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Research on hyperspectral image classification method based on
deep learning

ZHANG Bin', LIU Liangz, LI Xiao-Jie', ZHOU Wei"
(1. Aviation Operations and Service Institute, Naval Aviation University, Yantai 264000, China;
2. Coastal Defense College,, Naval Aviation University, Yantai 264000, China)

Abstract: Targeting the issue of insufficient accuracy of hyperspectral image classification methods, a hyperspectral im-
age classification method based on Spatial-spatial transformer (SST) network is proposed. Firstly, the hyperspectral im-
ages are preprocessed into one-dimensional feature vectors. Then, the SST hyperspectral image classification network
with spectral-spatial attention module and pooled residual module is designed. The overall classification accuracy of the
proposed classification method on Indian Pines dataset and Pavia University dataset is 98. 67% and 99. 87%, respective-
ly, which indicates that this method has high classification accuracy and provides a new scheme for hyperspectral image

classification and application.
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Fig. 1 The hyperspectral image classification network of SST
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tion Module

The specific structure of the Spectral-Spatial Atten-
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architecture adopted for the experiments

The SST hyperspectral image classification network

R1 SSTHERMKZSE

Table 1 SST module network parameters

Layer Layer Type
we Conv3d(i=1,0=24,k=(1x1x7),s=(1,1,2),p=(1,1,0))
wk Conv3d(i=1,0=24,k=(3x3x7),s=(1,1,2) ,p=(1,1,0))

w' Conv3d(i=1,0=24,k=(3x3x7) ,5=(1,1,2) ,p=(1,1,0))
Conv3d(i=24,0=24 ,k=(1x1x7) ,s=1,p=(0,0,3))
BatchNorm3d(24)
FFN ReLU

Conv3d(i=24,0=24,k=(1x1x7) ,s=1,p=(0,0,3))
BatchNorm3d(24)
AU FR P AR A AL, o AR I AL, RURET R,
sRELR I, p RFDIFAN TS HIN

B EAS SCRI 4R J7 1k B A B 23 3l X S %
& ££ The Indian Pines (IP) 1 The University of Pavia
(UP) RN [E] J7 i 47 5 YOS 1 43 285 80, 0F
2R BLAR 7 T J5 2 ARV O TR B 2 ) T 1 ik
Frxf b, Horp (3 20025 1 (MLR) ' BEHL R
AR(RF)M S 1] 2 BL (SVM)™ 4K % 81 ad 12
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Table 2 Pooled residual network parameters

Model Module L T
ayer e
Type Type yer

Maxpool
Avgpool
Pool Conv2d(i=1,0=1,k=(3x3),s=1,p=(1,1))
Conv2d(i=1,0=1,k=(3x3),s=1,p=(1,1))
Sigmod
Conv3d(i=24,0=24,k=(1x1x7) ,s=1,p=(0,0,
3))
BatchNorm3d(24)
ResBlock1 ReLU
Conv3d(i=24,0=24,k=(1x1x7) ,s=1,p=(0,0,
3))
BatchNorm3d(24)

PoolRes1

Maxpool
Avgpool
Pool Conv2d(i=1,0=1,k=(3x3),s=1,p=(1,1))
Conv2d(i=1,0=1,k=(3x3),s=1,p=(1,1))
Sigmod
Conv3d(i=24,0=24,k=(3x3x1) ,s=1,p=(1,1,
0))
BatchNorm3d(24)
ResBlock2 ReLU
Conv3d(i=24,0=24,k=(3x3x1) ,s=1,p=(1,1,
0))
BatchNorm3d(24)

PoolRes2

Maxpool
Avgpool
Pool Conv2d(i=1,0=1,k=(3%x3) ,s=1,p=(1,1))
Conv2d(i=1,0=1,k=(3%x3) ,s=1,p=(1,1))
Sigmod
Conv3d(i=24,0=24,k=(3x3x1) ,s=1,p=(1,1,
0))
BatchNorm3d(24)
ResBlock3 ReLU
Conv3d(i=24,0=24,k=(3x3x1) ,s=1,p=(1,1,
0))
BatchNorm3d(24)

PoolRes3

FE P AR A E R, o AR 1 E R EAURETRIUD,
sHELRID, p REDFA TS HORN.

