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Fig. 2 The structure of the central region spectral attention mechanism
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Fig. 8 IP dataset
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(b) Training data ground truth
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Table 1 The number of training and testing samples on IP dataset

Sample category

Sample name

Training samples

Test samples

0 Alfalfa 9 46
1 Corn—notill 285 1428
2 Corn—mintill 166 830
3 Corn 47 237
4 Grass—pasture 96 483
5 Grass—trees 146 730
6 Grass—pasture—-mowed 5 28
7 Hay-windrowed 95 478
8 Oats 4 20
9 Soybean—notill 194 972
10 Soybean—mintill 491 2 455
11 Soybean—clean 118 593
12 Wheat 41 205
13 Woods 253 1265
14 Buildings—Grass—Trees—Drives 77 386
15 Stone-Steel-Towers 18 93
Total — 2045 10 249
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Table 2 The number of training and testing samples on SA dataset

Sample category Sample name Training samples Test samples

0 Brocoli_green_weeds_1 40 2009
1 Brocoli_green_weeds_2 74 3726
2 Fallow 39 1976
3 Fallow _rough_plow 27 1394
4 Fallow _smooth 53 2678
5 Stubble 79 3959
6 Celery 71 3579
7 Grapes_untrained 225 11271
8 Soil_vinyard _develop 124 6 203
9 Corn_senesced _green_weeds 65 3278
10 Lettuce _romaine 4wk 21 1068
11 Lettuce _romaine 5wk 38 1927
12 Lettuce _romaine 6wk 18 916
13 Lettuce romaine 7wk 21 1070
14 Vinyard untrained 145 7268
15 Vinyard _vertical _trellis 36 1807

Total — 1076 54 129

®3 PUHEEMIISHEABEMNIKELLE

Table 3 The number of training and testing samples on PU dataset

Sample category Sample name Training samples Test samples

0 Asphalt 66 6631
1 Meadows 186 18 649
2 Gravel 20 2099
3 Trees 30 3064
4 Painted metal sheets 13 1345
5 Bare Soil 50 5029
6 Bitumen 13 1330
7 Self-Blocking Bricks 36 3682
8 Shadows 9 947

Total — 423 42776
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Table 4 The number of training and testing samples on Houston dataset

Sample category Sample name Training samples Test samples

0 Healthy Grass 198 1053
1 Stressed Grass 190 1064
2 Synthetic Grass 192 505
3 Trees 188 1056
4 Soil 186 1056
5 Water 182 143
6 Residential 196 1072
7 Commercial 191 1053
8 Road 193 1059
9 Highway 191 1036
10 Railway 181 1054
11 Parking Lot 1 192 1041
12 Parking Lot 2 184 285
13 Tennis Court 181 247
14 Running Track 187 473

Total — 2 832 12197

w A B e A O

Kappa = "— ; : (17)

2.2 BEBHRR~T
B % B R ~F 3 B S, W75 4 22 0 T 38 9 R AR RS TR Al A o i PRI e RO <F s /)N, A AT RE i 45 R 25 R
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B2, Hp2RgE L 5,
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Table 5 The overall accuracy of the different size of the patch on the four datasets

Size 1P SA PU Houston

9Xx9 99.57 98.23 98.20 81.04
11X11 99.69 99.02 98.46 85.35
13X 13 99.79 99.69 99.09 85.75
15X 15 99.50 99.65 98.87 85.78
17X 17 99.51 99.68 99.09 85.80
1919 99.38 99.71 98.95 84.16

M I 5 AT AR R R AR R AR RO RN B IR TR R 7R TP R A B 13513 /Y R Dok
JEE d o 5 76 SA KR B, 1919 B IR BRORS B2 o i, 7 B0/ RO B TRHR Bk RS BE#RA T R [ o 8 PU Kl dis
B b 13X I3 A 17X 17 B UG VRS B — R BAE 19X 19 B IR IR R o 7€ Houston B4is 4 I, Bl & R~ (19 1
N FORT BEAS W4 & L 7E 17 X 17 I 3k 21 fe 2 R 2

