  99.43  99.43  99.44  99.26  99.15

LK
 OA(%)  99.72  99.73  99.76  99.76  99.63
 AA(%)  99.28  99.30  99.35  99.33  98.96
𝜅(×100)  99.63  99.64  99.68  99.68  99.51

HH
 OA(%)  99.03  99.23  99.31  99.28  99.29
 AA(%)  98.37  98.50  98.41  98.23  98.72
𝜅(×100)  99.08  99.08  99.12  99.04  99.03

HC
 OA(%)  98.30  98.45  98.69  98.21  98.49
 AA(%)  98.22  98.33  98.50  98.01  98.30
𝜅(×100)  98.90  99.03  99.20  99.11  99.09

• The WHU-Hi-HongHu (HH) dataset (Zhong et al., 2020) was ac-
quired in 2017 using UAV over agricultural areas in Honghu City, 
Hubei Province, China. This dataset comprises 22 land cover cate-
gories, with a spatial resolution of 0.043m. It consists of 940 × 475
pixels and 270 spectral bands (400–1000nm).

• The WHU-Hi-Han-Chuan (HC) dataset (Zhong et al., 2020) was col-
lected in Hanchuan City, Hubei Province. This dataset covers a wide 
range of feature types, including farmland, water bodies, buildings, 
forests, and roads. It provides accurate pixel-level labeling informa-
tion, with 274 spectral bands (400–2500nm) and 16 categories. The 
spatial resolution is 0.109m. The dataset consists of 1217 × 303 pix-
els.

4.2.  Experimental configurations

The experiments are conducted using Python 3.11 and PyTorch 2.2.2 
on a workstation equipped with an Intel Core i9-13900KF CPU, 128G 

RAM, and an NVIDIA GeForce RTX 4090 24GB GPU. To evaluate the 
performance of our proposed HorD2CN, we select ten advanced deep 
learning methods for comparison, i.e., CNN (Lee & Kwon, 2017), ViT 
(Dosovitskiy et al., 2021), ConvViT (Wu et al., 2021), MLP-Mixer (Tol-
stikhin et al., 2021), gMLP (Liu et al., 2021), HorNet (Rao et al., 2022), 
LVGG (Fei et al., 2024), PiDiNet (Su et al., 2021), MambaHSI (Li et al., 
2024), and MRGAT (Ding et al., 2023).

We employ five evaluation metrics on the five HSI datasets in the 
experiments, including overall accuracy (OA), average accuracy (AA), 
Kappa coefficient (𝜅), model parameters (Params.), floating point op-
erations (FLOPs), and training time per epoch (Time) (Li et al., 2024; 
Zhong et al., 2025).

4.3.  Parameter validation

Order T in HorD2CN: Table 2 presents the performance metrics on 
the five datasets for orders ranging from 1 to 5. The results indicate that 
all metrics improve as the order increases from 1 to 3, reaching their 
peak at order-3. Beyond order-3, performance begins to decline, sug-
gesting that higher orders may lead to overfitting. For the IP dataset, 
the metrics show slight improvements from order-1 to order-3, but per-
formance fluctuates overall. The SA and LK datasets exhibit stable per-
formance across different orders, with a slight decline at higher orders 
(order-4 and order-5). In the HH dataset, the best OA and 𝜅 values occur 
at order-3, while AA is slightly higher at order-5. For the HC dataset, 
AA shows a marginal decrease from 98.41% at order-3 to 98.30% at 
order-5. Overall, order-3 is identified as the optimal choice based on 
the evaluation metrics.

Patch size: Fig. 6 illustrates the impact of patch size on OA across 
various datasets. For the IP dataset, OA increases as the patch size grows 
from 9 to 11, with HorD2CN achieving the highest performance at a 
patch size of 11. In the SA dataset, OA increases rapidly with smaller 
patch sizes (9 to 15) before stabilizing at larger patch sizes (17 to 19), 
with optimal performance at a patch size of 15. The LK, HH, and HC 
datasets show similar trends, with OA increasing significantly as the 
patch size grows, but stabilizing at a patch size of 15. HorD2CN achieves 
the best performance at this patch size, outperforming other models. 
Based on these observations, a patch size of 11 is selected for the IP 
dataset, while a patch size of 15 is chosen for the other four datasets.

Fig. 6. OAs of different patch sizes across five HSI datasets. (a) IP. (b) SA. (c) LK. (d) HH. (e) HC.

Fig. 7. OAs of different training ratios across five HSI datasets. (a) IP. (b) SA. (c) LK. (d) HH. (e) HC.
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Fig. 8. OAs of HorD2CN corresponding to different depth and width for HSI datasets. (a) IP. (b) SA. (c) LK. (d) HH. (e) HC.

Training ratio: This experiment evaluates six different 
training ratios (0.5%, 1.0%, 1.5%, 2.0%, 2.5%, and 3.0%). 
Fig. 7 illustrates the relationship between the training ratio 
and OA across the five datasets. Generally, as the training ratio
increases, the OA of all models improves. HorD2CN demonstrates 
significant advantages, particularly at low training ratios (0.5% and 
1.0%), where its performance is notably superior to other models. 
CNN, ConvViT, and HorNet perform relatively poorly across all 
datasets, while MLP-Mixer and LVGG show similar performance, 
though still lagging behind HorD2CN. As the training ratio increases, 
the performance gap between models narrows. When the training ratio 
reaches 2.0%, the improvement slows, resulting in the selection of a 
2.0% training ratio for the experiment.

