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Hyperspectral image classification based on fuzzy spectral-spatial features

Chen Rui', Xu Jindong', Liu Zhaowei', Yan Weiqing', Wang Xuan', Song Yongchao', Ni Mengying"*
(1. School of Computer and Control Engineering, Yantai University, Yantai, 264000, China;
2. School of Physics and Electronic Information, Yantai University, Yantai, 264000, China)

Abstract: Hyperspectral remote sensing data, which is difficult to have both high spatial resolution and spectral resolution,
often have the phenomenon of “the same object with a different spectrum” and “a foreign object in the same spectrum”. This
kind of spectral heterogeneity brings some uncertainty to image classification, and there are problems of insufficient utilization
of spatial information and degradation of depth network fitting. In this paper, a dual branch hyperspectral remote sensing
image classification method combining spatial and fuzzy spectral features is proposed. By designing asymmetric convolution
fuzzy modules in the spectral branches, the spectral representation ability of the convolution layer is enhanced, the spectral
heterogeneity in the classification data is solved, and then the ground features are accurately classified and described. The
gated recurrent unit model is used to obtain the adjacent spectral sequence information in groups to alleviate the fitting
degradation problem caused by the increase of network depth. In the spatial branch, the correlation between bands is used to
introduce the convolutional long short - term memory module to effectively capture the spatial context information.
Experimental results on three public hyperspectral datasets show that the fuzzy classification network with double branch
structure can make full use of the fine-grained information contained in spectral - spatial, and the more discriminative spectral-
spatial features can effectively overcome the problem of spectral heterogeneity, and achieve better classification results than
state-of-the-art deep learning methods.
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i 6 1% E 1% (Hyperspectral Image , HST) £ 3%
FEHGISE B R A A E R ER
AFS O CEFRE AT Z R EE T
HCTEA B B e B, 5 B b A7 AR DG 1 AR = A
WP T, S B 28 1 N AN — BOvE R 26 G TR
B PR Y Il 8, T B HSTE BT bRicHEA A
Bl D 5 BOA 25000 0 0 1 25 15 R AR A S, 45 HST
SPEAT SR T — & R . % s )
FRAE Y A8 GEAIL A% 7 > MR 43 28 T ¥k AN RE 5t 43 AL
HSI B A — i i, 43 25 M: e LA /2 55 b

TRJE 27 2 B R ] LA /D 2 e 3o TR s L T
3 AR MR IZREY, SR 2 AR EAH L,
WZFERE 7 > R g A R 45 M 5 2, X &
18 05 A8 A EL A T 5 0 6 A M RIS AR P FE HSI
A3 A 4% ) Z WF 9T, Chen et al ™ 8 UK I8 &
FAOWMMAETIAHSI K M Z 2 WS A difd
i PR MG B RRAE . (B T HSTAR B & =4k 57 7 ik
B | A S I 10 255 R R e L) R A R A 1Y 43 26
250 B AR A 25 i R AR 8 HST 20 28 4E 55 1
. Chen et al " # H = 4k 5 Bl 22 5 45 (3D Con-
volutional Neural Network, 3SDCNN) i HSI 432,
TE 25 [B) MG TS 2 BE L W] sk AT 5 A0 . % 18 /N i)
R 1 F W4 15 43 25, Zhao and Du ® 4 {1 — i 3k
Tt 3% -2 [ R i 19 53 25 (Spectral-Spatial Feature
Based Classification, SSFC) J7 & , F F - £ J& &
I 50k A D 3 B 22 W 4% (Convolutional Neural
Network, CNN) 3 5] 42 HO 3% 1 2 [l $540E , {5y
TR $2 WU AR R 43 2 A i I R 02 4 B Y, 42
¥ B R zE M R AE . Zhong et al V42— PP G % -4
[E] 5% 2= ™ 4% (Spectral -Spatial Residual Network,
SSRN) , i I Ot 13 5k 22 e Fi 23 1] 5% 22 e R
HST 2% 2] TR B2 H B ARAE . SR 5, S8 —Fh i i1
25 i Ik A M 2% (Spectral - Spatial Transformer
Network, SSTN)"™", i F %3 ] 1 7% J7 A5 He 6%
SRHRBL M 3 2o 5 AR A5 BB 1Y 24 Bk A 5 4 T A
K14y 21 BE . Wang et al ™ 2 H — Ff i 1) 0 [ 1&
R 43 25 W 2% (Adaptive Spectral - Spatial Multi-
scale Network, ASSMN) , #& lt HST 73 25 19 2 R
R SCE L SRR S Y S A RRAE

