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S5, 2013) Ao fH I S 15 8 Bkl AR T 5l
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Convolutional Network ) A9 H R A5 IR P 28 2 8L
S 28 I RIERE M I RE . Zhong 55 (2018) it
T A G s DG 5% 22 W 4% SSRN (Spectral—
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Fig. 1  The structure of the proposed three—branch grouped spatial—-spectral attention network
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Fig. 2 Spectral Attention Mechanism
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Fig. 3 Spatial Attention Mechanism
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Fig. 4  Grouped Spatial-Spectral Attention Mechanism

X T AR F e RSP, dy 25 i)
SRGH, AF=[F, -, F;, F e R®"",
ST IE AR RO MR 3, EREESNE
BARTESR—M . R R FEE IIILE R A F 5
I PR A= B P A R R ﬁ%%?tﬁ@F%
FEE N3, WF), FPe R0,
mE 4R, WA, #Aﬂ%%m@mwi
PEA OIS A, 55— AR 23 6] 2Z (8] )
AH S A A TR E T DA o DA 45 455 700 o
R FHIE R A RS B

SRAECIE A B AGERT, e 4R
EIRBOL IS4 RS HE BT, < , Hp.

F! ©)

Rlxlx (D,12G)
5xsZZF”1
K, Avg(+) Fon it .

) FH P TT Y1 252 B0 Sigmoid 34035 PR AL
i AT, SR 5 AR VR AE [ A 2 E 17 RRAE

Avg F' =

BINAL . itk o e & oAy
Fl=o(WF +b,) F (10)
X, W, e R PRI b, e RO SRy AT I
& S8
WE 4 s, 28 B AR 09K g S R
HIH—4E GN (Group Normalization) #1525 [A] 4E
ORI == e/ =l 1 = o v =R T I 2 )|
Sigmoid J I PR ] 38 I 9 AR RS B) B AR,
SR I LT A A P AR TR 3 A5 I R B 4 A
25 B = i i 2 v LR R
Fi=o(W, - GN(F)+b,)- F (11)
A, Way b, R TN R AU Rl & S5, R/
B R R0 LGN (+) F R 4 IH— AT -
AT 23 18] AR AE P A 3 I AR AE R
T G T A 3 12 P A R AE B A A 1 )6 15 4 %
REEAAE, BIF, =[F; F7 e R, BEm



252 National Remote Sensing Bulletin i & 54k 2024, 28(1)

BUR W) FRAEE, 15 R AE B A TR AR R FEAN AR
F=[F ;- ;F,1e R,
T 3 A 21 25 A R BRI AURRAE B
FHIE A — A H S e 5% 25 E AT B
F'=F+F (12)
w1 s, 2t AN 2L GSSAM B,
AT DL R0 3 B Y63 R AR OB R AE . SRS
233 W~ 3D-CNN . BN Al ReLU 2, KHHRAE EDE T
YeprEI 04, Ok, WA WA IESER GSSAM
BB BUZS MURRAE oI55 0 159 20 A0 I BUEE & 25 1%
FROE R A RRIE Rl G B TR G 2025
2.5 4FEREIEBL(FFM)

283 =4 SCRHIE SR UG L 7T L3R AR O
FRRAE . 2% AR AE A2 e AR AT . I Ak )2
s 3493 SRR IERE AR RE RS, SR JE A =93 5
FRAEREAT AL A -

Y=AX Y et XY (1= A -p)x Y, (13)
A, Voo Yo HY SRR 3, 2]
Sy RIZS A AN SRR BRR BORRAE . Y RS S
(FEE . S Fu R0, 115 N IAESHL

3 SRR

31 FIEERMRA

RRUERIAEYERE , AN SCHEHUT 54N EDE s S
EHFTCE, B Indian Pines (IP), Pavia University
(PU), Salinas (SA), Houston (HU), i1 GF-5
e (HHK), HEARILE5—9,

(b) pric
(b) Ground—truth map

(a) ARG KR
(a) RGB composite image
W B ) | [z | K

W ARk W BRIl

W AHEOK WG 4o WA HERE WU — il

TR mBETE PN Sk — i —H
KIS 1o rg DR (o B R AR L

Fig. 5 RGB composite image and ground—truth map of
IP data set
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Fig. 6 RGB composite image and ground—truth map of