(LSTM)"™'"  ResNet'™ . ContextNet”' . MS=3DNet'*’ |
ENL-FCN'"™' DPyResNet ™ Fll SSRN""' | fif5 5L 461
1E Nvidia RTX3080Ti [ #47.

3 FERMVTE

[ 4 Fi L5 43 5 o0 45 43 28 7 TR A TP B A 45
UP #4502 mf AL 245 3 o TP Bl A 45 b )

Z I B H /N, PR AE AN [R] H 9 53 FEAN 25 5 AE A )
25,1 UP 04l 42 RO K (B i 2 ) s /0 H
e 2 BIETE o BH SR 47 X 4. fl & 4 FnEL S AT,
ARSI 04 R G TS R AR A3 28 43V R 8 X T 24K
P AR H A EA TR il 0 25

R T g LA R R OGS 4 2RO A TR BE
X 1P A4l 48 0 UP Bl 4 SR AN TR 43 28 05 141
SEAT S U ST ) A3 2S5, 5 YR ST SEI ) OA
AA il Kappa 72 ZUPE RE 8 A5 (19 24 {8 Fbr offE 22 n 3% 3
MF4FTR . H1FE3 L4 m] 1, A SCHE HY Y SST 55
JEIE AR 53 25 5 ¥ 6 T 1P BUHE 4 0 UP Bdl 4 11
OA AA fil Kappa Z H0X =/ EBEFR A E L T
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(d) (e) (f)

Fl 4 TPEREEM LY 3 285 R () WG 1S, (b) 1 B SC8dE , (c)DPyResNet 777, (d)SSRN J772, (e) ContextNet /5
25, (DA S 5125, ()73 2R K
Fig. 4 Feature classification results for the IP dataset (a) pseudo-colour composite image, (b) surface real data, (c) DPyResNet

method, (d) SSRN method, (¢) ContextNet method, (f) method proposed in this paper, (g) classification legend
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Bare soil
Bricks
Bitumen
Gravel
Trees

Shadows

] [l e (W] ]

K5 UPHEIRER Y IR ()W EAEG G, (b) MR I EdE , (c)DPyResNet /7%, (d)SSRN J5i%, (e) ContextNet
i (DA 5, (@) 73 251K 491
Fig. 5 Feature classification results for the UP dataset (a) pseudo-colour composite image, (b) surface real data, (¢) DPyResNet

method, (d) SSRN method, (¢) ContextNet method, (f) method proposed in this paper, (g) classification legend
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Table 3 Comparison results of classification performance metrics OA (%), AA (%) and Kappa coefficient («) of

different classification methods on IP dataset

Classical Models

Deep Neural Networks

Class Training Test
MLR RF SVM LSTM  ResNet

Ms— ENL-
ContextNet DPyResNet ~ SSRN SST
3DNet FCN

15.45+  28.46+ 51.22+ 69.11x 98. 66+

1 4 42
0.023 0.061 0. 190 0. 090 0.018
73.77+ 56.63+ 81.22+ 74.22+ 87.85%
2 142 1286
0. 006 0. 024 0.037 0.016 0.020
51. 14+  48.42+ 65.82+ 71.49+ 92.71+
3 83 747
0. 027 0.013 0.013 0. 030 0. 007
43.97+  33.49+ 57.75+ 60.72+ 95.43+
4 23 214

0.051 0.025 0. 041 0. 041 0. 046
83.52+ 85.21x 90.04+ 87.51+ 98.23+
0.034 0.025 0.014  0.015  0.015
94.82+ 92.64+ 96.25+ 94.77x 97.98+
0. 009 0. 027 0. 006 0.015 0.011
41.33+  2.67x  73.33x 85.33x 92.98%
0. 186 0. 038 0.019 0. 094 0. 099
98.53+ 97.67+ 97.98+ 97.83x 95.006+
0. 006 0.015 0. 006 0. 009 0.014
5.56+ 9.26+  50.00+ 53.70+ 60. 83+
0. 045 0.094 0.045 0.139  0.283
65.41+  60.91+ 73.87+ 73.68+ 96.05+
0. 041 0.047  0.018 0.025 0.013
80.37+ 87.88+ 82.90+ 84.93+ 93.32+
0.015 0.019  0.012  0.024  0.041
55.68+  41.26+ 74.91x 73.68+ 86.065%
0. 007 0.030 0.043 0.025 0.077
97.66x  90.09+ 96.94x 98.74+ 82.16%
0. 005 0. 040 0.021 0. 005 0.076
95.61+ 95.46+ 93.82+ 96.22+ 95.39%
0. 004 0.014 0.010 0. 004 0.016
56.00+ 41.11+x 60.42+ 60.04+ 90.96+
0. 045 0.029 0.044 0.029  0.127
84.92+ 79.37+ 91.27+x 90.87+ 94.73+
0. 020 0.030  0.054 0.022  0.038