HST 1y 3% Bl 8 Ry A 3% 2L 1, B RS N

BRAHSCHE A —E W P A M P AR AL B B A Y
RAFPEREAE S RS R I B EHNHA A A
DO TAEBEAT TR ER . Hoh TG R T
(Gated Recurrent Units, GRU) fEfi #2 H R 1B =
) 1 B i) 0 A S — S T AR GRU 5 R
FF HSI 4325 . Zhou et a4 i — Fh il &5 CNN
N GRU At #5102 > HE SR fiff ] CNIN 42 iU 5
AP By 2 [AVRRE , BRI GRU 4 2 fil & 9 2%
XA [ 9 Bt 19 25 )RR AE 64T Rl G . Pan et al 42
H — Bl TR -2 S B GRU BERLH] T HST
G328 AT DUAE — A~ 3 22 618 i A rh 27 2 U Be ]
AR SCHE . e Ah o 1 e DR AR i A B T IR 0 )
I B 4 bt 4 B 6] P B4 S, Shii et al e K
1012 M % (1.ong Short-Time Memory, LSTM)
il b4 B AU B ) 2 42 B 4% (Convolutional
LSTM, ConvLSTM) , $ [T 4 4 3 45 J= 5 e
HRUZ BB A R BUR 25 FRAE . Hu et al' ™ 2 H
ConvLSTM 5 2D 5 3D %5 U 45 4 (1 7 1 % 4l
BRI P A (]38 G 2 8] A G &

ZE b SRR TR 2 2] J7 1 8 B s ik A
SR FHAS J 1 T 750 LA R A 2 > A b SR H AN
FE R B I B, AR SCHR ) — Tl B T RO 3 5 R AR
M 4% (Fuzzy Spectral - Spatial Feature Network,
FSSEN) ) HST 2326 J5 1 . i) o 21 35 14 2% ~J 5
W, K AR T 44 B0 DAy D' 3% A 4 ] A 3 5, e S
LG — WA bR BORE 3K T A 3 SRR SE AT Rl
k.

A FE DT

(D AESCTE 7 S i B i 1 AE X B A5 BB R A5
B (Asymmetric Convolution Fuzzy Module,
ACFM) e 34 s TR B2 27 ) B U2 I R AR RE ), 28
 H AR R AT D Al R 5 D43 R0 ) ) e Y
ik, v JIR 2B 445 38 B 0, A7 X 2 b b B HSTAR
B P AT 2 1

(2) GTEFR AR $2 Bt 72 R H GRU i 3 )5 51
SRR EP IS SUN/P W S IS WA S AL S 2 G ]
R LY 2R 3, AR B B ARAE , ek /D B A i
B KU B 1k ERT I 248 fam  5 B0 ) A5 U 3R A ) 7T