PU data set
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SA data set
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Fig. 9 RGB composite image and ground—truth map of
HHK dataset

(2) Pavia University (PU) . iZ%uda 2 HLEk %
B2 61 B AS AL T 2003 45 78 72 R I A6 0 b 4
) — K RATTE SRR o AR R 610x340 1%
2, AESPERN 1.3 m, L ISAPE, ERIE
R 0.43—0.86 wmo 2B 12 /> 32 W 7 52 1 1) I
B, K RIAR 103 B T2 . RS

ORI . BRI 1% MIFRICREAR BEAT
Gk, K2 HH12E T A AU ZR A A A
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®1 IPHIRENESEERY

Table 1 The number of samples in each class for IP

e x4 ek WL FiE
Alfalfa 2 44 -

2 Corn—notill 71 1357

3 Corn—mintill 41 789 -

4 Corn 12 225

5 Grass—pasture 24 459

6 Grass—tress 37 693 -

7 Grass—pasture-mowed 1 27

8 Hay-windrowed 24 a5 [

9 Oats 1 19 -

10 Soybean—notill 49 923

11 Soybean—mintill 123 2332

12 Soybean—clean 30 563

13 Wheat 10 195

14 Woods 63 1202

15 Buildings-Grass—Trees—Drives 19 367

16 Stone-Steel-Towers 5 88

Bt 10249 512 9737

&2 PUKIREMBEBERY

Table 2 The number of samples in each class for PU

¥ X UlER i g
1 Asphalt 66 6565 -
2 Meadows 186 18463
3 Gravel 21 2078 -
4 Trees 31 3033
5 Painted metal sheets 13 1332
6 Bare Soil 50 4979 -
7 Bitumen 13 1317
8 Self-Blocking Bricks 37 3645 -
9 Shadows 10 937 -
Rt 42776 427 42349

(3) Salinas (SA): ZEEAIE AVIRIS BiARAY
1998 4 X} 52 [#] Salinas 11 4F 47 USRI o 124K
P e UG I RS R/ R 512521718 3, 25 [ 5 9
RN 3T me EHAR S 224G B, FHBRH:
W20 S SZ R R IR G % B, R A% Y 204 4 I B
For2s. BPREM S 16 Fh e AR SOk T
1% WIbRICREAR AT M 45 U 2, K 3R BI%s T 4326
YN 2R AT A A ()5S i
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R3 SAHEENBENEHY

Table 3 The number of samples in each class for SA

s x4 Il ik gt
1 Brocoli_green_weeds_1 20 1989
2 Brocoli_green_weeds_2 37 3689
3 Fallow 20 1956
4 Fallow_rough_plow 14 1380
5 Fallow_smooth 27 2651
6 Stubble 39 3920 -
7 Celery 36 3543
8 Grapes_untrained 113 11158
9 Soil_vinyard_develop 62 6141 .
10 Corn_senesced_green 33 3245 -
11 Lettuce_romaine_4wk 11 1057
12 Lettuce_romaine_Swk 19 1908
13 Lettuce_romaine_6wk 9 907
14 Lettuce_romaine_7wk 11 1059 -
15 Vinyard_untrained 72 7196
16 Vinyard_vertical_trellis 18 1789
Bt 54129 541 53588

(4) Houston University (HU): HUSE 2
2012 4 6 J 23 H ITRES-CASI 1500 1% J& %8 75 1k
iR 2 A el S HLAR AT T X b 45 SRAER RN . KM%
RS 349%1905 158 5, M 14465k B, &
T BEYE M 0.38—1.05 wm, IZEIEAE T 154
MR o AR SRR 5% BARICEARE Ik
AT, R 4 haNA T B2 B U1 RN
EAREA 5

x4 HUBIEEMSEHEEAEY

Table 4 The number of samples in each class for HU

FF 5 £ IS i )
1 Healthy grass 63 1188 -
2 Stressed grass 63 1191 -
3 Synthetic grass 35 662 -
4 Trees 62 1182
5 Soil 62 1180
6 Water 16 309 -
7 Residential 63 1205
8 commercial 62 1182
9 Road 63 1189 -
10 Highway 61 1166
11 Railway 62 1173
12 Parking Lot 1 62 1171
13 Parking Lot 2 23 446
14 Tennis Court 21 407
15 Running Track 33 627