Depth and width of HorD2CN: The depth and width of a deep learn-
ing model are critical hyperparameters that significantly influence its 
performance. Depth (D), defined by the number of layers, determines the 
capacity of the network to learn complex and hierarchical feature rep-
resentations. However, increasing depth also raises computational costs 
and the risk of challenges such as vanishing gradients. Width (W), char-
acterized by the number of neurons or channels per layer, governs the 
ability of the network to capture fine-grained details and intricate data 
interactions. Achieving an optimal balance between depth and width 
is essential for maximizing accuracy and efficiency, particularly under 
constrained computational resources.

To validate the relationship between model depth and width, we 
evaluate depths ranging from 1 to 5 and widths of 16, 32, 64, 128, and 
256. As shown in Fig. 8, performance improves with increasing width 
and depth. The best results are achieved with a depth of 2 and a width 

of 128. Deeper and wider networks tend to overfit and increase com-
putational demands, which is why this combination is selected for the 
experiment. Specifically, in the IP and HC datasets, OA varies signifi-
cantly with changes in depth and width, indicating that these datasets 
are more sensitive to the model structure. In the SA dataset, the OA is 
relatively high and evenly distributed, suggesting that the model per-
forms more stably on this dataset.

4.4.  Comparison analysis

Tables 3–7 present the comparison results between HorD2CN and 
other methods across the five datasets. Overall, HorD2CN outperforms 
the other methods in terms of OA, AA, and 𝜅(×100) across all datasets. 
Compared to the second-best method, HorD2CN achieves improvements 
in OA by 0.46% (IP dataset), 0.03% (SA dataset), 0.02% (LK dataset), 
0.02% (HH dataset), and 0.01% (HC dataset). CNN exhibits the poor-
est performance across all datasets, while ViT-based methods show rel-
atively lower performance compared to MLP-based methods. PiDiNet 
achieves relatively satisfactory results due to its focus on extracting lo-
cal edges and texture information, with high sensitivity to detailed fea-
tures. However, PiDiNet has limitations in extracting spectral dimension 
features. LVGG, by retaining the multi-layer convolutional characteris-
tics of the VGG network, enables the extraction of richer, multi-level 
features in both spatial and spectral dimensions, resulting in superior 
performance compared to PiDiNet.

In our experiments, MambaHSI and MRGAT demonstrate competi-
tive performance in categories with complex spatial structures or sub-
tle spectral differences (e.g., C02 and C03 in the IP dataset), yet 

Table 3 
Quantitative results of different deep learning methods on the IP dataset (2.0% training ratio) with best results highlighted in bold.
 Class  CNN  ViT  ConvViT  MLP-Mixer  gMLP  HorNet  LVGG  PiDiNet  MambaHSI  MRGAT  HorD2CN

 1  84.94±0.94  100.0±0.00  88.98±3.52  92.65±1.08  94.94±0.94  94.94±0.94  97.15±0.21  100.0±0.00  97.15±0.21  97.15±0.21  97.15±0.21
 2  77.79±0.72  79.75±0.17  79.04±0.51  89.29±0.33  80.58±0.48  80.78±0.46  89.89±0.47  87.21±0.51  90.10±0.56  92.00±0.42  88.95±0.38
 3  79.35±0.63  69.80±0.52  81.09±0.23  80.44±0.50  81.44±1.10  66.44±0.75  78.26±0.57  80.35±0.62  87.04±0.58  86.56±0.57  86.33±0.69
 4  85.69+0.95  85.37±0.93  89.44±1.57  99.66±0.28  97.43±0.44  95.74±0.33  97.87±0.22  99.11±0.26  100.0±0.00  98.87±0.53  100.0±0.00
 5  78.41±1.01  71.37±1.25  79.21±1.51  89.62±0.75  79.46±1.07  83.61±1.16  90.84±0.79  88.74±0.79  80.84±1.22  91.16±0.93  88.41±0.70
 6  76.39±0.38  84.29±0.84  82.93±0.78  95.10±0.54  88.27±0.62  95.72±0.34  95.69±0.42  95.87±0.52  86.43±1.08  89.60±0.80  93.99±0.70
 7  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00
 8  89.83±0.14  100.0±0.00  90.71±1.02  99.56±0.14  98.90±0.25  99.83±0.13  99.67±0.27  97.91±0.28  100.0±0.00  100.0±0.00  99.28±0.29
 9  100.0±0.00  91.68±4.80  86.23±4.95  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00
 10  74.77±0.45  74.91±0.44  81.35±0.51  82.30±0.86  71.35±0.57  77.62±1.01  80.91±0.69  81.90±0.32  84.93±0.68  89.12±0.28  83.48±0.44
 11  86.30±0.20  88.29±0.48  87.81±0.40  95.76±0.21  92.94±0.33  88.38±0.29  95.16±0.10  90.75±0.22  93.18±0.15  95.27±0.37  96.70±0.21
 12  83.24±0.66  68.60±1.55  81.65±1.04  88.97±0.88  76.79±1.26  78.53±0.50  88.96±0.41  87.88±0.32  86.19±0.47  88.55±0.77  90.61±0.52
 13  100.0±0.00  99.48±0.26  98.82±0.28  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  97.15±0.46  99.08±0.34
 14  88.53±0.15  92.60±0.30  75.96±0.40  98.74±0.19  96.88±0.25  97.59±0.25  98.01±0.30  97.76±0.18  96.60±0.20  99.24±0.11  98.53±0.33
 15  84.48±0.53  92.08±0.67  82.78±0.75  95.45±0.40  92.62±0.70  92.49±0.76  88.28±0.35  93.16±1.02  93.04±0.65  91.72±0.23  88.69±0.97
 16  100.0±0.00  89.71±1.38  98.57±0.04  98.57±0.04  100.0±0.00  95.43±0.55  100.0±0.00  100.0±0.00  94.58±0.99  90.01±1.44  100.0±0.00
 OA (%)  83.49±0.18  84.60±0.11  84.94±0.20  92.35±0.09  87.44±0.19  86.63±0.18  92.09±0.08  90.52±0.21  91.10±0.13  91.23±0.21  92.81±0.12
 AA (%)  85.25±0.07  86.75±0.35  84.66±0.30  94.13±0.05  90.72±0.16  90.44±0.15  94.42±0.06  93.79±0.13  93.13±0.15  94.15±0.16  94.45±0.09
𝜅×100  82.60±0.21  81.31±0.14  82.45±0.22  91.27±0.10  85.65±0.22  84.80±0.21  90.98±0.10  89.21±0.24  89.87±0.15  91.28±0.24  91.80±0.14
 Param. (M)  0.34  0.61  0.75  7.44  7.52  0.57  0.84  4.06  0.05  1.51  0.58
 Flops (G)  3.40  0.88  1.05  23.09  21.66  2.81  7.42  3.05  0.33  18.87  2.95
 Time (s)  3.68  3.18  3.62  2.95  3.49  3.03  3.29  3.01  2.53  4.13  3.04
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Table 4 
Quantitative results of different deep learning methods on the SA dataset (2.0% training ratio) with best results highlighted in bold.
 Class  CNN  ViT  ConvViT  MLP-Mixer  gMLP  HorNet  LVGG  PiDiNet  MambaHSI  MRGAT  HorD2CN

