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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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BOGTE 23 18] LA KOG TE - 25 [V RRIE AR TAE 5 0 26
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REXIRG R P o RAEE . Xie SF 04
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o1 T G RAR P A & R A [R) B B E (5 B
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KFME ] 3V, LASE S 42540 i D3 AR b i A
FE IS [ E R E R RIS AR WL B
—AERHIE I RSO T AL - REE
it (Spectral-Spatial Attention Module , SSAM ) il it
EFR 2= (Pooling Residual Block , Pool Res Block )
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PSP 25730 L i o R ) 8 A
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IR OGS R B A B 5 B . — S TR
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P Ak BESCA A3 2 1 R AT HILAS B 03
BT o 8] 52 B A S AT 55 o 0 B 46 2% (Vision Trans-
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Fig. 1 The hyperspectral image classification network of SST
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Fig. 2
tion Module

The specific structure of the Spectral-Spatial Atten-
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Lu JEEE PR30 PRECHE HE FFN
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REJT A SCHEMARARIE J5 5 | A 5% 25 I 246
1.4 #RKREH

5% eREICR T DL 28 SCIR R

1 & N
Loss®™ = I z yilogyl' . (6)
m=1

Soofryp FR RIS 2o B
MR/ AR AR BB, L, 3 1 20 35 Rk
L5 iFMIERR
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OA - (sum(]ll,l)su,m(M,Z))/sum(M)2
Kappa = —(9)
1 - (sum(M,l)sum(M,Z))/sum(M)
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University (UP) £ 4 52 X% B 4 55 635 0 %0 ik b 47
2% o Indian Pines (TP) Fdls £ 4 b AL 2 m] WL oL/4T
A 1% 15 6 3% AL (Airborne Visible Infrared Imaging
Spectrometer, AVIRIS) & & #5 7E 35 [ 25 & g4 M —
AE O SRR o B AE AL 220161 i
B, WK Lk 400~2500 nm o, (R GG AR 19 45 ]
YEJE N 145%145 4355 16 A [F] 79 b 2 A8 15 28 1l .
UP 08 4 2 o 48 [ AY AL 38052 5 Ot 7 e 1% A3 )
(Reflective Optics Spectrographic Imaging System,
ROSIS-03) ££ 2003 45 X 7 A Y 1A 248 73k Bt bl 9
B — AR o3 G A o IZRBOLIE AT 0. 43~
0. 86 wm I K78 Bl Y 19 115 A3 il B3 22 %
JIT R B 25 ] 4 B3 R 1.3 mo 2B Y 5 () R
1 610x340, PR AL 7 2207400 MR 2K R H:
TRERENERBR QT HYNER A
42776 4>, XL AR K AL & o KM Yy, [ AR
(Trees) . Wi 7 i % (Asphalt) | fi& £t (Bricks) . 4 3%
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B2H B —1> Patch.
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P28 (Label ) B9 58 SURH R , PR FHIZ A5 A6 HE 2 1]
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AR S i R AR A LT Pytoreh HEZR#E # R

FH Adam PEAEES , 15 FH A3 5% 38 i 5 A SE B2 o) %
Y BB, 90 4R 2% 2 3k 0. 001, 43 58 11 25 200 4> ep-
oche A THERENE, FHLREZNETS
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Backward
Loss(Prediet, Label)
H

!
- Predicr: 1% 1 %L

. J
K3 SCBR Y SST moLib s 87 2 2% ety
Fig. 3

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)
U e AR AGEIE L, o FCI Y B IE AL KRB BN,
sPREE R KN p AREH FAN TS EIN

B EAR ST 4R J7 1k B A B 23 31X PS5
& ££ The Indian Pines (IP) 1 The University of Pavia
(UP) RN [E] J7 i 47 5 YOS 1 43 2855 80, 0F
2 A BLAR 7 > J5 2 AR SRV I TR B 2 ) T 1 ik
Frxb b, Horp (4 20025 11 (MLR) ™ BEHL AR
AR(RF)™ S 1] 2 HL (SVM)™ K 81 ad 12
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R2 MURENKZSH

Table 2 Pooled residual network parameters

Model Module L T
ayer e
Type Type yerp

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

Frit P AR A TE R, o AU 1 E R FAURE RN,
sHELRID, p REDFATZHORN.