5 48 435

6 73 657

8 47 431

10 97 875

11 245 2210

12 59 534

13 20 185

14 126 1139

15 38 348

16 9 84

88.78+  66.67+ 97.56+ 94. 69+ 57.78+  99.07+
0. 080 0.471 0. 000 0.076 0.423 0.013
98.19+  75.94+ 93.15x  93.83% 98.37+  98.73%
0. 005 0. 080 0. 000 0. 040 0.012 0.006
95.37+  81.39+ 97.59+  89.30+ 97.47+  98.83%
0.028 0. 007 0. 000 0.003 0.010 0. 006
97.04+  88.63+ 91.55+  93.51+ 99. 12+ 98. 63+
0. 021 0. 063 0. 000 0.055 0. 0099 0. 020
97.78+  95.61+ 97.47+  99.26+ 97.79+  99.03+
0.015 0. 054 0. 000 0. 004 0.013 0. 006
98.60+  96.78+ 99.24+ = 98.52+ 98.50+  98.55+
0. 008 0. 026 0. 000 0. 007 0.010 0. 009
90.35+  100.00+ 100.00+  83.08+ 66.67+  90.70+
0. 098 0. 000 0. 000 0.178 0.471 0.193
97.76x  89.51+ 97.44x  97.63% 96.45+  100. 00+
0. 026 0. 091 0. 000 0. 022 0. 029 0. 000
86.90+  66.67+ 72.22+  66.66+ 56.25+  78.34+
0.102 0.471 0. 000 0.471 0.418 0. 091
96.08+  87.41+x 94.74x  93.77+ 98.33+  97.49+
0.018 0.070 0. 000 0. 029 0. 009 0. 002
97.35+  76.69+ 95.61+  89.78+ 99.08+  99.26+
0. 004 0. 096 0. 000 0. 040 0. 005 0. 002
94.00+  88.65+ 97.00+  83.43% 98.46+  98.03+
0.012 0.036 0. 000 0. 107 0. 009 0. 002
95.01x  99.78+ 97.83x  98.19+  100.00+ 99.59+
0.03 0.003 0. 000 0.021 0. 000 0. 005
98.49+  90.06+ 99.12+  96.00+ 98.63+x  99.38%
0.014 0. 087 0. 000 0.021 0,010 0. 005
94.10+  88.21+ 92.80x  91.22+ 99.24+  98.08+
0. 031 0. 044 0. 000 0. 040 0. 005 0. 009
93.57+  98.53+ 100.00+  70.90+ 95.63+  96. 94+
0. 046 0. 021 0. 000 0.388 0. 062 0.023

76.23+  72.98+ 82.00+ 82.13x 92.44+
0. 008 0. 006 0. 006 0. 004 0. 006
65.23+ 59.41+ 77.36+ 79.53+ O91.19+
0.019 0. 005 0.019 0. 005 0. 025

0.7266+ 0.6862+ 0.7941+ 0.7954+ 0.9137+
0.010 0. 007 0. 007 0. 004 0. 006

OA

AA 1018 9231

96.98+  83.44x+  96. 15+ 91. 47+ 98.38+  98.67x
0. 006 0. 060 0. 054 0. 029 0. 004 0. 001
94.96+  86.91+ 95.21=+ 94. 14+ 91. 11+ 96.63+
0. 003 0. 084 0.028 0. 006 0. 080 0.014

0.9655+ 0.8082+ 0.9560+ 0.9020+ 0.9815+ 0.9849+
0. 007 0. 070 0. 030 0. 034 0. 005 0. 002
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