 1  100.0±0.00  99.97±0.03  80.12±0.10  99.95±0.03  99.91±0.07  99.65±0.08  100.0±0.00  100.0±0.00  100.0±0.00  99.85±0.08  100.0±0.00
 2  100.0±0.00  99.94±0.03  84.78±0.21  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  99.97±0.01  99.89±0.03
 3  99.97±0.03  99.41±0.06  99.13±0.19  100.0±0.00  99.95±0.03  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00
 4  99.10±0.14  97.19±0.22  96.95±0.28  99.92±0.04  100.0±0.00  99.83±0.04  99.38±0.05  97.46±0.18  96.34±0.26  99.81±0.06  99.92±0.04
 5  98.57±0.05  92.96±0.20  92.15±0.45  96.23±0.14  96.47±0.13  98.19±0.12  99.37±0.07  98.22±0.05  97.87±0.10  97.92±0.13  98.19±0.08
 6  100.0±0.00  99.92±0.03  99.78±0.03  100.0±0.00  100.0±0.00  99.95±0.02  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00
 7  100.0±0.00  99.86±0.03  98.69±0.06  99.89±0.02  99.81±0.04  99.91±0.02  99.87±0.02  99.73±0.05  99.94±0.02  99.96±0.01  99.77±0.04
 8  95.45±0.17  94.05±0.18  90.49±0.16  98.80±0.06  98.47±0.09  91.29±0.08  98.62±0.07  97.15±0.06  97.96±0.03  99.03±0.04  99.30±0.06
 9  99.97±0.02  100.0±0.00  99.85±0.03  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  99.98±0.01  99.87±0.02  100.0±0.00
 10  96.61±0.08  97.34±0.04  96.19±0.21  96.29±0.11  97.50±0.04  96.53±0.11  97.02±0.10  97.02±0.11  99.25±0.08  97.01±0.10  97.48±0.04
 11  100.0±0.00  99.51±0.11  89.54±0.63  99.90±0.05  100.0±0.00  99.53±0.20  100.0±0.00  99.95±0.06  100.0±0.00  98.74±0.21  100.0±0.00
 12  99.81±0.05  99.50±0.08  99.52±0.06  99.93±0.01  100.0±0.00  100.0±0.00  100.0±0.00  99.18±0.11  99.86±0.08  100.0±0.00  100.0±0.00
 13  100.0±0.00  99.59±0.11  98.07±0.19  100.0±0.00  100.0±0.00  100.0±0.00  100.0±0.00  99.77±0.07  100.0±0.00  100.0±0.00  100.0±0.00
 14  99.55±0.13  99.60±0.09  96.61±0.44  99.82±0.06  99.72±0.05  99.72±0.09  100.0±0.00  96.76±0.36  100.0±0.00  98.91±0.17  98.84±0.21
 15  93.98±0.13  97.64±0.12  86.93±0.18  98.39±0.10  98.52±0.04  95.31±0.12  98.75±0.06  99.08±0.06  99.17±0.04  99.45±0.09  99.55±0.02
 16  99.96±0.04  98.69±0.17  88.04±0.26  100.0±0.00  99.88±0.06  99.73±0.08  100.0±0.00  99.17±0.10  99.84±0.03  99.59±0.03  100.0±0.00
 OA  97.92±0.03  97.73±0.04  92.90±0.02  99.10±0.02  99.13±0.02  97.20±0.03  99.34±0.02  98.81±0.01  99.20±0.01  99.47±0.01  99.50±0.02
 AA  98.94±0.01  98.45±0.04  93.55±0.05  99.32±0.01  99.39±0.01  98.73±0.03  99.56±0.01  98.97±0.02  99.39±0.02  99.38±0.02  99.56±0.02
𝜅(×100)  97.69±0.03  97.48±0.05  92.09±0.02  99.00±0.03  99.03±0.02  96.89±0.03  99.27±0.02  98.67±0.01  99.11±0.01  99.41±0.01  99.45±0.02
 Param. (M)  0.35  0.62  0.76  7.45  7.52  0.57  0.85  4.09  0.05  1.51  0.58
 Flops (G)  3.07  0.77  0.92  20.05  18.78  2.45  6.53  2.75  0.30  16.38  2.57
 Time (s)  10.23  10.92  10.87  7.44  11.51  9.68  10.07  7.20  7.65  13.85  9.95