XF T TP Edf 4R, LR A XU N P 1, A [l A A Xl 2 ) A S8 A (EL 3 5 DX 0 25 W I, AT e it o L4 B
J\'ﬂLE’\Jik,,ﬁi@é‘?lﬁ@*l‘lﬂ{éﬁ£$?§,ﬁ*iﬁﬁﬁﬁbﬁﬁiﬂ-%I@%ﬁ%k’#ﬂi;#%)\'#lﬁ A Al fE
T HEZ WU A WG R BN & T R — 20 B REA 23 115 8, Bl 23 66 20 280 B2 T [ o 0 T SA %t
%,ﬁﬁdilzﬁlﬁiﬁ?jvﬂm,KIEJ#ZISI:@&ZIEU&HX%& 2 8] RO 3 3 R HORS B2 2 4 T l’iH%iﬁ%
ROFBRER, BE $i P A 22 ) 45 S M 2 B R T 3 0 RS BE o r LAAE TR B R de R, RS e o 4
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Table 6 The overall accuracy of the different network on the four datasets

Network 1P SA PU Houston
Basic network 97.89 98.21 98.31 83.06
Spectral attention network 99.02 98.74 98.54 84.91
Spectral-spatial attention residual network 99.79 99.69 99.09 85.75

L% 6 0] LR B, A H AR 2% St ik T B O 45 AE TP SA (PU Hil Houston B85 4 I, K5 B 43 51l 48 7t
T 1.13%.0.53% .0.23% #1 1.85% o Ut B G 1% 4 5 I3 LA Rl LAAT 4650 Hh o5 28 45 A U B A R, % 0 2R 45 R s
M A58 K 4D I8 BB 20 T ¢ v WO ASCEE |, 552 W) 2 /0N 1) 08 B 2 T B /N B AL T R A IO 24 BRI 4% A T B R A AR [RD  F
AR 28 50 8 A L 25 5 1R 14 I B TS 2 A U BT T DA R R AT 4 21 R A I BN R A SR
ENEEA R ES: NG

H ik -2 [A] 1 ) 5% 25 I 4% A L G 1 R T 4% E TP .SA \PU Fll Houston 54 4 I, K5 B 4r B2 T+ T
0.77% .0.95% .0.55% F10.84 % , H HE A X 28 4 B2 43 i 42 T+ 17 1.9%6 .1.48% .0.78 % F1 2.69 %6 , i W] =5 [H] 457 &
XF A RGN — 50 o 5 A S [ VE R T ML AT LA 250 o] 4 ] RS 3R 6 o O AR R Y S, Bk
U, S AR 20 R 43 25 00 it AR R A S B B, LR 7 9 A 25 B 1R L R A 0 1 S 2 I 4% T B LAY Ol
T 25 [AVRRAE o TXEARF 43 28 0 rho O R A 1 By s T VR B, AR U 2 B AR .

g5 b TR A B R I S 4 AR A R S, BE A8 AT RUCHE R R AR A R MR
24 LIWER

ARSI, BEC T 2D CNNP (3D CNNYY  Hybrid SN™ [ RIAN'™ [ SSFT T ix 5 Fh )7 i 4E Jy i He
2, Hrp 2D CNN . 3D CNN HybridSN \RTAN #B /& £ T CNN (1 5 635 70 28 B 25, 1 SSFTT 2 4k T # it A%
W 4% (Vision Transformer, ViT) B & G143 2 W 4% | iX 658 L A 8 M iy o A R R R Bk .
2.4.1 B I LA 2 B 08 % R

2 183 BT F B0 448008 4, UA Houston B8 42 45 17 b o 0 I 25 82 R i 48 0 43, oAy 34 4ids
LA B AE R 4y, DR 0 5 6 AN TR) A0 DI R B L9 45 A Rk RO RS BE RS R . A TP BUE B P N R AR REAR
b7 TR A LS 596 .10%6 . 15% M1 20% . #E SA BRI GREEREA 5 AR AR 1 i) R 0.5%
1% .1.5% F12% . 75 PUBHEE IR B FEA i 23 FEA I 92 0.3%6.0.5%6.0.7% F 1% . & ADH %
AR L A5 B I 25 4 v %) S AR i B2 R B AN 35 7~ 9 BT o

N T~9 v aT LLE H BE G I L B i, 45 Sk SR B A E T . I SSARN FEAE AR L ] T AR

1210002-11



P/ R 4

KT AEMETE P HHEE B R RIS 5] 89 S E

Table 7 The overall accuracy of the different network with different training ratios on the IP datasets

IP dataset scale 5% 10% 15% 20%
2D CNN 65.49 71.18 80.17 82.85
3D CNN 73.61 84.20 90.79 93.23
HybirdSN 88.91 95.44 98.12 99.49

