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Abstract: To address pixel-level land cover classification in hyperspectral images (HSI), a hybrid model
3D-ConvFormer is proposed. The model integrates 3D convolutional neural networks (3D-CNN) and
self-attention mechanisms to effectively extract spatial-spectral features. In the shallow layers, 3D-CNN
operations capture local spatial-spectral features, while in the deeper layers, the self-attention mechanism
operates within convolutional windows to enhance feature extraction flexibility. This design achieves a syn-
ergistic fusion of the translation invariance of convolutional networks and the adaptive feature extraction ca-
pabilities of self-attention. The model’s performance was evaluated on three publicly available hyperspec-
tral image datasets—Indian Pines, PaviaU, and WHU-Hi-Longkou—using three metrics: Overall Accura-

cy (OA), Average Accuracy (AA), and the Kappa coefficient. Experimental results demonstrate that the
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proposed model achieved an OA of 98.41% , AA of 97.56% , and Kappa of 98. 16% on the Indian Pines
dataset; an OA of 99.39%, AA of 99.30% , and Kappa of 99. 18 % on the PaviaU dataset; and an OA of
98.53%, AA of 98.97%, and Kappa of 98.06% on the WHU-Hi-Longkou dataset. Compared to base-

line models, 3D-ConvFormer consistently outperformed in classification tasks across all three datasets,

significantly improving the accuracy of hyperspectral image classification.

Key words: computer vision; hyperspectral image; 3D Convolutional Neural Network (CNN) ; vision

transformer; self-attention
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Fig.1 Workflow of 3D-ConvFormer framework
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Fig.2 Operation of 3D-ConvFormer block
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Tab.1 Land cover class in Indian Pines dataset

Class Train num  Test num
Alfalfa 46 10
Corn-notill 1428 150
Corn-mintill 830 150
Corn 237 10
Grass-pasture 483 150
Grass-trees 730 150
Grass-pasture-mowed 28 10
Hay-windrowed 478 150
Oats 20 10
Soybean-notill 972 150
Soybean-mintill 2455 150
Soybean-clean 593 150
Wheat 205 10
Woods 1265 150
Buildings-Grass-Trees-Drives 386 150
Stone-Steel-Towers 93 10
Total 10 249 1560

%2 Pavia University #{iE&E T BE L 5] i%1F

Tab.2 Land cover class in Pavia University dataset
Class Train num Test num
Asphalt 6631 150
Meadows 18 649 150
Gravel 2099 150

Trees 3064 150
Painted metal sheets 1345 150
Bare Soil 5029 150
Bitumen 1330 150
Self-Blocking Bricks 3682 150
Shadows 947 150
Total 42 776 1 350
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Tab.3 Land cover class in WHU-Hi-LongKou dataset

Class Train num Test num
Corn 34 511 150
Cotton 8374 150
Sesame 3031 150
Broad-leaf soybean 63 212 150
Narrow-leaf soybean 4151 150
Rice 11 854 150
Water 67 056 150
Roads and houses 7124 150
Mixed weed 5229 150
Total 204 542 1 350
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Tab.4 Comparison of classification results of different methods on Indian Pines dataset

Class 3D-CNN LWNet SpectralFormer SSFTT 3D-ConvFormer
Cl1 97.22 100. 00 97.83 100. 00 91.67
C2 97.81 98.28 91.39 95.07 95.93
C3 98.82 99. 85 96.02 100. 00 99. 56
Cc4 93.39 82.82 47.68 92.51 91.63
C5 100. 00 100. 00 98. 34 99. 70 100. 00
C6 100. 00 97.59 98.90 99.48 100. 00
C7 100. 00 100. 00 100. 00 100. 00 100. 00
Cc8 100. 00 100. 00 100. 00 100. 00 100. 00
C9 100. 00 100. 00 100. 00 100. 00 100. 00
C10 97.93 99. 39 94. 34 99.15 99.03
Cl1 98.57 99.05 84.97 99.22 99.13
Cl2 99.77 97.52 98. 31 95. 26 99.77
C13 85.64 82.56 71.22 85. 64 89.74
Cl4 100. 00 99.91 98.81 100. 00 99.28
C15 100. 00 100. 00 98.70 100. 00 100. 00
C16 86.75 92.77 87.10 78.31 95.18
OA( %) 98.37 98.22 91.98 96.52 98. 41
AA(Y) 97.24 96. 86 91.48 97.97 97.56
KAPPA(%) 98.11 97.94 90. 89 97.65 98.16