Table 5 
Quantitative results of different deep learning methods on the LK dataset (2.0% training ratio) with best results highlighted in bold.
 Class  CNN  ViT  ConvViT  MLP-Mixer  gMLP  HorNet  LVGG  PiDiNet  MambaHSI  MRGAT  HorD2CN

 1  99.98±0.01  99.90±0.01  99.70±0.02  99.98±0.01  99.97±0.01  99.96±0.01  100.0±0.00  99.88±0.01  99.82±0.01  99.95±0.01  99.93±0.01
 2  97.74±0.09  99.47±0.05  90.03±0.12  99.99±0.01  99.97±0.00  98.59±0.04  99.94±0.01  99.92±0.01  99.93±0.01  100.0±0.00  99.98±0.01
 3  95.47±0.17  98.93±0.10  96.83±0.19  99.87±0.06  99.36±0.05  99.91±0.03  99.71±0.04  99.89±0.02  99.81±0.04  99.86±0.03  99.81±0.03
 4  98.41±0.03  99.67±0.01  98.81±0.03  99.80±0.01  99.79±0.01  99.29±0.03  99.68±0.01  99.58±0.01  99.84±0.01  99.84±0.01  99.82±0.01
 5  90.79±0.25  97.95±0.23  59.62±0.29  99.66±0.03  99.67±0.04  96.95±0.14  99.27±0.09  97.20±0.18  98.55±0.15  99.54±0.05  99.77±0.02
 6  99.92±0.02  99.32±0.03  98.45±0.04  99.79±0.02  99.72±0.02  99.09±0.05  99.73±0.03  99.86±0.01  99.53±0.05  99.83±0.02  99.64±0.04
 7  99.98±0.00  99.96±0.00  99.94±0.00  99.91±0.00  99.98±0.00  99.82±0.00  99.99±0.00  99.97±0.00  99.98±0.01  99.97±0.01  99.98±0.01
 8  96.36±0.10  93.64±0.13  95.66±0.08  97.18±0.09  97.36±0.09  83.98±0.05  98.10±0.05  94.79±0.07  95.90±0.08  95.05±0.02  98.34±0.02
 9  97.70±0.11  96.58±0.08  96.16±0.12  96.34±0.07  97.63±0.02  93.04±0.11  97.30±0.06  96.73±0.11  97.04±0.14  97.60±0.12  96.86±0.06
 OA  98.96±0.01  99.45±0.01  97.95±0.02  99.66±0.02  99.74±0.01  98.81±0.01  99.74±0.00  99.50±0.01  99.63±0.01  99.68±0.01  99.76±0.01
 AA  97.37±0.05  98.38±0.03  92.80±0.04  99.17±0.02  99.27±0.02  96.74±0.02  99.30±0.01  98.65±0.02  98.93±0.03  99.07±0.02  99.35±0.01
𝜅(×100)  98.64±0.01  99.28±0.01  97.30±0.02  99.64±0.01  99.66±0.01  98.43±0.02  99.66±0.01  99.35±0.01  99.52±0.01  99.57±0.01  99.68±0.01
 Param. (M)  0.45  0.65  0.83  18.17  18.12  0.42  0.92  4.27  0.05  1.52  0.44
 Flops (G)  4.32  0.87  1.08  21.90  20.31  2.72  7.87  3.78  0.41  17.83  2.86
 Time (s)  26.84  14.73  15.45  12.02  16.85  13.21  14.74  12.25  11.00  20.16  14.51

their OA remains lower than that of HorD2CN. MambaHSI leverages
a structured state-space model to capture long-range dependencies and 
integrates spectral-spatial features via adaptive fusion modules. How-
ever, its complex architecture with multiple Mamba blocks may lead 
to overfitting on small datasets. MRGAT efficiently extracts local-global 
features and edge semantics by combining superpixel segmentation with 
multi-scale graph attention, but its classification accuracy is sensitive to 
superpixel segmentation parameters. In contrast, HorD2CN achieves an 
optimal balance between accuracy and efficiency, delivering superior 
overall classification performance. Notably, while maintaining state-of-
the-art accuracy, HorD2CN requires significantly fewer parameters than 
models such as MLP-Mixer and gMLP. Despite incurring slightly higher 
computational overhead than MambaHSI, HorD2CN provides markedly 
improved accuracy, highlighting its strong cost-effectiveness. These re-
sults underscore the advantages of the proposed HorD2CN for efficient 
and accurate HSI classification.

Figs. 9–13 illustrate the classification maps corresponding to the 
results in Tables 3–7, respectively. Overall, HorD2CN exhibits supe-
rior classification accuracy compared to baseline methods, primarily 
attributed to its integration of high-order differential convolution for 
both spectral and spatial feature extraction. Additionally, an adap-
tive shift operation is employed in the spectral domain to dynami-
cally emphasize subtle variations while suppressing noise, thereby en-

hancing the robustness and discriminative power of the feature rep-
resentation. In the spatial domain, deformable convolution improves 
spatial context awareness by adaptively focusing on detailed infor-
mation through its flexible sampling properties, resulting in better 
alignment with the ground truth distribution and improved spatial
consistency.