(3)7E 25 [0 43 32 Hp i ConvLSTM 7 25 ] 1
Do v B BRURF AR AR R, A R0 B I 25 R A, B 4 b 22
I 25 [AF B, S22 RUBE bR SOfR B A R JSE AT
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Fig.1 FSSFN network structure
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Fig.2 ACFM structure
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Fig. 3 Asymmetric convolution structure
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TR REE /Y 1 F SCfF BRe 4R i o N L i
N B 1 RO Z2 B Ak, — R A8 24 I Bk B
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1.3 ZTEFFEREFMN  WE 1R, = 6505
TEDEAT R AR IR, 7 B ah HST i Bt 2 K,
i IR E & 8 e X AT 3 143 43 #7 (Princi-
pal Component Analysis, PCA) , 43 i [ 4k | 2 5
I — A FRAS BR/INH b X w X d B TSI B, w,
d oy )k R R A S B TE R SRR L 4
1t 3 < 3 Y 4 U2 $ IBURRAE | £ s 3 4 ARUZ Y
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W, FEAT FNF Iy 1] 1 3% SEARAT ST PR 43 40T i A
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Hor L3 KRB, L T L 522 638 11 25 (]
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2 XRWERSHM

e I = AN A JF O 3 & B 4R Indian
Pines (IN), University of Pavia (UP) 1 Kennedy
Space Center (KSC)'™' ¥E4T 52 5, 43 B P4l 5 3%
PERE . B FSSEN 5 Wi AT 09 %R B 2% 2] J5 i AT [
# 145 3DCNNT, SSUN™ , SSRN"™ , ASSMN""
FISSTN X e 1k 1 55 56 2 45035 4 LI S0 ik
& . SRR B (Overall Accuracy, OA) 13
W (Average Accuracy, AA) 5 Kappa 7 5UAE
g VPR . 5E I Fhod B AL R /)N batch-
size J 16, 2% 2] F H le— 2, epoch 2 200. 5L 55
£ 4 Intel 6140 kb FE 2%, 512 G N 7, RTX2080Ti
2R, FETF Pytorch R i 2 S HEZL ST
2.1 ZBBIRE

(1) IN: fH HLER AT UL /41 A0 BAZ OG 35 AL (Al
Visible/Infrared Imaging Spectrometer,
AVIRIS) f B & T 1992 4F 76 B 5F 22 499 M 75 L
Wedk AL 220 B R E KR/ O 145145, &
B 20 2% 7K W Wi B Wt 7 3 B, TR 200 2501638 Ik B
FH T g2 503K . 23 6] 43 34 20 m, P K9 F
H30.4~2.5 pm. ZEIEEALE 16 DG, £
B A DXHUAR AR, I A — 22 d ST LA OE %
IN 8 48 1 I 2R 4 Al A 3R % 1 s

(2) UP: fy 2 K AL &Y 525565 & e g
JCIEAL T 2001 4F 3R A%, & 115 Mk B R R K
/N 610X 340, 2 B M 75 5 By e R 103 4~ U B
T S2ge k. A m o BER N 1.3 m, PR E
0.43~0. 86 pm , & JUA ) 7 55 250 A8
Wi BB R P 055 UP s 5 I 2k 4R AN
D ARl R W 3R 2 B

(3) KSC: iy 3¢ [ f & HL ik Ml AVIRIS F
1996 AE W AR . AL 8 224 AL 1k I BE L 2 Bk M 7
K P B GTE 0. 4~2. 5 pm {5 58 176 4> 9 BE T 52
B AR KN K 512X 614, %5 (8] 43 B H 18 m,
4% 13 My 7 5 28 00, B2 TR 2E A KSC
BRI A 00 I 2 A R 3t 4R R a0 R 3 TR
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F1 INBEEEAMIISMNKEREE
Table 1 Number of training and testing samples used

in IN dataset

Class

umber Class name Training Test

1 Alfalfa 33 13
2 Corn-notill 100 1328
3 Corn-mintill 100 730
4 Corn 100 137
5 Grass-pasture 100 383
6 Grass-trees 100 630

7 Grass-pasture-mowed 20 8
8 Hay-windowed 100 378

9 Oats 14 6
10 Soybean-notill 100 872
11 Soybean-mintill 100 2355
12 Soybean-clean 100 493
13 Wheat 100 105
14 Woods 100 1165
15 Buildings-Grass-Trees Drives 100 286