(a) Ground truth

(b) 3D-CNN

(c) LWNet

(e) SSFTT (f) 3D-ConvFormer

3 7E Indian Pine £ 48 b AR J5 2k B T HLAL F500 25

Fig. 3 Visualization results of different methods on Indian Pine dataset
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LWNet fl SSETT 7£ il OA 8 I 73 5l 42 7+ T
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Tab.5 Comparison of classification results of different methods on Pavia University dataset
Class 3D-CNN LWNet SpectralFormer SSFTT 3D-ConvFormer

Cl1 96.62 93.18 88.80 96. 76 99.15

C2 94. 37 97.71 84.10 99. 34 99.70

C3 91.74 97.69 79.66 98.92 99.69

C4 96.12 93.45 94.88 81.67 97.25

C5 100. 00 99.83 99.78 98. 24 99.92

C6 99. 80 100. 00 91.41 99.92 100. 00

C7 99.92 99.92 95. 34 99.49 100. 00

C8 96.72 99. 04 89.35 99.52 98.58

C9 97.62 97.24 99.79 91.09 99. 37
OA(%) 95.94 97.20 87.88 96. 11 99. 39
AA(%) 96.99 97.56 91.45 97.57 99. 30
KAPPA(%) 94.62 96. 26 84.34 96. 74 99.18

(a) Ground truth (b) 3D-CNN (c) LWNet (d) SpectralFormer (e) SSFTT (f) 3D-ConvFormer
¥4 1 Pavia University $3s 4 AN [F] 75 25 09 T 404 1000 45

Fig.4 Visualization results of different methods on Pavia University dataset

#* 6 7E WHU-Hi-LongKou#{#5% FX b A RER

Tab.6 Comparison of classification results of different methods on WHU-Hi-LongKou dataset

Class 3D-CNN LWNet SpectralFormer SSFTT 3D-ConvFormer
Cl1 98. 00 97.05 98.91 99. 56 99. 66
C2 98. 20 98. 54 60. 45 99.29 99.77
C3 99.79 99.93 98. 81 100. 00 99.90
C4 91.47 93.18 84.90 98.02 96. 29

°5 99.58 99.93 86. 27 99.48 99.63
C6 98.79 98. 97 98.76 98.10 98. 89
C7 98. 64 98. 38 98. 86 96. 81 99.73
C8 92.63 92.47 93.95 95.23 98.48
C9 98.41 97.99 98.41 96.63 98.39
OA(%) 96.12 96.42 92.53 98.12 98.53
AA(%) 97.28 97.38 91.03 97.68 98. 97

KAPPA(%) 94.94 95.32 90. 37 97. 20 98.07




%5 23 ]

4], 4 . 3D-CNN 5 Transformer 18 & 45 74 19 755 Y6 it FG 25 {5 G 40 38 3511

B A 28 51 Z 18] AR 3R 40 A X o0 B G, BT S gf
BT e o BRI R A R A R R
WIS RIG i — LIl T B R 249 5
TR AR PR SR

TE 320 5 2% A [m] B9 Bl 48 b kA7 S0 0, 45
LUK 6 s . i E A AL, 3D-ConvFormer B9 P4

LWNet

100.0 Pavia University M WHU-Hi-LongKou @ Indian Pines
. S U S .-
R 975
§~ ™ ] [ d
£95.0
Q
Q
=95
= e s
o
3 90.0
8

75
3DCNN  LWNet SpectralFormer SSFTT 3D-
ConvFormer

K16 7E 3LH KR 4R b 5 FhJ7 i T 1ty S AORS 2 11 B 4]
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