It 15029 751 14278

(5) B GF-5 it (HHK) : iz %d 2
FIH GFS_AHSIHL &4 T 2019 4 1 H 7 H AR 2
T DX = G PR AR . AR S 1185x
342, A% 330 MBI, HIER 45 DIRLBL, /T
285 MBI T2 o IZSARBRTE 1) 200 S Ay
2126, Hph EZPIH, K& RIEY . R
IR 5% BbRiC BRI ZRFE gt 4T R 2% )11
gk, BAREEILES,

x5 BEAOHEENEEERY
Table 5 The number of samples in each class for HHK

e ¥4 gk Bie
1 Salt marsh 21 372 -
2 Acquaculture 40 756
3 Mud flat 5 105 .
4 Rice 9 181
5 Aquatic vegetation 4 80
6 Seep sea 5 92 -
7 Freshwater herbaceous marsh 5 91
8 Shallow sea 10 201
9 Reed 10 190 .
10 Pond 47 889
11 Build up 28 525
12 Suaeda salsa 23 446
13 flood plain 18 343
14 River 12 228
15 Soybean 30 565
16 Broomcorn 23 431
17 Maize 7 126
18 Locust 19 358
19 Spartina 3 65 -
20 Tamarix 3 69
21 Intertidal saltwater 2 37 .
Bt 6471 324 6147

32 ZWE

SEYGJEFE T Pytorch FYTRBEE 4 S HESL, D&
2.7 GHz Intel Xeon Gold 6258R CPU Fl1 2 Ht NVIDIA
GeForce RTX 2080 Ti GPU FyHHL 52 i .

1P, PU. HU Ml HHK # ¥ £ A 7 113 B
KT xT, SAEIRERNWAGEHIE NI X9, 1E
HAERAE T, 25185 amak PCA FE4E S5 1 615
YRR E N 305 FEMABEHUTRG S8 =05, p =
0.20 FFXTASCHEMAHESL, i Adam fE1LER, I
IR2% 218 0 0.0005, EARRECH 250, HLRIIZRAE
KINK 32,
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3.3 L&

N T B UEA SC TGSSAN B A R, ik
5 TR HATR L .

(1) ZE[E) GG 5E 22 M 4% SSRN - (Spectral-Spatial
Residual Network ) (Zhong 45 2018),

(2) POEBEZ TEEFIMZE FDSSC (Fast Dense
Spectral=Spatial Convolution) (Wang &2 2018),

(3) X3 i 2 i & ) M 4% DBMA  (Double-
Branch Multi—Attention Mechanism Network ) (Ma 5%,
2019).

(4) B 6l 5 77 M 4% DBDA  (Double—
Branch Dual-Attention Mechanism Network ) (Li %5,
2020)

(5) HETTHEEIHLRIZRIR2E ML HResNet AM
(Hierarchical Residual Network With Attention
Mechanism) (XueZ%, 2021),

(6) BT R0 H I NS 1A% ik 5% 22 M
2% A2S2KResNet (Attention—Based Adaptive Spectral—

Spatial Kernel Improved Residual Network) (Roy 5%,
2021) .

Horfr, SSRN A1 FDSSC 73 il J2: 5 T ResNet #l
DenseNet 75 144, DBMA ., DBDA FlHResNetAM
2 AT A5 ) MG B T R S
A2S2KResNet 4 & T 11 5 1 Fl ResNet )25 1% [0 2%
BTy J7 2 B4 SO Y B S AT I 4

ARSCHH AR S2KE B OA (Overall Accuracy) |
SEH 4G AA (Average Accuracy) Fl Kappa 3
BORMT AT PERE . OA FRon A Th e Al 73 26
MR IR R F L, AA LR &A1)
RAUEGE R AT, Kappa RN T i 5 2845
RS2, REBOR R R — Bl . B
A S B BEAT YO AL, DL YO A 1Y
(EAE R iR Jm B S A 2R
34 ZWER

F6—10 94 T A BIEE S EHEE LD
rReE R HrP R I BEESE R LUHUA R .