16 Stone-Steel-Towers 75 18
Total 1342 8907

2 UPHBEEEAMIIGMIKERYGE
Table 2 Number of training and testing samples used

in UP dataset

Class number Class name Training Test
1 Asphalt 100 6531
2 Meadows 100 18549
3 Gravel 100 1999
4 Trees 100 2964
5 Painted metal sheets 100 1245
6 Bare Soil 100 4929
7 Bitumen 100 1230
8 Self-Blocking Bricks 100 3582
9 Shadows 100 847
Total 900 41876
2.2 INMIBEFHNIRERRIFMHIHT INK

A B Sz b o R A s . b B AT, HA 4
2759, W 3DCNN F1 SSRN, A ¥ 215 & 5 bl bk
43, T FSSEN (35 43 KB /b 7= 24 (1 ) Jii [X 5 o
2, M) 00 5 S 00 O T, R T I S b S B
AR L . ASSMN B ARk A T H 38 B 45 1S e
B 8977 T HST 43 28 (0 {1 00 0 45 R 3
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Table 3 Number of training and testing samples used
in KSC dataset

Class number Class name Training Test
1 Scrub 33 728
2 Willow swamp 23 220
3 CP hammock 24 232
4 CP/Oak 24 228
5 Slash pine 15 146
6 Oak/Broadleal 22 207
7 Hardwood swamp 9 96
8 Graminoid marsh 38 393
9 Spartina marsh 51 469
10 Catiail marsh 39 365
11 Salt marsh 41 378
12 Mud flats 49 454
13 Water 91 836

Total 459 4572

PR AE SR IBOPAT Y 70 MG JE LA IR AR 2
WG g TR O RN . 3R 4 A SRR LT AN
Fe bR AT 45 B FSSEN B OA , AA Fl Kappa =
A FEFRBIE T X L 3 . 2022 4F 4 A9 SSTN

4 BEEEFEINHESEENSEER
Fig. 4 Classification maps of different algorithms on IN

dataset

FEE A SO 2210 OA L AA , Kappa 18 #1555 59l 42 5
T 2.73%,4.9% #13.08% , X 15 %5 F FSSFN %
T ACFEM, B 7 R AiE $2 U RE ), A s b 38 7
R ] A 8 . TE AN [E] ) 2y 248 A
FSSEN UG T 845 19 70 K AOCR , JEIHAE Grass-
trees 1 Woods 28 il b, 7» 2K K & 23 il 35 3
100. 00% F199. 49 % , S AT /N i Mg 7 532 W, 75 Jr
A5 E T B ROR AR A BRI AR