As illustrated in Fig. 9, HorD2CN demonstrates significant ad-
vantages on the IP dataset, particularly for classes C11 (Soybean 
mintill), C12 (Soybean clean), and C16 (Stone steel towers). In contrast,
comparative methods exhibit large-scale misclassifications in these cate-
gories (highlighted in red), all of which represent crop types with highly 
similar spectral signatures. The subtle differences in reflectance across 
certain spectral bands and complex spatial distribution make these cat-
egories challenging to distinguish. The ability of HorD2CN to accurately 
differentiate between these classes underscores its effectiveness in cap-
turing discriminative spectral features and spatial structures. In the SA 
dataset (Fig. 10), the visualized results reveal that HorD2CN generates 
the least salt-and-pepper noise and achieves the highest classification 
accuracy. Notably, class C08 (Grapes untrained) is misclassified across 
all methods, but HorD2CN shows the fewest misclassified pixels in this 
region, further highlighting its robustness.

Fig. 11 demonstrates the superior overall performance of the 
HorD2CN model, which can be attributed to its dynamic high-order dif-
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Table 6 
Quantitative results of different deep learning methods on the HH dataset (2.0% training ratio) with best results highlighted in bold.
 Class  CNN  ViT  ConvViT  MLP-Mixer  gMLP  HorNet  LVGG  PiDiNet  MambaHSI  MRGAT  HorD2CN

 1  99.04±0.05  99.06±0.05  97.71±0.04  99.22±0.01  99.40±0.03  96.10±0.08  98.98±0.02  99.34±0.02  98.87±0.03  99.32±0.01  99.41±0.03
 2  97.79±0.16  96.39±0.13  81.98±0.18  97.53±0.12  97.58±0.12  85.92±0.32  98.83±0.09  96.65±0.18  96.41±0.13  95.35±0.04  97.58±0.14
 3  97.77±0.05  97.48±0.06  94.50±0.06  98.79±0.02  98.71±0.03  93.50±0.07  96.35±0.06  96.86±0.02  98.41±0.05  97.99±0.03  99.11±0.02
 4  99.85±0.01  99.77±0.01  97.75±0.01  99.83±0.00  99.90±0.00  99.16±0.01  99.86±0.01  99.75±0.00  99.87±0.00  99.90±0.00  99.85±0.00
 5  99.76±0.03  99.50±0.05  90.84±0.15  99.61±0.03  99.28±0.03  96.79±0.10  99.29±0.02  99.73±0.03  99.40±0.06  99.39±0.02  99.47±0.04
 6  99.90±0.00  99.66±0.01  97.70±0.03  99.90±0.00  99.91±0.00  98.34±0.04  99.94±0.00  99.91±0.01  99.80±0.02  99.90±0.00  99.92±0.00
 7  98.04±0.04  97.59±0.02  93.33±0.10  98.70±0.03  98.74±0.03  93.91±0.12  97.70±0.05  98.14±0.05  98.81±0.04  98.40±0.04  98.79±0.03
 8  97.72±0.09  90.57±0.22  51.29±0.40  97.34±0.10  97.69±0.05  79.43±0.22  97.99±0.08  94.71±0.14  97.38±0.09  97.76±0.03  97.95±0.15
 9  99.53±0.02  99.03±0.06  98.48±0.08  99.25±0.02  99.35±0.02  98.63±0.06  99.60±0.01  99.23±0.04  99.55±0.03  99.48±0.03  99.56±0.02
 10  98.81±0.04  97.32±0.04  81.70±0.24  98.43±0.03  98.24±0.05  94.70±0.09  98.51±0.05  98.63±0.05  99.09±0.05  98.76±0.05  98.74±0.05
 11  98.96±0.06  96.74±0.05  73.94±0.12  99.28±0.04  99.29±0.04  95.01±0.11  99.22±0.03  98.71±0.05  99.03±0.04  98.45±0.03  97.70±0.09
 12  97.30±0.08  95.23±0.07  75.12±0.44  97.12±0.06  97.57±0.02  82.13±0.10  95.21±0.12  96.97±0.10  96.30±0.02  97.11±0.08  97.66±0.07
 13  98.06±0.06  97.17±0.05  85.79±0.13  98.20±0.04  98.09±0.08  91.03±0.09  97.55±0.06  96.53±0.12  98.05±0.07  98.34±0.05  98.11±0.07
 14  99.62±0.03  99.37±0.05  92.82±0.07  99.67±0.05  99.62±0.04  94.08±0.12  99.88±0.02  99.71±0.03  99.30±0.04  99.61±0.05  99.82±0.03
 15  94.55±0.42  88.04±0.29  64.37±0.69  93.23±0.29  93.85±0.39  88.68±0.29  93.64±0.24  89.91±0.44  95.14±0.29  96.21±0.18  94.12±0.25
 16  99.52±0.03  99.04±0.05  85.95±0.20  98.15±0.04  98.69±0.05  92.34±0.09  99.66±0.03  98.30±0.06  99.08±0.04  99.22±0.03  99.08±0.06
 17  97.20±0.18  96.54±0.15  75.18±0.29  97.68±0.05  97.66±0.07  87.54±0.22  99.01±0.03  96.95±0.05  97.92±0.06  98.24±0.09  97.56±0.08
 18  94.42±0.16  94.03±0.13  77.08±0.32  94.37±0.10  96.15±0.15  96.20±0.18  95.29±0.10  93.27±0.18  96.18±0.17  96.22±0.19  96.29±0.16
 19  98.59±0.04  97.32±0.09  92.11±0.15  99.08±0.07  99.12±0.06  94.24±0.11  98.76±0.06  96.38±0.06  97.59±0.06  98.75±0.05  99.23±0.05
 20  96.94±0.16  93.73±0.32  84.23±0.08  96.96±0.22  97.26±0.15  94.79±0.08  95.74±0.22  94.92±0.24  96.97±0.15  97.52±0.15  97.85±0.11
 21  98.16±0.06  94.27±0.38  46.29±0.51  97.84±0.34  97.44±0.12  97.82±0.17  95.49±0.20  95.29±0.27  95.99±0.25  98.92±0.22  98.40±0.10
 22  99.62±0.02  99.47±0.06  92.45±0.20  99.77±0.03  100.0±0.00  94.08±0.21  99.54±0.04  99.30±0.06  99.51±0.03  99.81±0.03  98.82±0.11
 OA  98.54±0.01  98.64±0.01  94.94±0.03  98.34±0.01  98.41±0.01  93.81±0.01  99.01±0.01  97.66±0.01  99.20±0.01  99.29±0.01  99.31±0.01
 AA  98.23±0.04  96.70±0.05  83.21±0.07  98.18±0.03  98.34±0.03  92.93±0.03  98.00±0.02  97.24±0.04  98.12±0.02  98.39±0.03  98.41±0.02
𝜅(×100)  99.04±0.01  98.28±0.02  91.08±0.03  98.37±0.01  99.28±0.01  95.24±0.02  98.75±0.01  98.52±0.02  98.99±0.01  99.11±0.01  99.12±0.01
 Param. (M)  0.45  0.65  0.83  18.18  18.12  0.71  0.92  4.29  0.06  1.53  0.72
 Flops (G)  3.54  0.72  0.89  21.59  20.02  2.25  6.46  3.10  0.34  14.64  2.36
 Time (s)  51.59  31.14  30.40  23.47  31.94  26.13  28.68  24.28  21.39  40.01  28.58