K6 AREEESRHIPHIBE TR LEEE

Table 6 Classification accuracy of different algorithms on IP dataset with 5% labeled samples per class

1%
25 SRNN FDSSC DBMA DBDA HResNetAM A2S2KResNet TGSSAN

1 94.28 95.21 85.01 98.67 80.00 97.89 74.09
2 94.69 97.10 90.92 91.33 94.00 96.06 96.98
3 91.59 96.73 92.53 94.38 93.91 94.93 99.68
4 95.21 96.98 90.94 96.16 98.64 95.35 96.31
5 99.52 99.05 96.50 99.55 98.10 96.81 99.78
6 98.96 98.57 96.05 98.64 98.00 99.00 99.51
7 90.94 76.67 76.43 94.59 86.64 86.88 98.52
8 99.14 99.92 97.03 97.42 95.88 99.09 99.93
9 86.10 84.16 79.54 60.00 40.00 97.19 90.00
10 92.70 94.43 88.02 89.96 92.37 95.80 98.63
11 96.39 95.98 92.83 97.56 96.90 96.60 98.66
12 96.09 95.45 86.43 97.11 95.87 95.59 96.75
13 99.70 98.98 99.12 99.95 99.95 98.26 99.95
14 97.57 97.84 96.07 96.93 96.89 98.88 99.92
15 95.22 95.65 87.52 94.34 96.61 96.02 89.51
16 96.13 95.90 94.65 97.37 99.21 87.79 95.11

OA 95.71+1.31 96.54+1.23 93.66+1.85 95.26+1.71 95.73+1.06 96.68+0.30 98.21+0.18

AA 95.26+1.16 94.92+1.08 90.60+1.27 94.00+3.63 91.43+4.46 95.76+0.79 95.92+0.84

Kappa 95.11£1.50 96.05+1.42 92.76+2.10 94.60+1.92 95.13+1.20 96.22+0.35 97.96+0.21

T RO R e A

(1) Indian Pines £U#a 45 SC o0 45 4 . 1P £idis 48
AR AR R OA L P SRS I AA
1 Kappa REUNFE 6 fron . NERFATLIE T, 5H
MBFEAR L, A SCHRE 1 TGSSAN B 3145 T el

Y RERE, TERESE 5% N GREAR TS DL T OA 15 5]
98.21%. IPEHRENIFEA AT, 5200
NERIREAI D SRR . N, 55 7 I Z5A
AKA K 14>, e FDSSC. DBMA £ HResNetAM
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SFURBE S I IT IR RERZE , [HARSCH T Y TGSSAN
TEZ 0 b R 30 ) 15 31 98.52% , X R IIA L
FEAE/ MEARBIR R Pt R R . SR,

A SCEIEAE 16 A5 (8 9 A0 1 HUAS s Lk
AEo MEAL, A 10 URFEALSE 50 (AR 22 7] LU H
AR SO AR LT AT LA R S AR e o

x7 AREEE1%HSAMIEE LA EERE

Table 7 Classification accuracy of different algorithms on SA dataset with 1% labeled samples per class