x4 BEEFEINBEEENSEERE

Table 4 Classification accuracies of different algorithms on IN dataset

Class 3DCNN SSRN" SSUN™ ASSMN!M' SSTN! FSSFN

OA 96.42% 97.12% 96.49% 97.35% 94.78% 97.51%

AA 98.61% 96.45% 97.83% 98.62% 93.82% 98.72%

Kappa 95.86% 96.57% 96.41% 96.93% 94.03% 97.11%

Alfalfa 100% 99.23% 100. 00% 100. 00% 70.00% 100. 00%
Corn-notill 93.30% 96.35% 94.80% 94.35% 95.30% 93.97%
Corn-mintill 99.59% 96.53% 99.04% 98.22% 92.37% 98.22%
Corn 100. 00% 96.92% 100. 00% 97.08% 89.95% 100. 00%
Grass-pasture 100. 00 % 99.01% 98.96% 99.48% 87.70% 97.13%
Grass-trees 99.37% 98. 96 % 99.84% 99.68% 97.48% 100. 00%
Grass-pasture-mowed 100.00% 98.33% 100. 00% 100. 00% 100. 00% 100.00%
Hay-windowed 100. 00% 99.94% 100. 00 % 100. 00 % 100. 00% 100. 00%
Oats 100. 00% 100. 00% 100. 00% 100. 00% 100. 00% 100. 00%
Soybean-notill 95.41% 90.92% 98.17% 94.61% 86.79% 95.64%
Soybean-mintill 93.25% 98.94% 93.29% 96.86% 95.96% 97.62%
Soybean-clean 98.17% 95.35% 99.59% 98.78% 96.12% 97.97%
Wheat 100. 00% 99.78% 99.05% 100. 00% 94.18% 100. 00%
Woods 98.71% 99.47% 98.45% 98.88% 98.90% 99.49%
Buildings-Grass-TressDrives 100. 00% 94.80% 100. 00% 100. 00% 96.35% 100. 00%
Stone-Steel-Towers 100. 00 % 78.66% 100.00% 100. 00 % 100. 00% 100. 00%
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Z . TESRPERE R AN AIE BL T BE Bl A A
A B I ZREH 100, H AR FEA 2 I 4 | 52 9 45
S 5 R . B AU AR SCOT 3 RO e,
FE VB X 43 R B8 3% 0 28 0 T AR, 300 57 T 355 Bl
1M BDCNN Fl SSUN F i fEE IR Z MR 75, 43 2%
SERORNEA . A 2R EE R B WITA 48 bR a3 5 BT
7~ . FSSFN ) OA ik #] 97.03%, 1fii 3SDCNN Al
SSUN Hy F #F fiE 42 W B A 5 BR %, OA XU H
93.54% M 92.36% , 45K 2 8K . X T Asphalt
Fo AR T R A3 SRS BE LA AR R 25 B L (H
FSSEN 5 HUAS T $5c £E 1 50 560 45 3, o sl R %8
202K 2 A1 3SDCNN, SSUN, SSRN, ASSMN,
SSTNAH L, 48 I BE ALK, iR 3] 97. 41 % . X J2& i
T ACFM #5538 1 46 BUZ 1 R AE§E J1 DA )
GRU AU R T G5 7 40 i A O 5 B A
R T ORGSR P& ) . 7E Bare Soil 285 H, R
LT ER OA, AA Fl Kappa 15501 ASSMN 43 41

E s
Fig. 5
UP dataset

P75 0.65%,1.99% F10.93% , Hor K a5 Ry
W% T M, R RS R D HORAR R R ACR WAL T
3DCNN, SSUN, SSRN, SSTN. SSRN # #k 1 it
PEANER A o3 2 4 2R (R X 3 AN g -3, ) an 7
Meadows ZE 5| Fh B4 28 1 .

2.4 KSCHEELWIRERRITENTHT &
Ja AR KSC Bfls 4 b 2 17 73 28 52 56 0k DA 5 Fh 53
B PERE  FE AR 2 % SSUN Wi H |, 7 K45
RANIE 6 B s . i KR, FSSFN Al SDCNN,
SSRN AH L, 7 28 Y /] o7 X B B 22, 3% 4 R I,

BEZEUPHEE LMSEER

Classification maps of different algorithms on

x5 BREFEUPHEELNSLERE

Table 5 Classification accuracies of different algorithms on UP dataset

Class 3DCNN™ SSRN™ SSUN™ ASSMN™Y SSTNM FSSFN

OA 93.54% 96.71% 92.36% 96.38% 96.37% 97.03%

AA 95.92% 97.80% 95.21% 96.24% 95.06% 98.23%

Kappa 91.50% 95.61% 89.97% 95.13% 95.19% 96.06%
Asphalt 92.40% 85.69% 86.86% 96.65% 96. 25% 97.41%
Meadows 91.97% 99.82% 90.90% 99.18% 98.57% 95.65%
Gravel 94.77% 100. 00% 94.85% 93.70% 84.22% 98.20%

Trees 97.80% 99.96% 99.63% 98.62% 90.62% 98.55%
Painted metal sheets 99.91% 100.00% 99.60% 100. 00% 100. 00% 100.00%
Bare Soil 92.45% 95.47% 93.06% 81.27% 98.40% 97.79%
Bitumen 98.85% 100. 00% 96.59% 97.32% 99.46% 98.86%
Self-Blocking Bricks 95.53% 99. 28% 95.90% 99.41% 92.00% 98.13%
Shadows 99.62% 100. 00% 99.53% 100. 00% 96.02% 100. 00%
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KSC dataset