Table 7 
Quantitative results of different deep learning methods on the HC dataset (2.0% training ratio) with best results highlighted in bold.
 Class  CNN  ViT  ConvViT  MLP-Mixer  gMLP  HorNet  LVGG  PiDiNet  MambaHSI  MRGAT  HorD2CN

 1  99.91±0.00  99.43±0.02  95.80±0.02  99.76±0.01  99.83±0.00  98.49±0.03  99.24±0.02  99.40±0.02  99.72±0.01  99.83±0.01  99.86±0.01
 2  99.05±0.04  99.09±0.03  93.26±0.05  99.72±0.01  99.66±0.02  93.00±0.11  99.15±0.04  99.38±0.02  99.40±0.01  99.27±0.03  99.41±0.02
 3  99.71±0.04  99.31±0.06  90.67±0.13  99.97±0.01  99.98±0.01  94.70±0.10  99.06±0.06  99.88±0.01  99.55±0.04  99.85±0.01  99.91±0.02
 4  96.15±0.11  99.58±0.06  92.96±0.19  99.64±0.06  99.34±0.07  94.93±0.11  99.75±0.05  98.82±0.11  99.65±0.05  99.49±0.06  99.51±0.08
 5  100.0±0.00  98.94±0.17  43.45±0.95  99.37±0.11  98.80±0.11  82.09±0.60  99.35±0.06  99.34±0.12  99.48±0.11  99.80±0.08  99.46±0.14
 6  83.07±0.35  87.65±0.27  14.96±0.16  94.62±0.17  95.11±0.04  81.06±0.26  88.43±0.20  89.38±0.13  95.71±0.20  95.75±0.08  94.70±0.15
 7  96.29±0.11  98.74±0.04  88.10±0.13  98.31±0.08  99.54±0.05  94.05±0.15  98.31±0.08  98.89±0.08  98.18±0.05  98.49±0.05  98.61±0.10
 8  94.54±0.11  94.35±0.08  81.16±0.21  99.03±0.02  99.18±0.03  83.33±0.19  97.73±0.07  97.67±0.05  98.54±0.03  98.63±0.03  98.77±0.03
 9  95.92±0.08  95.35±0.11  68.01±0.23  98.03±0.08  99.00±0.02  89.15±0.10  98.24±0.04  96.31±0.05  98.12±0.03  99.17±0.03  98.62±0.08
 10  98.57±0.05  98.37±0.04  95.62±0.15  98.14±0.05  98.69±0.03  98.13±0.08  98.56±0.09  97.78±0.05  98.75±0.06  98.69±0.05  98.89±0.10
 11  95.95±0.08  99.22±0.02  94.76±0.07  99.60±0.01  99.88±0.02  98.31±0.04  99.53±0.05  99.42±0.06  99.69±0.02  99.85±0.02  99.80±0.01
 12  99.24±0.06  99.78±0.00  73.47±0.25  99.85±0.03  99.94±0.01  83.44±0.22  99.39±0.04  99.22±0.07  99.23±0.07  100.0±0.00  100.0±0.00
 13  87.92±0.11  91.94±0.17  70.46±0.27  95.86±0.09  95.78±0.07  75.24±0.27  94.80±0.10  91.74±0.13  94.16±0.11  95.83±0.08  95.95±0.10
 14  95.84±0.08  97.64±0.04  89.83±0.05  99.43±0.02  97.18±0.02  93.80±0.10  99.36±0.01  98.46±0.04  99.26±0.03  99.48±0.02  98.94±0.02
 15  89.59±0.41  92.71±0.29  44.50±0.50  92.08±0.28  88.10±0.32  79.13±0.47  92.69±0.22  94.25±0.42  93.34±0.30  90.29±0.30  93.69±0.26
 16  99.65±0.01  99.89±0.01  96.92±0.02  98.95±0.00  99.93±0.00  99.43±0.01  99.84±0.01  99.88±0.00  99.80±0.00  99.86±0.00  99.91±0.01
 OA  97.68±0.01  97.16±0.01  95.35±0.04  98.53±0.01  98.58±0.00  89.76±0.02  98.54±0.01  97.76±0.01  98.66±0.01  98.68±0.01  98.69±0.01
 AA  95.71±0.03  97.00±0.03  77.12±0.10  98.27±0.01  98.12±0.02  89.89±0.07  97.71±0.02  97.49±0.03  98.29±0.03  98.39±0.02  98.50±0.04
𝜅(×100)  97.29±0.01  98.04±0.01  88.08±0.05  99.28±0.01  98.33±0.00  93.67±0.02  98.69±0.01  98.47±0.01  99.09±0.01  99.12±0.01  99.20±0.01
 Param. (M)  0.46  0.66  0.83  7.58  7.55  0.58  0.93  4.29  0.06  1.53  0.59
 Flops (G)  1.96  0.39  0.49  9.78  9.07  1.22  3.54  1.71  0.19  7.96  1.28
 Time (s)  36.09  19.85  19.38  16.65  22.37  18.29  20.05  16.76  15.04  25.10  18.85

