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Fig.3 Structure diagram of three—dimensional attention mechanism module
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Fig.6 Influence of the number of spectral channels on the accuracy
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Tab.1 Classification results of different
algorithms on IP dataset (%)
2% SVM  3D-CNN SSRN HybridSN DBDA A7 4k
1 0.00 94.40 88.10 93.18  100.00 100.00
2 65.10 89.22 97.57 98.71 98.75 99.33
3 84.27 93.85 97.83 97.38 99.73  100.00
4 100.00 93.75 96.35 99.01 98.60  100.00
5 95.08 97.97 97.25 99.30 99.52 99.24
6
7
8
9

90.45 97.93 99.07 97.90 99.84  94.60

100.00 92.86  100.00  96.00 95.83 99.89

93.71 94.81 99.54 100.00  100.00 100.00

0.00 66.67  75.01 80.95 94.74  100.00

10 79.78 90.16  97.61 97.74 97.28  97.92
11 48.36 96.40  95.82  97.81 97.69  99.01
12 66.54 92.55 97.14  98.27 99.60  98.51
13 95.71 91.92 100.00  99.45 96.86  97.87
14 88.00 99.39  98.69  99.56 99.30  99.04
15 72.63 96.18  95.47 96.90 98.85 98.96
16 99.56 91.76  92.59 88.76 88.17  97.60
OA 66.94 94.82  97.25 97.92 98.64  99.32
Kappa  61.20 94.10  96.85 97.76 98.43 99.13
AA 45.47 90.82  95.30 97.11 98.31 99.15
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Tab.2 Classification resultsof different
algorithms on PU dataset (%)
2]  SVM  3D-CNN SSRN HybridSN DBDA 73k
1 93.37 96.40 98.25 97.26 98.80 99.94
2 94.73 99.13 99.85 99.87 99.90 100.00
3 74.46 91.14 93.05 99.09 97.53 99.50
4 90.37 97.50 97.00 99.89 99.93 98.10
5 99.92 99.24 99.92 99.23 98.17 99.77
6
7
8
9

89.20  99.30  96.61 99.78  99.81 99.67

81.68 92.64  98.58 100.00  99.61 99.60

79.04  90.23 92.65 96.41 98.02  98.50

100.00  94.22  96.95 99.77  99.88  99.51

OA 91.85 97.41 98.75 99.08  99.37  99.61
Kappa  89.22  96.56  98.34  98.68  99.17  99.44
AA 89.77 9544 97.60 97.87  98.53 99.08
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Fig.8 Classification effect of different algorithms on IP dataset

Wt IP AT PU OGS B 4R AT 5200 B A S
7515 SVM,3D-CNN, SSRN , HybridSN #1 DBDA J5
TR LG, AT L K BRAR ST v 43 NG B H4) v k)
Wik 3R T B 53 545, BABRARLG #500 19 R
e
2.4 HEASEIE

IR = A RS A B K AR SO v

SR T 2 I AL BSR4 ] CBAM AR e ik 47
XTI, 7E 2 DB AR L S SR 3 R, AR
P 3 AT SO B =4l B 05
JE2S (VA B R 1 24 B A DG AR LU AN I 2
FEHRE F 250 CBAM 432 ik | BB % T NG 4%
Hu PR IBURRE 4 B R Y SR



PSR SO

Ptk 3D-Octave R =5 G UG /02 07k - 89 -

(d) HybridSN

(e) DBDA

(1) AR3CT7

B9 PUBEELARREESLHURE
Fig.9 Classification effect of different algorithms on PU dataset
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Tab.3 Classification results using different attention

mechanisms on the IP and PU datasets (%)
ooy P $ii 4 PU $d 4
VI YIReS
OA  Kappa AA OA  Kappa  AA

ANMEHER

97.75 97.86 92.38 98.65 98.21 98.20
WALITAoR
{%FFJCBAM 98.64 98.43 98.31 99.37 99.17 98.53
B
AT 99.32  99.13  99.15 99.61 99.44 99.08
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convolution—based method

for hyperspectral image classification

ZHENG Zongsheng, WANG Zhenghan, WANG Zhenhua, LU Peng, GAO Meng, HUO Zhijun
( Department of Information, Shanghai Ocean University, Shanghai 201306, China)

Abstract; Hyperspectral image data are characterized by high dimensionality, sparse data, and rich spatial and
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spectral information. In spatial-spectral joint classification models, convolution operations for hyperspectral images
can lead to computational spatial redundancy when processing large regions of pixels of the same category.
Furthermore, the 3D convolution fails to sufficiently extract the deep spatial texture features, and the serial attention
mechanism cannot fully account for spatial —spectral correlations. This study proposed an improved 3D Octave
convolution—based model for hyperspectral image classification. First, the input hyperspectral images were divided
into high— and low —frequency feature maps using an improved 3D Octave convolution module to reduce spatial
redundancy information and extract multi —scale spatial — spectral features. Concurrently, a cross —layer fusion
strategy was introduced to enhance the extraction of shallow spatial texture features and spectral features.
Subsequently, 2D convolution was used to extract deep spatial texture features and perform spectral feature fusion.
Finally, a 3D attention mechanism was used to focus on and activate effective features through interactions across
latitudes, thereby enhancing the performance and robustness of the network model. The results indicate that, due to
the adequate extraction of effective spatial—spectral joint features, the overall accuracy (OA), Kappa coefficient,
and average accuracy (AA) were 99.32%, 99.13% , and 99.15%, respectively in the case where the Indian Pines
(IP) dataset accounted for 10% in the training set and were 99.61% , 99.44% , and 99.08%, respectively when
the Pavia University (PU) dataset represented for 3% of the training set. Compared to five mainstream classification
models, the proposed method exhibits higher classification accuracy.

Keywords: spatial redundancy; 3D Octave convolution; cross—layer fusion; multi—scale; 3D attention mechanism
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