RIAN 87.65 93.87 96.75 97.82
SSFTT 94.98 98.19 99.30 99.45
SSARN 96.09 98.56 99.43 99.79

R8 REMLKTE SA BIEE LR EIIEREE B 6 2 0k 7 B

Table 8 The overall accuracy of the different network with different training ratios on the IP datasets

SA dataset scale 0.5% 1% 1.5% 2%
2D CNN 71.92 87.33 88.12 88.88
3D CNN 80.08 88.64 90.80 92.45
HybirdSN 93.27 95.55 98.17 98.44

RIAN 91.88 96.37 96.70 97.18
SSFTT 94.72 96.31 97.22 98.70
SSARN 95.02 97.89 98.71 99.69

R TEMBZEPUHBIBE LOARE NG G0 B EWHE

Table 9 The overall accuracy of the different network with different training ratios on the IP datasets

PU dataset scale 0.3% 0.5% 0.7% 1%
2D CNN 76.13 82.92 84.86 89.22
3D CNN 76.94 82.21 85.10 86.24
HybirdSN 85.06 93.03 94.87 97.63

RIAN 76.82 89.98 91.74 94.03
SSFTT 86.99 94.78 96.65 97.24
SSARN 93.93 97.46 98.15 99.09

FLAT S5 RS B, DR e 3 T 45 AN B ONG 32 e v 1 BE LL A, B TP 08 4 R S B AL 1E 45 20 00 I RE AR A Ry
YIZRFEAS , SA BG4 T 2 AL BE 5 200 MO REARAE R IR AE A, PU B8 42 B3 S B LI 5 1 00 R AR S I 5
FEAANE R 55— LR S i

242 MHWIWHEEEANBBEELGLER

10 JBIR T 2 M HILAE TP 5 45 L iy 45 28 e o B . S AR M B2 (OA) X HERR B (AA) Al Kappa
. FH TR B Kappa (B &7 Kappa it 8 A0 (17) 3Lk 3R L1100 #H17 R R .

WA e 10 v g, BT H B G0 28 TR v B 7 5K 25 M 4% SSARN, 7E AA (OA Ml Kappa & 50 &S T #%
FERIEE S, I HAE 16 AN Z0D0 B b A 12 A8 38 B T S df i cR b 10 & 28 RS B 100 %6 . 3 136 1
SSARN BE % 47 25 Hb 2% >J A 5] 28 590 () S 335 R AF RN 25 ()RR AE o ZERURAS G 1 4 A 200 v, LI ZRRE AR 43 03] J2
2854 166 4> (194 H1 184>, AH b 26 5l d5e D B N GRAEAS A1 5, HAEAR 8 2 o W NN T BE ] T SSARN #]
LA 2850 Hb it A A o3 A AN 34 52 R A D RE AR TS R 22 MR o TR T 3R A RO B 25 1 2 ) 3= B A
PIAS R R REAS XA 30 2, i T BRRHCE & T AR S0 B REAS | BT 27 ) 09 BRI D | eI 43 25 0 i )
Wi 1 2 1

B2 7R T 455 AE TP Bl 45 i /0 80 o % e B (Ground Truth), 2D CNN Al 3D CNN 43
FAOR B2 T HybridSN \RIAN SSFTT .SSARNZUR FHXT AL 4F . 2D CNN H1 3D CNN 455 i 2 1) 2 4 v ¢
A DI AR 156 B 0E 8 06 335 Y S TR R AR TR A R 2 ) o T SSARN B33 4 [ Hybrid SN RIAN
SSETT B3k, H W 8 15 (0 R A B /D 0 3 {0 PR, 08 I 32 B30 30k T DA 80 Ml 2 2 v o't 3% TR 1) Ol 33 R A1E A

23 () FFAIE
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Table 10 The category accuracy, OA, AA and Kappa of the different algorithms on IP dataset

Sample category 2D CNN 3D CNN HybridSN RIAN SSFTT SSARN
0 43.48 84.78 100.00 95.62 95.65 100.00
1 75.28 91.81 99.72 96.29 99.93 99.86
2 74.22 88.67 99.76 96.63 99.40 99.28
3 59.92 91.14 94.94 94.94 97.89 100.00
4 93.17 94.62 98.14 95.03 99.38 100.00
5) 98.08 99.45 100.00 99.45 99.45 100.00
6 57.14 60.71 96.43 92.86 100.00 100.00
7 93.31 100.00 100.00 99.79 100.00 100.00
8 50.00 95.00 100.00 95.00 100.00 100.00
9 76.95 90.43 98.66 97.48 99.69 99.38
10 85.17 93.36 99.71 98.45 99.02 99.76
11 62.56 82.97 99.33 96.46 98.82 99.83
12 99.02 100.00 100.00 98.54 99.51 100.00
13 95.02 97.15 100.00 99.84 100.00 100.00
14 80.83 96.37 100.00 97.41 100.00 100.00
15 78.49 93.55 100.00 98.92 98.92 98.92
AA 76.42 91.25 99.17 97.07 99.23 99.81
OA 82.85 93.23 99.49 97.82 99.45 99.79
Kappa 80.36 92.27 99.42 97.52 99.38 99.76