1%
2551 SRNN FDSSC DBMA DBDA HResNetAM A2S2KResNet TGSSAN
1 99.99 100 96.62 100 100 100 100
2 99.87 99.64 99.95 99.92 96.89 99.95 100
3 93.93 98.25 97.09 98.72 97.65 100 100
4 98.86 96.89 97.70 97.34 97.57 99.15 99.93
5 99.73 99.02 97.00 98.61 99.46 99.96 98.74
6 99.99 99.89 99.98 100 99.93 100 100
7 99.51 99.98 99.68 99.84 98.94 99.97 99.97
8 90.55 97.08 86.67 85.66 87.02 97.87 99.23
9 99.76 99.58 99.60 99.30 98.60 99.94 100
10 98.63 99.08 94.98 97.44 97.27 99.25 99.34
11 97.55 97.50 95.78 96.91 96.72 95.72 99.35
12 99.38 99.55 99.15 98.35 98.77 99.94 100
13 99.68 99.96 98.27 99.98 99.97 99.40 98.05
14 98.90 98.96 98.51 97.70 98.06 98.93 99.26
15 90.99 91.29 89.48 90.03 91.85 95.30 98.07
16 99.78 100 99.19 100 99.23 100 100
OA 96.01+1.38 97.43+1.79 94.41+2.18 94.54+0.73 94.50+3.36 98.71+0.15 99.4240.12
AA 97.95+0.88 98.54+0.61 96.85+0.95 97.49+0.25 97.37+1.17 99.08+0.08 99.51+0.11
Kappa 95.56+1.53 97.14+1.98 93.76+2.45 93.91+0.83 93.85+3.80 98.57+0.17 99.35+0.13
T AR R f
®8 AEEEE1%HWPUIEE M EEE
Table 8 Classification accuracy of different algorithms on PU dataset with 1% labeled samples per class
1%
2511 SRNN FDSSC DBMA DBDA HResNetAM A282KResNet TGSSAN
1 98.94 93.39 92.82 97.38 95.93 98.14 99.50
2 98.38 98.65 99.02 98.42 98.54 99.17 99.98
3 93.34 95.84 88.73 94.97 92.58 87.89 96.05
4 99.75 99.37 97.16 99.50 98.54 99.63 97.49
5 99.94 99.40 99.76 99.79 99.29 99.82 100
6 99.15 98.67 94.18 97.98 98.63 98.80 99.76
7 94.93 98.39 98.37 99.68 97.22 97.69 99.87
8 85.03 84.29 80.39 87.12 87.31 91.72 98.12
9 99.88 98.76 97.96 98.27 99.15 98.76 100
OA 96.42+1.09 96.08+1.58 94.74+1.62 97.00+1.10 96.56+0.92 97.73+0.72 99.35+0.15
AA 96.26+1.60 96.31+0.97 94.27+1.23 97.01+£0.90 96.35+1.12 96.85x1.11 99.00+0.26
Kappa 95.25+1.43 94.78+2.12 93.04+2.10 96.00+1.48 95.43+1.23 96.99+0.95 99.15+0.20

T RO R e A

P10 45 T TP Kdle 4 F 48 J7 vk 70 R4 R A
TRIE 57 2 0] LU SR Ay SR A BN HER , BN I3 28
DEAR T o B e R sk, T2
NS AT, RHCAE B TARZH i, H

ARICATE P HAGOL R, AR BA BB M 0L

(2) Salinas a0 KA R . RTHH T SA

BRI REIR . WRTIHATLIE, AR
MG R TR IRk, AR 16 KW By o2k

WEWAEIT% L, 1,

2.3,.6.9. 12, 162¢

IKE T 100% MIHERG R o SA B 5 19 2 JEME A 7E
T4 825 ( “Grapes_untrained”, %) M 152

(' “Vinyard_untrained”, %% ) .

X P25
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S [BI EARVT, JEiEAHL, MELLKER] , R K] AERR AR I TE 90% oAy, TR ik F)
Ji¥, WDBMA, DBDA, HResNetAM, 7FiX ¥4 98% LA I+ IXFRBHFRAT 2 09 0 E 1 i
K9 AREEEESHHUSIBE S EBE

Table 9 Classification accuracy of different algorithms on HU dataset with 5% labeled samples per class