ferential convolutional architecture. Specifically, in classes C05 (Narrow 
leaf soybean) and C08 (Roads and houses), the model significantly re-
duces salt-and-pepper noise, enhancing the stability and reliability of 
the classification results. Moreover, HorD2CN outperforms other meth-
ods in preserving feature edges, which contributes to improved class 
separability and overall classification accuracy.

The HH dataset, which contains the largest number of categories 
among the five datasets, presents challenges due to the spatial proxim-
ity of certain crop types. Classes C06 (Rape), C12 (Brassica chinensis), 
and C19 (White radish) are frequently misclassified, as shown in Fig. 12. 
This misclassification arises from the overlapping geographical distribu-
tions of these crops, leading to spatial confusion between adjacent pix-
els. HorD2CN addresses this issue by leveraging high-order differential 

convolution with deformable operations in the spatial domain to extract 
features from land cover boundaries, effectively mitigating interference 
caused by neighboring pixels. As a result, HorD2CN achieves the highest 
classification accuracy, as evidenced by the clear delineation of bound-
aries in the results.

The HC dataset encompasses various land cover types, including 
farmland, buildings, water bodies, and roads. As depicted in Fig. 7, 
HorD2CN achieves the highest classification accuracy while demonstrat-
ing superior boundary preservation. In contrast, CNN exhibits compara-
tively weaker performance on this dataset. Although ViT and MLP-based 
methods offer significant improvements over CNN, they still suffer from 
misclassifications in certain regions. These findings highlight the effec-
tiveness of HorD2CN in addressing the complex spatial and spectral char-
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Fig. 9. Classification maps on the IP dataset at 2.0% training ratio. (a) Ground truth. (b) CNN (83.65%). (c) ViT (84.71%). (d) ConvViT (85.14%) (e) MLP-Mixer 
(93.23%). (f) gMLP (87.56%). (g) HorNet (86.75%). (h) LVGG (92.17%). (i) PiDiNet (90.73%). (j) MambaHSI (91.20%). (k) MRGAT (91.44%). (l) HorD2CN 
(92.93%).

Fig. 10. Classification maps on the SA dataset at 2.0% training ratio. (a) Ground truth. (b) CNN (97.95%). (c) ViT (97.75%). (d) ConvViT (92.92%) (e) MLP-Mixer 
(99.12%). (f) gMLP (99.15%). (g) HorNet (97.23%). (h) LVGG (99.36%). (i) PiDiNet (98.82%). (j) MambaHSI (99.21%). (k) MRGAT (99.48%). (l) HorD2CN 
(99.52%).

acteristics of the dataset, ultimately enhancing classification accuracy 
and boundary delineation.

Fig. 14 provides a critical assessment of the feature separability 
learned by HorD2CN and competing deep learning methods on the 
IP dataset, using t-distributed stochastic neighbor embedding (t-SNE) 
(Van der Maaten & Hinton, 2008) visualizations. Conventional CNN 
and ViT exhibit significant inter-class overlap, indicating their inabil-
ity to disentangle complex spectral-spatial patterns. While frequency-

aware models (LVGG, PiDiNet) and state-space model-based MambaHSI
improve cluster separation, residual overlaps persist in spectrally simi-
lar agricultural categories (e.g., C02-C03). HorD2CN achieves maximally 
compact intra-class distributions and distinct inter-class boundaries, as 
shown in Fig. 14(l), directly validating the efficacy of its architecture. 
The HSEDC module dynamically amplifies discriminative band-to-band 
differences, while the HSADC module adapts sampling positions to land 
cover boundaries. This synergistic operation, enabled by high-order dif-
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Fig. 11. Classification maps on the LK dataset at 2.0% training ratio. (a) Ground truth. (b) CNN (98.67%). (c) ViT (99.46%). (d) ConvViT (97.97%) (e) MLP-Mixer 
(99.75%). (f) gMLP (99.75%). (g) HorNet (98.82%). (h) LVGG (99.74%). (i) PiDiNet (99.51%). (j) MambaHSI (99.64%). (k) MRGAT (99.69%). (l) HorD2CN 
(99.77%).

Fig. 12. Classification maps on the HH dataset at 2.0% training ratio. (a) Ground truth. (b) CNN (98.55%). (c) ViT (98.65%). (d) ConvViT (94.97%) (e) MLP-Mixer 
(98.35%). (f) gMLP (98.42%). (g) HorNet (93.82%). (h) LVGG (98.55%). (i) PiDiNet (97.67%). (j) MambaHSI (99.21%). (k) MRGAT (99.29%). (l) HorD2CN 
(99.32%).
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Fig. 13. Classification maps on the HC dataset at 2.0% training ratio. (a) Groud truth (b) CNN (97.69%). (c) ViT (97.17%). (d) ConvViT (95.39%) (e) MLP-Mixer 
(98.54%). (f) gMLP (98.50%). (g) HorNet (89.78%). (h) LVGG (98.55%). (i) PiDiNet (97.77%). (j) MambaHSI (98.67%). (k) MRGAT (98.69%). (l) HorD2CN 
(98.70%).