HybridSN

Ground truth

RIAN SSFTT SSARN

E 12 &b S TP BfE R
Fig. 12 The visualization result of each algorithm on the IP dataset

FULJEIR T 2 D 5L 1E SA B Ui 5 B A0 & 28 00 e B2 B IR VE B0 (OA) , % 5 4 0 B2 (AA) Al
Kappa fH o

M TLAT LA B, 32 9 SSARNTE OA (AA Fll Kappa i Y9358 7 S A0, 76 16 DR BIKG BEh A 1241
IR T I RROCR b 8N ZEIDRE B 1000 o X U B 1258 12 BE A8 AT 0 27 ~T AN [R) S 031 1) O 1% R AiE A
23 [ REAE T L T X A () B0 48 BAT RAF Az A e o TERCR AR A GF 19 4 2800 rh, HOR L 3 )ik 3 1
98.64%.99.97% .98.93% 1 99.81% , A L Fe HL IR L 3 4 4> 26 HIKE ALK T 0.86%,0.03%,0.25% Al
0.19% , Z I AW &,

KIS AR T A FIETE SA SR B r 288080 o Xt B AH 181 (Ground Truth) , 2D CNN, 3D CNN,
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Table 11 The category accuracy, OA, AA and Kappa of the different algorithms on SA dataset

Sample category 2D CNN 3D CNN HybridSN RIAN SSFTT SSARN
0 98.41 96.67 100.00 99.85 100.00 100.00
1 97.26 99.60 100.00 99.76 100.00 100.00
2 94.33 99.44 100.00 99.54 99.80 100.00
3 98.57 98.42 99.50 98.28 98.14 98.64
4 97.87 97.80 98.02 98.47 97.42 99.96
5 98.36 100.00 100.00 99.92 100.00 100.00
6 97.26 97.09 100.00 99.89 100.00 99.97
7 79.3 86.86 96.73 92.91 97.32 99.35
8 99.19 97.11 100.00 98.94 99.90 100.00
9 79.44 92.04 98.87 99.18 96.71 98.93
10 92.13 91.67 100.00 96.44 98.60 99.81
11 99.95 99.48 99.90 99.95 99.90 100.00
12 95.63 99.78 99.56 98.91 100.00 100.00
13 95.70 97.01 98.88 97.66 99.63 99.63
14 70.20 77.45 95.18 94.30 97.84 99.52
15 93.97 93.69 99.45 97.12 99.28 100.00
AA 92.96 95.26 99.13 98.20 99.03 99.74
OA 88.88 92.45 98.44 97.18 98.70 99.69
Kappa 87.61 91.59 98.26 96.86 98.55 99.65

HybridSN . RIAN \SSFTT ()50 KRR AR A 41 SSARN, SSARN 43245 IR I REAR 3258 835, & Wl il it 4t
SRS 1428 — Ty TR A 7 B bk 2 28800, 5y — O T H A vk A R Y A St AR v AR B 8 288, 1 I I 4% T
PEELES 8 H M Tk RRAE 15 56 14 ZE MG R i B AR 3, 817 1 30 1 2 5 i )

Ground truth

RIAN SSFTT SSARN

H13 AMNEEESAHRFEEHHR
Fig. 13 The visualization result of each algorithm on the SA dataset
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Table 12 Category accuracy, OA, AA and Kappa of the different algorithms on PU dataset

Sample category 2D CNN 3D CNN HybridSN RIAN SSFTT SSARN
0 92.34 83.40 97.62 93.83 96.00 100.00
1 97.42 99.36 99.83 98.05 99.84 99.98
2 59.27 48.26 83.99 67.37 92.85 98.71
3 73.60 90.57 97.55 95.72 97.49 94.13
4 98.44 84.54 100.00 99.85 100.00 99.85
5 76.91 66.81 97.95 92.56 98.11 100.00
6 79.85 70.23 97.89 75.79 81.88 94.81
7 87.78 74.71 93.70 96.44 92.18 97.58
8 93.77 91.13 94.72 85.64 96.30 97.99
AA 84.37 78.78 95.92 89.47 94.96 98.12
OA 89.22 86.24 97.63 94.03 97.24 99.09
Kappa 85.47 81.46 96.85 92.08 96.34 98.79