1%
&5 SRNN FDSSC DBMA DBDA HResNetAM A2S2KResNet TGSSAN
1 95.44 95.94 90.93 94.41 93.93 97.87 99.50
2 98.11 98.71 98.65 97.48 98.89 99.20 99.18
3 100 100 100 100 99.94 100 100
4 98.86 98.78 98.99 98.70 98.92 98.63 99.97
5 99.18 99.02 98.41 97.89 98.69 98.75 100
6 100 100 99.52 99.93 100 99.51 98.03
7 94.84 95.53 92.75 97.00 95.27 95.69 97.09
8 93.90 98.75 95.93 95.54 96.33 98.62 95.36
9 91.77 95.10 90.75 94.73 90.41 98.41 98.97
10 87.95 93.12 86.26 88.18 88.98 94.70 99.71
11 96.69 96.76 89.67 95.79 95.30 98.81 99.23
12 95.36 97.15 89.66 95.38 94.98 95.05 98.04
13 93.31 95.66 95.90 97.30 94.50 96.65 96.30
14 98.67 99.18 99.80 100 98.95 95.25 99.95
15 98.72 98.89 98.27 98.22 99.01 99.53 100
0OA 95.38+2.07 97.07+1.28 93.68+1.82 95.86+1.73 95.43+1.43 97.63+1.29 98.76x0.11
AA 96.19+1.61 97.51+0.89 95.03+1.34 96.68+1.31 96.27+1.03 97.78+1.16 98.75+0.11
Kappa 95.00+2.24 96.84+1.39 93.16+1.97 95.53+1.87 95.06+1.55 97.43+1.40 98.66+0.12
T A B2 e A
#10 FAEEXES%HEAOHEE FMSEBE
Table 10 Classification accuracy of different algorithms on HHK dataset with 5% labeled samples per class
1%
B3 SRNN FDSSC DBMA DBDA HResNetAM A2S2KResNet TGSSAN
1 98.15 98.27 91.71 98.71 98.88 93.33 98.31
2 99.76 99.70 99.04 100 99.79 98.66 99.93
3 84.58 86.98 77.35 87.71 87.58 82.93 96.19
4 88.59 90.00 80.11 89.62 89.13 87.06 85.36
5 96.83 100 86.91 100 99.34 82.53 82.03
6 96.73 95.84 90.71 96.68 99.89 90.44 92.86
7 98.86 99.88 97.43 99.10 100 99.78 99.89
8 93.41 93.58 93.81 94.94 96.82 98.25 99.00
9 97.62 97.20 99.95 98.30 99.41 99.44 100
10 97.16 97.28 95.51 97.96 97.18 95.62 99.84
11 98.93 99.87 96.31 99.79 99.94 98.88 100
12 99.89 99.87 98.84 99.93 99.87 99.89 100
13 97.81 98.65 98.14 98.96 98.55 99.37 98.86
14 84.45 82.91 86.73 86.38 88.24 85.06 83.95
15 99.37 99.06 97.92 99.67 99.77 98.52 99.84
16 99.37 100 97.77 99.95 99.91 99.34 99.95
17 80.59 83.11 83.57 87.71 91.41 72.98 92.70
18 92.73 92.36 91.44 94.97 94.98 88.27 98.88
19 76.63 79.13 81.30 78.01 80.65 76.61 76.46
20 85.92 95.35 87.78 90.53 91.44 91.15 87.68
21 96.56 96.17 93.97 100 99.23 95.15 92.97
OA 96.03+1.04 96.45+0.79 94.25+2.84 97.08+0.73 97.33+0.62 95.05+0.62 97.68+0.35
AA 93.52+1.80 94.53+1.20 91.73+4.79 95.19+1.22 95.81+1.07 92.06+0.73 94.51+1.04
Kappa 95.69+1.13 96.14+0.86 93.75+3.09 96.83+0.80 97.11+0.67 94.63+0.67 97.48+0.38

T RO R e A A
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(a) ELSC[E (b) SSRN (¢) FDSSC (d) DBMA
(a) Ground—truth (b) SSRN (¢) FDSSC (d) DBMA

(e) DBDA (f) HResNetAM (g) A2S2KResNet (h)TGSSAN

(e) DBDA (f) HResNetAM (g) A2S2KResNet (h)TGSSAN
W B W R W hE W ApEk BE—R  HaskE Bk
WOHER 0 WEEE—407 B OHRE W ESY—EW—EE - XK W R TR BORE Ak — M — B

F 10 IPdsss R

Fig. 10 Classification maps on IP

(a) HILK (b) SSRN (¢) FDSSC (d) DBMA
(a) Ground—-truth (b) SSRN (c¢) FDSSC (d) DBMA
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(e) DBDA
(e) DBDA
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(f) HResNetAM
(f) HResNetAM
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(g) A2S2KResNet (h) TGSSAN
(g) A282KResNet (h)TGSSAN
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Fig. 11  Classification maps on SA
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(a) FLEZH (b) SSRN
(a) Ground—truth (b) SSRN

