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Abstract: Objective In recent years, the development of remote sensing technology has enabled the acquisition of abun-
dant remote sensing images and large datasets. Scene classification tasks, as key areas in remote sensing research, aim to
distinguish and classify images with similar scene features by assigning fixed semantic labels to each scene image. Various
scene classification methods have been proposed, including handcrafted feature- and deep learning-based methods. How-

ever, handcrafted feature-based methods have limitations in describing scene semantic information due to high require-
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ments for feature descriptors. Meanwhile, deep learning-based methods for scene classification of remote sensing images
have shown powerful feature extraction capabilities and have been widely applied in scene classification. However, current
scene classification methods mainly focus on remote sensing images with high spatial resolution, which are mostly three-
channel images with limited spectral information. This limitation often leads to confusion and misclassification in visually
similar categories such as geometric structures, textures, and colors. Therefore, integrating spectral information to improve
the accuracy of scene classification has become an important research direction. However, existing methods have some
shortcomings. For example, convolutional operations have translation invariance and are sensitive to local information,
which causes difficulty in capturing remote contextual information. Meanwhile, although Transformer methods can extract
long-range dependency information, they have limited capability in learning local information. Moreover, combining convo-
lutional neural networks (CNNs) and Transformer methods incurs high computational complexity, which hinders the bal-
ance between inference efficiency and classification accuracy. This study proposes a high spectral scene classification
method called the spatial-spectral model distillation (SSMD) network to address the aforementioned issues. Method In this
study, we utilize spectral information to improve the accuracy of scene classification and overcome the limitations of exist-
ing methods. First, we propose a spatial-spectral joint self-attention mechanism based on ViT (SSViT) to fully exploit the
spectral information of hyperspectral images. SSViT integrates spectral information into the Transformer architecture. By
exploring the intrinsic relationships between pixels and between spectra, SSViT extracts richer features. In the spatial-
spectral joint mechanism, SSViT leverages the spectral information of different categories to identify the differences
between them, which enables fine-grained classification of land cover and improves the accuracy of scene classification.
Second, we introduce the concept of knowledge distillation to further enhance the classification performance. In the frame-
work of teacher-student models, SSViT is used as the teacher model, and a pretrained model, that is, Visual Geometry
Group 16(VGG16) , is used as the student model to capture contextual information of complex scenes. The teacher model
extracts spectral information and global features among samples, while the student model focuses on capturing local fea-
tures. The student model can learn and mimic the prior knowledge of the teacher model, which improves the discriminative
ability of the student model. The joint training of the teacher-student models enables comprehensive extraction of land
cover features, which improves the accuracy of scene classification. Specifically, the image is divided into 64 image
patches in the spatial dimension, and 32 spectral bands in the spectral dimension. Each patch and band can be regarded as
a token. Each patch and band are flattened into row vectors and mapped to a specific dimension through a linear layer. The
learned vectors are concatenated with the embedded samples for the final prediction of image classification of the teacher
model. A position vector is generated and directly concatenated with the token mentioned above as the input to the Trans-
former. The multi-head attention mechanism outputs encoded representations containing information from different sub-
spaces to model global contextual information, which improves the representation capacity and learning effectiveness of the
model. Finally, feature integration is performed through a multi-layer perceptron and a classification layer to achieve classi-
fication. The process of knowledge distillation consists of two stages. The first stage optimizes the teacher and student mod-
els by minimizing the loss function with distillation coefficients. In the second stage, the student model is further adjusted
using the loss function, which leverages the supervision from the performance-excellent complex model to train the simple
model. This adjustment aims for higher accuracy and better classification performance. The complex model is referred to as
the teacher model, while the simpler model is referred to as the student model. The training mode of knowledge distillation
provides the student model with more informative content, which allows it to directly learn the generalization ability of the
teacher model. Result We compare our model with 10 models, including 5 traditional CNN classification methods and 5 lat-
est scene classification methods on 3 public datasets, namely, OHID-SC (Orbita hyperspectral image scene classification
dataset) , OHS-SC (another Orbita hyperspectral scene classification dataset) , and HSRS-SC (Hyperspectral remote sens-
ing dataset for scene classification). The quantitative evaluation metrics include overall accuracy, standard deviation, and
confusion matrix, and the confusion matrix on the three datasets is provided to clearly display the classification results of
the proposed algorithm. Experimental results show that our model outperforms all other methods on OHID-SC, OHS-SC,
and HSRS-SC datasets, and the classification accuracies on OHID-SC, OHS-SC, and HSRS-SC datasets are improved by

13.1%,2.9%, and 0. 74%, respectively, compared with the second-best model. Meanwhile, comparative experiments on
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OHID-SC dataset show that the proposed algorithm can effectively improve the classification accuracy of hyperspectral

scenes. Conclusion In this study, the proposed SSMD network not only effectively utilizes the target spectral information of

hyperspectral data but also explores the feature relationship between global and local levels, synthesizes the advantages of

traditional and deep learning models, and produces more accurate classification results.

Key words: hyperspectral scene classification; convolutional neural network (CNN) ; Transformer; spatial-spectral joint

self-attention mechanism; knowledge distillation (KD)
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Fig. 8 OAs with respect to different values of KD loss
coefficient on the OHID-SC dataset
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Fig. 9 OAs with respect to different values of
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Table 2 Overall accuracies of various methods on
three datasets(mean = std)
1%

eSS OHID-SC OHS-SC HSRC-SC
GooglLeNet 47.28+2.91  77.77+1.11  93.98+0.47
ResNet18 66.09+1.25 81222094  96.27+0.29
ShuffleNet 42.88+3.09  67.40+5.72  95.94+0.13
MobileNet 45.02+3.66  76.84+1.3 95.36+0.19
VGG16 79.02+¢1.70  85.11 94.27+0.01
SKAL-G 55.78+1.01  79.18+0.70  89.46+1.48
SKAL-V 70.18+0.6 81.73x0.18  92.52+0.60
SKAL-R 62.09+2.35  77.77x1.13  86.74x1.51
ARCNet-R 78.41+0.15  87.80+0.05  94.51+0.62
MF2CNet 80.94+1.66  84.89+0.15  95.64+0.13
SSMD(ASX)  94.12+£0.53  90.70£0.20  97.01+0.40
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Table 3 Running time of various methods on
three datasets
/s

OHID-SC
ek Wl g sl gk K

OHS-SC HSRS-SC

Jrik

GoogleNet 158 159 731 757 790 815
ResNet18 69 75 331 396 575 754
ShuffleNet 158 161 641 631 612 726

MobileNet 165 163 718 768 653 793
VGG16 58 59 256 257 593 743
SKAL-G 82 128 253 306 291 324
SKAL-V 53 57 235 272 256 294
SKAL-R 43 55 206 293 259 308
ARCNet-R 37 56 133 195 243 277
MF2CNet 165 214 245 283 285 305

SSMD(A3) 135 113 883 752 528 601
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