(LSTM)™'' _ ResNet'™ . ContextNet'®! , MS=3DNet'*’ |
ENL-FCN'*' DPyResNet ™ Fll SSRN'"""' | fif5 sE460 1
1E Nvidia RTX3080Ti [ #47.

3 FERMTTE

4 FiEL 5 43 5 o0 45 43 28 7 TR A TP BHE 45 Fl
UP #4502 AL 25 3 o TP Bl A 45 b )

Z I B AN, PR AE AN 5] H 9 53 O AN 25 55 R A 47
25,10 UP 04l 4 RO 0K (B i 2 ) s /b H
e B 22 (A1 T 4 O 4 X 43 F T 4 TR S T AT,
AR ST 04 8 G TS R AR A3 25 43V R 8 X T 28K
P AR M EA RS I 0 25

RT A S H A Bl R GRS Ay R I MR
X 1P A4l 48 0 UP Bdls 4 SR A TR 43 28 05 141
SFEAT S YO ST W 43 2L, 5 YR ST SEI ) OA
AA il Kappa 7 £ G848 75 1Y Y (B IR E 22 0 3R 3
MFEAPR ., B 3FE 40 A, A SCHE Y SST
JEIE AR 53 2805 ¥ 6 T 1P BOHE 42 0 UP Bdls 2 11
OA AA fil Kappa Z H0X =/ EBEFR A E L T
Hofth by v, HOR N E BT, H Ik,
AR SCHE H 1 SST i M SEAR 205 BT X i zs
[T T AR /NI B R, I 28 0 ML o
WIS RBUZ BT 3R B RRAE | DL A 3 B R O 1S (5
SRz 5 B o HUR, I A 5% 25 45 B Aokt
WL YN LR LA I, I H A% 2= ML RE 4% b7 1E B
FETH S, MM 38 5 SST M5B AU (1 & etk . PRI IE , AR
SCHE Y SST i 1 43 25 07 1k R % S B e i s 14
() A B A2
4 Hit

ARSCTRAMEGE T 3 TR % 2 1 R e i s 18
YT BT —Fh LT SST R4 Y itk 2 1%
SR TTIE . TEX E IS AR R I S — 4R R A
FiAb BRELRN b BT SST &G AR A KB4
1% M 440,45 SSAM 1 Pool Res Block P MEEHE | i &
FH 30 3 3 30 R s [R5 B 2 ) A A DG i e
HHATHRBOGIEEE LAY Patch £ RHRE . SLH0 45
A A SCT 1 B S0 IR R A B 1
AR 25 16 TP B9 45 A UP S 45 |, OA MEfE
F& R399 h 98. 67% F1199. 87%, AA P REHE Fr 43
} 96. 63% F1199. 83% , Kappa Z %843 5 7 0. 9849 Fil
0. 9983,

AR P28 ZE R BT I S B 3K, Qar i ) 45 34
i AL, W A Ul ASE R 4 A A A R T A
FRFBE A LA TSC bR T, 2 oA ok 5 A 5T 1 — 4
HEEJ I, MA, B AT Ys 7R BURRAE AT R
“REGT R AR Ty, An ] 3 A 3R N R —
AFFOEXS T AT 55 i F B AR B, OG- 2 pr ik it
R ] f M, DR L, 0 2% Tl fig R kb 2 — A
BT SE T ] .
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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

(a)
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Bare soil
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Shadows
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T, (ARSI IR, (9)/3 25 KI5
Fig. 5 Feature classification results for the UP 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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®3 FRESEFEEIPHESE LRI EMRETEIR OA(%) AA(%) 71 Kappa ZE (<) UL B L5 R

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+  28.46x 51.22+ 69.11x 98.66%
0.023 0. 061 0. 190 0. 090 0.018
73.77+  56.63+ 81.22+ 74.22+ 87.85%
0. 006 0. 024 0. 037 0.016 0. 020
51. 14+  48.42+ 65.82+ 71.49+ 92.71x
0.027 0.013 0.013  0.030  0.007
43.97+  33.49+ 57.75+ 60.72+ 95.43+
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+x 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+ 86.65%
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

2 142 1286

3 83 747

4 23 214

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  97.63x 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 94.74+x  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+x 92.80+  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+ 77.36x 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+  83.44+ 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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