Fig. 14. The t-SNE plots of the IP dataset at 2.0% training ratio. (a) Raw data. (b) CNN. (c) ViT. (d) ConvViT. (e) MLP-Mixer. (f) gMLP. (g) HorNet. (h) LVGG. (i) 
PiDiNet. (j) MambaHSI. (k) MRGAT. (l) HorD2CN.
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Table 8 
Reference tables for different modules.
 Component  Ours  HorD2CN-A  HorD2CN-B  HorD2CN-C  HorD2CN-D  HorD2CN-E

 HSEDC  4  8  4  4  4  8
 ASES  4  8  4  8  4  8
 HSADC  4  4  8  4  4  8
 DSAS  4  4  8  4  8  8
 DC  8  8  8  8  8  4

Table 9 
Ablation studies on different experimental configuration of HSI dataset.

 Metric  Ours  HorD2CN-A  HorD2CN-B  HorD2CN-C  HorD2CN-D  HorD2CN-E

IP
 OA(%)  92.81  91.85  91.50  92.68  92.67  92.66
 AA(%)  94.45  92.32  93.40  94.42  94.06  94.08
𝜅(×100)  91.80  91.35  90.32  91.33  91.64  91.77

SA
 OA(%)  99.50  99.44  99.38  99.18  99.46  99.48
 AA(%)  99.56  99.50  99.33  99.29  99.44  99.46
𝜅(×100)  99.45  99.36  99.33  99.32  99.36  99.39

LK
 OA(%)  98.69  98.54  98.59  98.29  98.50  98.52
 AA(%)  98.50  98.41  98.23  98.35  98.02  98.40
𝜅(×100)  98.20  97.90  98.06  98.09  99.07  99.17

HH
 OA(%)  99.76  99.25  99.28  99.31  99.42  99.60
 AA(%)  99.35  99.10  98.36  98.52  98.69  98.68
𝜅(×100)  99.68  99.23  99.12  99.20  99.32  99.61

HC
 OA(%)  98.66  97.95  98.22  98.30  98.45  98.48
 AA(%)  98.41  97.71  97.42  98.15  98.15  98.19
𝜅(×100)  99.12  98.01  98.11  99.02  99.05  99.08

ferential convolution, resolves spectral confusion in challenging crop 
categories, thus substantiating the pivotal role of explicit high-order in-
teraction learning for HSI classification.

4.5.  Ablation study

To validate the necessity of each component in the proposed frame-
work, an ablation study is conducted by removing key modules and 
operations and evaluating performance on five HSI datasets. Table 8 
shows five ablated configurations, including HorD2CN-A and HorD2CN-
B, which remove the HSEDC and HSADC modules from the proposed 
model, respectively. HorD2CN-C, which removes the ASES operation 
from the HSEDC module; HorD2CN-D, which removes the DSAS opera-
tion from the HSADC module; and HorD2CN-E, which retains only the 
differential convolution (DC) module without high-order interaction.

The ablation study, as shown in Table 9, conclusively validates the 
critical contribution of each component in HorD2CN to its superior per-
formance. Taking the IP dataset as an example, removing the HSEDC 
module from HorD2CN degrades results, with OA dropping by 0.96%, 
demonstrating its spectral adaptive capability. Similarly, eliminating 
the HSADC module reduces OA by 1.31%, underscoring its capacity to 
model spatial structural details. The performance gap between HorD2CN 
and variants lacking deformable operations (e.g., HorD2CN-C/D) fur-
ther confirms that the integration of spectral adaptability and spatial 
deformability is paramount for robust feature extraction in HSI classifi-
cation.

Furthermore, the high-order design of HorD2CN proves indispens-
able. The high-order differential convolution in HorD2CN outperforms 
the standard DC in HorD2CN-E, demonstrating its superior capacity to 
model intricate nonlinear spectral-spatial interactions beyond second-
order statistics. The consistent superiority of HorD2CN across all five 
datasets and evaluation metrics affirms that its unified framework, inte-
grating deformable operations for geometric adaptability and high-order 
differential convolution for fine-grained feature interaction, achieves an 
optimal balance for HSI classification.

5.  Conclusions

In this paper, a novel high-order deformable differential convolu-
tion network (termed HorD2CN) is proposed for HSI classification, de-
signed to effectively capture the complex high-order features inherent 
in HSI data and generate a robust feature representation. The proposed 
HorMSDC block aggregates multi-scale spectral-spatial high-order fea-
tures, comprising two key components: the HSEDC module, which ex-
tracts subtle spectral variations among different land cover types and fa-
cilitates the learning of discriminative spectral features, and the HSADC 
module, which models local spatial structural details and enhances
spatial feature representation. Additionally, deformable operations dy-
namically adjust the positions of convolution kernels by introducing 
learnable offsets, enabling the model to better adapt to the complex geo-
metric shapes and structural changes of ground objects. Experimental re-
sults on five publicly available HSI datasets demonstrate that HorD2CN 
outperforms ten state-of-the-art deep learning methods, underscoring 
its superior performance in HSI classification. These results validate the 
crucial role of high-order feature interactions and the representation of 
detailed information in improving HSI classification accuracy.

Future work will focus on optimizing the differential operation 
methodology to improve computational efficiency, further enhancing 
the spectral-spatial high-order feature interactions, and expanding the 
framework to additional remote sensing tasks such as target detection 
and image segmentation to explore its broader applicability and poten-
tial.
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