A U7 N SIS S 3 - U S 2 S
L6~ . HFEAT WL, FSSEN fi4 52060 45 5 e 4, 1
OA, AA M Kappa & F5 t ASSMN 43 51| 42 &
0.81%,1.73% #10.91%. % 4, FSSFN 7£ CP
hammock 28 51 Hp 5 40 R 30 K, X 2 Je W E 15 8 %

Classification maps of different algorithms on

R HE 1) H
(IERGRED=NiUP Nt R AT €1 TR R N G RLip

B ABAE/INREAS T B T AR SCO7 B AT) Rl AR R R
(R 73 NG B AR E 1 X 02 RO A8 HT ACFM 28 i
T ARG ERER I H GRUBEE T BA D
AR CFEA Y HSTor 284 55 BRI 2 S 80 />
YR} ] 5 J, BB AT 25000 ahil 2o 40045 1) R

2.5 HEMIWERRIFMNSH ACFM A GRU
(A X A ST vk B OR T B, O T B UE IX P A AR
P A &b, AR ) 64 52 36 2% 11 7 KSC %l % 1
HEATIH Rl S 0 . BIVRSE AL 7E O R OGS MR AT
Oy FAT 55 b, A il FH ACFM AT GRU (Spectral-
ACFM -GRU) , GRU (Spectral -GRU) , LSTM
(Spectral-LSTM) #F 17X Lt , 28 J& S0 R H %5 (0]
43 32 (Spatial) #4743 JAT: 55 LA S Bk A o % - 25 1)
(Joint) 43 SCHEAT XS HE S8, SEHR S5 SR W3R 7 s

K6 BEEZEKSCHEE LN LERER

Table 6 Classification accuracies of different algorithms on KSC dataset

Class 3DCNN™ SSRNY SSUN™! ASSMNMY SSTNM FSSFN

OA 97.52% 96.76% 96.57% 97.70% 97.66% 98.51%

AA 96.87% 96.28% 94.82% 96.70% 94.69% 98.43%
Kappa 97.24% 96.39% 96.18% 97.42% 97.40% 98.33%
Serub 94.75% 100. 00% 95.05% 94.37% 99.69% 96.29%
Willow swamp 94.77% 93.06% 95.91% 98.64% 96.10% 98.18%
CP hammock 96. 64% 100. 00% 95. 26 % 97.84% 99.54% 87.07%
CP/Oak 86.27% 69.18% 96.93% 100. 00% 99.07% 100. 00%
Slash pine 96.37% 100. 00% 80.14% 93.84% 69.34% 99.32%
Oak/Broadleaf 97.05% 95.60% 73.43% 87.92% 97.41% 100.00%
Hardwood swamp 97.08% 100.00% 100.00% 86. 46 % 75.28% 100. 00%
Graminoid marsh 97.84% 98.35% 98.98% 99.75% 99.18% 99.75%
Spartina marsh 99.30% 99.76% 99.15% 98.96% 100.00% 98.96%
Catiail marsh 99.89% 97.65% 98.63% 100. 00% 100. 00% 100. 00%
Salt marsh 99. 84% 98.01% 99.21% 100. 00% 97.46% 100. 00%
Mud flats 99.56% 100. 00% 100.00% 99.34% 97.88% 100. 00%
Water 100. 00% 100. 00% 100.00% 100. 00% 100.00% 100. 00%
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Table 7 Classification accuracies of ablation experiments on KSC dataset