M 127 LLE ], SSARN 78 OA A A Fl Kappa i 35 3] T f CAE , 76 9 A ZE 5K B b A 6 4> ik 2]
TR RO o 2 8B B 100 % 0 3k Ul BT T K B TA BE RS AT R 27 2T AN [R) 288 B (4 6 T R AE R 2 (] 4
fiE, T L TE 6 AN ) ER0E AR B AT R AT v At o FE R A R AS B 34N 2 ) v, JORS BE Al 43 AR B T 94.13%6
99.85% F194.81% , Fl &AL AU BUR AR EL , 20 BIME T 3.42% .0.15% F13.08% , FE 45 32 R4 6 KR M 2= .
34T L 3 R DR R A 3RS 6 2 A1 BAE A R v, A XS D O FL IR B 3k A A AR R B D R O
ZEHRIURFIE I 25 2K 7 950 43 A 0 R AR, DT S SRS B D 41K

B 14 R T &R PU SR 4 B 73 28808 o X b B K] (Ground Truth) , 2D CNN,3D CNN,

RIAN SSFTT SSARN

14 &MNEEAEPUSE RN HR

Fig. 14 The visualization result of each algorithm on the PU dataset

1210002-15



kT

S ¢

HybridSN . RIAN \SSFTT {43 ZE R A AU SSARN . SSARN F50 925 J1] Wi 4l 458 () R A B /D 5 I 0T LA 1

% 13 N T 45> 53 1% 78 Houston B4 4 b Ay 2

KappafH -

T B R R ME AR BE (OA) F 24 U EE (AA) Al

#13 A EEETE Houston EEE IR EHE .OA.AA 1 Kappa
Table 13 The category accuracy, OA, AA and Kappa of the different algorithms on Houston dataset

Sample category 2D CNN 3D CNN HybridSN RIAN SSFTT SSARN
0 82.72 82.53 72.93 81.29 82.53 82.62
1 84.21 82.05 81.96 58.55 84.77 85.15
2 97.82 92.28 85.15 88.32 85.94 100.00
3 91.29 91.57 72.25 80.21 92.99 91.67
4 98.20 99.24 98.49 83.62 99.72 100.00
5 94.41 92.31 77.62 60.84 94.41 95.80
6 75.75 75.19 66.33 66.51 83.86 86.38
7 66.95 56.51 73.31 45.11 65.43 88.60
8 73.47 66.95 50.05 58.83 74.41 81.87
9 44.79 50.77 100.00 20.17 51.74 47.88
10 78.18 73.91 86.34 35.48 74.38 81.50
11 77.91 72.33 80.31 51.30 78.48 93.47
12 84.21 81.75 65.61 45.61 89.83 85.26
13 98.79 96.76 100.00 76.52 99.19 100.00
14 100.00 82.45 100.00 86.68 94.93 100.00
AA 83.25 79.77 80.69 62.60 83.51 88.01
OA 79.92 76.95 79.41 60.66 80.66 85.75
Kappa 78.37 75.18 77.64 57.58 79.10 84.57

M 13 7] LFE F], SSARN 7 OA . AA Fll Kappa
B EBR R T AR, E 15425 565 B o 11430
IR T SR A RO e 3AN GRS B S 1006, 3X
Ut B 12 B33 BB 8 A A0k 27 2 AN [ 28 1) 1) ol 33 R A1
23 [LRRAE I L TG AS [R) B0 2 B R AF iz Ak vk .
FE R AR AN GF 1 4 A 2500 H R L SR O 9 350 L A
JEMR T 1.32% .52.12% .4.84% F14.57% . SR E
RO 2S00 9, Bl 3 A % (Highway ) iX — 251 . 48K
2 HON PSR R AR X — 2 R BLARAR 25, T X L Rk
Hybird SN 7E3X — 2535 8] 1 1007 W AE BE , 3 B %2
J5 R AT i 2 0 T Ak B B, A Hybird SN R H
PCA AT B s e 4t , R B 1 F 2 090G I% AR AE , 17 H:
by B B 2 A I A B O AE BE B AT RRIE S ST L O
ARG U B A T UM 45 4 2] R A O IE RE R
R, T B 2R ) ERE BE F R 2