(d) DBMA
(d) DBMA

(c) FDSSC
(¢) FDSSC

(f) HResNetAM
(f) HResNetAM
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Fig. 12 Classification maps on PU
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(a) ELSC[E
(a) Ground—-truth

(¢) FDSSC
(¢) FDSSC

(e) DBDA
(e) DBDA

(g) A2S2KResNet

(b) SSRN
(b) SSRN

(d) DBMA
(d) DBMA

(f) HResNetAM
(f) HResNetAM

(h) TGSSAN

(g) A2S2KResNet (h)TGSSAN
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Fig. 13 Classification maps on HU
F11 SPMHIEE FAEESE OA
Table 11 OA of different modules on five data sets
1%
53 SRR P PU SA HU HHK

PN v 63.24+2.03 84.31+1.27 84.67+1.13 84.31+1.84 87.67+1.85

23 ] 43 3¢ 95.84+0.28 97.51+0.33 99.11+0.16 98.24+0.15 95.22+0.51

23 ] 433+ 43 3 96.23+0.23 98.1120.11 99.24+0.15 98.53+0.17 96.05+0.66

2SRRS4 3 97.80+0.22 99.02+0.61 98.02+0.28 97.75+0.55 97.23+0.55

=433 TGSSAN 98.21+0.18 99.35+0.15 99.42:+0.12 98.760.11 97.67+0.35
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Fig. 14  The effect of grouped spatial—spectral attention
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Fig. 15 The effect of window size on classification performance
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Fig. 17  The effect of different weight coefficients on classification performance
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Fig. 16  The effect of learning rates on classification performance
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Table 12 Comparison of running time and OA of each

algorithm on IP

GERFS Train/(epoch/s) Test/s 0A/%

SSRN 1.20 3.39 95.71
FDSSC 2.68 5.73 96.54
DBMA 1.78 9.29 93.66
DBDA 2.45 6.45 95.26
HResNetAM 0.52 2.34 95.73
A252KResNet 0.43 1.88 96.68
TGSSAN 2.19 7.14 98.21
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Hyperspectral image classification based on three branch network with
grouped spatial-spectral attention
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Abstract: Hyperspectral images have abundant spatial and spectral information. Numerous hyperspectral classification algorithms focus on
the extraction and maximization of spatial and spectral information. Deep feature extraction networks generally extract spectral-spatial
features using single-branch serial or double-branch parallel structures. However, single-branch structures may lead to mutual interference
between features of spectral and spatial dimensions, and double-branch parallel structures tend to ignore the correlation between spatial and
spectral features. This paper proposes a three-branch grouped spatial-spectral attention network (TGSSAN) to consider the differences and
correlations between spatial and spectral features. TGSSAN can extract independent spectral-spatial features while preserving their
correlation.

This paper proposes the TGSSAN, which has three parallel branches (i.e., spectral, spatial, and spectral-spatial branches). These
branches can separately extract spectral, spatial, and spatial-spectral features. Different attention blocks are designed in three branches to
enhance the discriminative capability of features. In particular, a grouped spatial-spectral attention mechanism is proposed in the spectral—
spatial branch to obtain spatial and spectral attention simultaneously. Finally, three branch features are fused for classification.

In the experiment, the proposed TGSSAN algorithm is compared with some advanced deep learning algorithms, such as SSRN,
FDSSC, DBMA, DBDA, HResNetAM, and A2S2KResNet. The performance of different algorithms is evaluated on five hyperspectral data
sets. Experimental results show that the proposed algorithm achieved superior classification performance on IP, PU, SA, HU, and HHK
datasets. In particular, the proposed algorithm achieves higher classification accuracy despite limited training samples compared with the
existing advanced algorithms.

The TGSSAN method proposed in this paper improves the shortcomings of the single-branch serial and double-branch parallel
structures for continuous extraction of spectral—spatial features, which can effectively extract image spectral—spatial feature information. The
three attention blocks designed in this paper namely, spectral, grouped spatial-spectral, and spatial attention modules, can effectively
enhance the feature discrimination capability and further improve the classification performance.

Key words: hyperspectral image classification, attention mechanism, three-branch network, deep network
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