Class SpectralFACFM-GRU Spectral-GRU Spectral-LSTM Spatial Joint
OA 87.94% 86.25% 83.38% 95.20% 98.51%
AA 82.24% 81.23% 76.37% 96.75% 98.43%
Kappa 86.52% 84.64% 811.48% 96.64% 98.33%
Scrub 97.50% 85.03% 82.28% 77.61% 96.29%
Willow swamp 88.64% 82.73% 86.82% 92.73% 98.18%
CP hammock 84.05% 64.22% 50.00% 98.28% 87.07%
CP/Oak 96.43% 96.43% 92.86% 100. 00% 100. 00%
Slash pine 46.58% 36.30% 23.29% 97.95% 99.32%
Oak/Broadleaf 32.37% 44.44% 26.57% 97.10% 100. 00%
Hardwood swamp 67.71% 89.58% 79.17% 100. 00% 100. 00%
Graminoid marsh 88.80% 79.64% 82.44% 97.73% 99.75%
Spartina marsh 91.65% 92.69% 91.02% 95.62% 98.96%
Catiail marsh 98.90% 99.19% 93.15% 100. 00% 100. 00%
Salt marsh 96.56% 92.86% 91.80% 100. 00% 100. 00%
Mud flats 90.09% 92.95% 93.39% 99.78% 100. 00%
Water 99.88% 99.88% 100. 00% 100. 00% 100. 00%
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Table 8 Effective test of GRU model on three datasets

IN up KSC
Joint-GRU 1398.3 8878.0 6875. 4
Train time(s)
Joint-LSTM 3891.3 9445. 7 9791. 1
Joint-GRU 12.74 99. 60 22.36
Test time (s)
Joint-LSTM 37.27 208. 94 130. 47

2% I, FSSEN # 1y GRU 8L 5 1] DL A5 3% 24 9k
W &% 2280, e LSTM B AL 45 el 1 512 56 I 25 A 3t
B 1], e T WSO B L R T B AT RIOR
3 it

AR S i X3 S 45 B R 3 2K R 45 fige ke
HST 73 JEAT: 55 v e 3 53 o o RS LGB A fm) st . 1

FEBOEIERF RN, GRU BRI 3R A4S R iR R 2
] B AR O 2R, B 1 AR AR OO A Akl 1
WG . O T AR R T, it ACFM
ZE HAFMERAE R R T 2% 1) RALRE T, 42 1K
2615 B . 7E 25 18] 45 AE 4R B, ff ] Conv-
LSTM R AT 70 4L 5w, 56 50 M FH i B 18] 14
S, 2T s 6] S5 R R AR 6 R o etk
AE . 76 = JF By HSTEGIE £ by se g R B, A
U 5 HG Al ot 1R 00 TR T 2 ) 25 3 70 28 ) 45 A
LU, BE S AT 200 B s 3% 4 SRR AT, A e Y
NG BE A R AP PR RE

&% Lk

(1] w2, A8, W] — . & 6% R 5 3 R0 1E 42 25
b E G EDE 2 i, 2021, 26(8): 1737—1763.
(Ye Z,Bai L, He M Y. Review of spatial-spectral
feature extraction for hyperspectral image. Journal of
Image and Graphics,2021,26(8):1737—1763.)

[2] Li W, Dou Z G, Cui L J, et al. Suitability of
hyperspectral data for monitoring nitrogen and
phosphorus content in constructed wetlands. Remote
Sensing Letters, 2020, 11(5):495—504.

[3] RenJS,Wang R X, Liu G, et al. An SVM -based

nested sliding window approach for spectral - spatial



[5]

[6]

[7]

[8]

[9]

[10]

154 - R A CH SRR 559 %
classification of hyperspectral images. Remote [12] Lynn H M, Pan S B, Kim P. A deep bidirectional

Sensing, 2020, 13(1): 114.

BT, 2 0, A AR S TR A T B RO
5 22 U5 SR Bl 0 2 L BB A, 2021, 25(7):
1489—1502. (Zhao W D, Li S S, Li A, et al. Deep
fusion of hyperspectral images and multi-source
remote sensing data for classification with convolu-
tional neural network. National Remote Sensing
Bulletin, 2021,25(7):1489—1502.)