K15 B T 4548 7E Houston £ 4 F 14 47
. A EAE K (Ground Truth), 2D CNN 3D
CNN HybridSN \RIAN \SSETT #4325 47 A 4
SSARN., SSARN 73 K45 3R B FEA 225 92K,
AT R A A JE WA TP AR SE 928 . TUARPDOLIE

2D CNN Ground truth

SSFTT RIAN  HybridSN 3D CNN

SSARN

15
Fig. 15

& /3t & % 78 Houston 203 & oy 30 £

The visualization result of each algorithm on the

Houston dataset
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Spectral-spatial Attention Residual Networks for Hyperspectral
Image Classification

WANG Feifei"’, ZHAO Huijie"*’, LT Na"*’, LI Siyuan’, CAI Yu’
(1 Key Laboratory of Precision Opto-Mechatronics Technology, Ministry of Education, School of Instrumentation
and Optoelectronic Engineering , Bethang University, Beijing 100191, China)
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(3 Aerospace Optical-Microwave Integrated Precision Intelligent Sensing , Key Laboratory of Ministry of Industry
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(4 Key Laboratory of Spectral Imaging Technology, Xi'an Institute of Optics and Precision Mechanics, Chinese
Academy of Sciences, Xi'an 710119, China)
(5 China Academy of Launch Vehicle Technology, Beijing 100076, China)

Abstract: Hyperspectral image classification is a research hotspot in the field of hyperspectral image
processing and application. Classification models predict the class of each pixel by analyzing the spectral and
spatial information of each pixel and compare it to the actual features. In the hyperspectral classification
task, the spatial context information of the data can be used to improve the classification accuracy, so this
paper uses the powerful learning ability of 3D-CNN to extract effective spectral and spatial features into
hyperspectral images, and then fuses the extracted spectra and spatial features to enhance the flow between
different levels of the network, thereby improving the classification efficiency. Although CNN operations
can mine deeper feature information as the network deepens, CNN is ineffective in modeling long—distance
dependencies, so consider combining CNN with attention mechanisms. This combination can focus on the
local position of the given information, assign corresponding weights to it, emphasize the key features in
the feature map, adjust the global information of the attention statistics image through weight
re—annotation, retain the features that are more conducive to the classification task, and improve the
representation ability of extracted features. But the common attention mechanism is to calculate the average
globally, that is, the pixel values of the entire image block, inevitably introducing information from
different categories of pixels around it, which is not needed in classification tasks. Another spectral
attention mechanism based on the center pixel provides weight values that ignore the effects of surrounding
pixels in the same category. Therefore, a simple spectral attention mechanism in the central region is
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proposed, in which the central region is selected with the central pixel as the reference and the surrounding
3X 3 range as the central region, on the one hand, the range contains certain spectral information of the
same category, and on the other hand, the interference of different categories of pixels is reduced as much
as possible. The spectral attention mechanism in the central region can minimize the influence of interfering
pixels on spectral features while extracting as many effective spectral features as possible. Based on the
spectral attention mechanism of the central region, this paper proposes a spectral spatial attention residual
network for hyperspectral classification, which mainly includes spectral feature learning, spatial feature
learning and classifier. The network first selects appropriately sized image blocks from hyperspectral images
and then classifies them. Starting from balancing computing resources and overall accuracy, experimental
comparison shows that the size of the image patch is uniformly 13X 13. The spectral feature learning part
includes 1 frequency spectral attention module and 1 spectral residual network module. The spectral
attention module adopts the central spectral attention mechanism, which can effectively suppress redundant
bands and increase the weight of important bands. The spectral features after the attention mechanism will
be extracted by the spectral residual network module, and more spectral features can be extracted.
Convolution kernels of 1X1Xn do not affect the spatial structure when extracting spectral features while
maintaining spatial correlation. The spatial feature learning component includes 1 spatial attention module
and 2 spatial residual network modules. The spatial attention module can obtain the important spatial
information of the pixels to be classified, and use the spatial residual network to extract its spatial
information. Add a hop connection between each module in the network to connect the presentation layer of
the hierarchical features into a continuous residual block to mitigate the loss of accuracy. Finally, these rich
spectral and spatial features are sent to the classifier to obtain the final classification result. The proposed
algorithm is compared with the latest algorithm on four public datasets. Indicators and visualization results
verify the superiority of the proposed algorithm.

Key words: Spectral-spatial feature; Residual network; Hyperspectral image classification; Spectral
attention mechanism; Spatial attention mechanism
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