R R, E AT FDOIE R B NEA R B
TSR 2 P 4 7 i B I g R 2441, 2021, 26(8):
2009—2020. (Wu H H, Wang L G, Shi Y. Convolu-
tion neural network method for small-sample classifi-
cation of hyperspectral images. Journal of Image and
Graphics, 2021, 26(8):2009—2020.)

Chen Y S, Lin Z H, Zhao X, et al. Deep learning -
based classification of hyperspectral data. IEEE
in  Applied Earth
Observations and Remote Sensing, 2014, 7(6):
2094—2107.

Chen Y S, Jiang H L, Li C Y, et al. Deep feature

Journal of Selected Topics

extraction and classification of hyperspectral images

based on convolutional neural networks. IEEE
Transactions on Geoscience and Remote Sensing,
2016,54(10):6232—6251.

Zhao W Z, Du S H. Spectral - spatial feature
extraction for hyperspectral image classification: A
dimension reduction and deep learning approach.
IEEE Transactions on Geoscience and Remote
Sensing, 2016,54(8):4544 —4554.

Zhong Z L., LiJ, Luo Z M, et al. Spectral - spatial
residual  network  for  hyperspectral ~ image
classification: A 3-D deep learning framework. IEEE
Transactions on Geoscience and Remote Sensing,

2018,56(2):847—858.

Zhong Z L., Li Y, Ma L F, et al. Spectral - spatial
transformer network for hyperspectral image
classification: A factorized architecture search

framework. IEEE Transactions on Geoscience and
Remote Sensing,2022(60):5514715.

Wang D, Du B, Zhang L. P, et al. Adaptive spectral-
spatial multiscale contextual feature extraction for
hyperspectral image classification. IEEE Transac -
tions on Geoscience and Remote Sensing, 2021, 59

(3):2461—2477.

[13]

[15]

[18]

[19]

[20]

GRU network model for biometric electrocardiogram
classification based on recurrent neural networks.
IEEE Access,2019(7):145395— 145405.

Zhou F, Hang R L, Liu Q S, et al. Integrating
convolutional neural network and gated recurrent unit
for hyperspectral image spectral - spatial classifica -
tion//Chinese Conference on Pattern Recognition
and Computer Vision. Springer Berlin Heidelberg,
2018(11259):409—420.

Pan E T,Ma Y, Dai X B, et al. GRU with spatial
prior for hyperspectral image classification//2019
IEEE International Geoscience and Remote Sensing
Symposium.  Yokohama, IEEE, 2019:
967—970.

Shi X J, Chen Z R, Wang H, et al. Convolutional

LSTM network: A machine learning approach for

Japan:

precipitation nowcasting//Proceedings of the 28"

International Conference on Neural Information
Processing Systems. Montreal, Canada: MIT Press,
2015(28):802—810.

Hu W S, Li H C, Pan L, et al. Spatial - spectral
feature extraction via deep ConvLSTM neural
networks for classification.

hyperspectral image

IEEE Transactions on Geoscience and Remote
Sensing, 2020, 58(6):4237—4250.

Ding X H, Guo Y C, Ding G G, et al. ACNet:
Strengthening the kernel skeletons for powerful CNN
via asymmetric convolution blocks//2019 IEEE/
CVF International Conference on Computer Vision.
Seoul, Korea (South): IEEE,2019:1911—1920.

Zhao T Y, Xu J D, Chen R, et al. Remote sensing
the
convolutional neural network. International Journal of
Remote Sensing, 2021,42(16):6264—6283.

Xu Y H, Zhang L. P, Du B, et al. Spectral - spatial
unified networks for hyperspectral image classifi -
cation. IEEE
Remote Sensing, 2018,56(10):5893—5909.

Li K, Xu J,Zhao T, et al. A fuzzy spectral clustering

image segmentation based on fuzzy deep

Transactions on Geoscience and

algorithm for hyperspectral remote sensing image
classification. TET Image Processing, 2021, 15(12):
2810—2817.

(SEAE4i4E  nlag)



