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SHT, 225 TS 4 BT G 2R v B
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B BERIEAT LA, i e e g Ah
HiEEN A

T TAE LI Pl 3N AT HSTEE TPs - (Indian
Pine), PU (Pavia University), SA (Salinas) I
WEPE B R A RE (R 1),

31

1 AXFERNINEIESE
Table 1 Three data sets used in this article
\ e " , e SrHER " . X
PGS Z5 ] Sk el PrRigFEA gL — — WK /nm [R5 FAFERT ]
i /mm 23 [H]/m

1P 145x145 200 16 10249 10 20 400—2500 AVIRIS 1992-06-01

PU 610x340 103 9 42776 3.74 1.3 430—860 ROSIS 2002-07-08

SA 512%x217 204 16 54129 3.7 20 400—2500 AVIRIS 1998

(1) 1P (Indian Pines) : X 2 5 45 4 $% i 1]
199246 A, AL AT UL SG/ET A A% 43 6T
(AVIRIS) A% J@gs 7 E[E5 22 40 PN 74 3L 3 1 B 26 ¢
FASE e b i 2S5 A, B SRR R K/ 145%
145, A FHYEI% I BEECh 200 %G =02 —IX
B ARARE A R ARAEY) s 420 =0 2 i X
RARNAEY), B~k EY (EK. KE)
BRRARE 5%, ZhTixEGIEE A6 H
EERAEY IR b TAKWI; Rtz E 2w
N BRI E . B B ERR B bRic 16 AN
oo F2HNH T R RAGYNLR . KR AN R A
HEL I

2 India Pine #{EEHKZ NG RERE

Table 2 Class name and sample number of each class

for IP dataset
Fr X4 ek gk s
1 Alfalfa 9 5 32
2 Corn—notill 285 143 1000
3 Corn—mintill 166 83 581
4 Corn 47 24 166
5 Grass—pasture 97 48 338
6 Grass—trees 146 73 511
7 Grass—pasture—mowed 6 3 19
8 Hay-windrowed 96 48 334
9 Oats 4 2 14
10 Soybean—notill 194 97 681
11 Soybean—mintill 491 246 1718
12 Soybean—clean 118 59 416
13 Wheat 41 20 144
14 Woods 253 126 886
15 Buildings—Grass—Trees—Drives 77 39 270
16 Stone—Steel-Towers 19 9 65
Bt 2049 1025 7169

(2) PU (Pavia University) : 31X ZH 4 A 45 st
] 2002 47 F - ph 28 R b A 24 30 R 1) 2
S RGNS (ROSIS) R, ZAHREG R
KANN 610x340, AT HDEIE I BeECh 103, BUA
FUG B R IC N O DANEZEN . R 3T TR
YLk . Bk AT AR )

% 3 Pavia University 2{iFENEZNENEHEREY

Table 3 Class name and sample number of each class

for PU dataset

75 K4 UIEZS LAl 3
1 Asphalt 1326 663 4642
2 Meadows 3730 1865 13054
3 Gravel 420 210 1469
4 Trees 613 306 2145

5 Painted metal sheets 269 134 942
6 Bare Soil 1006 503 3520

7 Bitumen 266 133 931
8 Self-Blocking Bricks 736 368 2578

9 Shadows 189 95 663
Bt 8555 4277 29944

(3) SA (Salinas): X ZH %04 AVIRIS £ &%
7T 1998 4F 7F Salinas LI AR, ZEIEHEGE K
/N 512%217, AT HDGE I B ROl 2240 BLA HLY)
KEWREY, 851625, 45
THEAIEMINL: . 50 UE IR A B $

3R A AR AT HARICFEAS SR . TP
A 10249 MRICHEA, PU SR 5 A 42766 1~
FRICFEAS, T SA B4 4R A 54129 MRicHEA . Xt
F 3B, IRATFEHLIEI20%, 10%, 70% 1)
FRICFEA S IAVE R INZRFEAS 55 R FE A T IR
A, RS e 2—4 IR .



2570 National Remote Sensing Bulletin

%R 2023,27(11)

Fz 4 Salinas HIEENRZINENRERY

Table 4 Class name and sample number of each class

for SA dataset
FF5 K4 WMk Wk Wt
1 Brocoli_green_weeds_1 402 201 1406
2 Brocoli_green_weeds_2 745 372 2609
3 Fallow 395 198 1383
4 Fallow_rough_plow 279 139 976
5 Fallow_smooth 536 268 1874
6 Stubble 792 396 2771
7 Celery 716 358 2505
8 Grapes_untrained 2254 1127 7890
9 Soil_vinyard_develop 1240 620 4343
10 Corn_senesced_green_weeds 656 328 2294
11 Lettuce_romaine_4wk 214 108 747
12 Lettuce_romaine_5wk 385 193 1349
13 Lettuce_romaine_6wk 183 91 642
14 Lettuce_romaine_7wk 214 107 749
15 Vinyard_untrained 1453 727 5088
16 Vinyard_vertical _trellis 361 181 1265
Bt 10825 5413 37891

32 XWINEME

T VAL SSABN BEAU R fig, SEERTE CPU K
Intel Core i7-9750H 2.60 GHz*12, RAM }j 16 GB,
GPU A NVIDIA GeForce 2060 , RAM 4 6 GBI A
THEALEAT . AR RGN Windows 10 522
Ji, python WA 3.7.6, TREE:JHELL N PYTorch,
FRAS A 1.4.0,

SR HEPEAL L FLSVARE B2 OA (Overall
Accuracy) , “FYJK5 B AA (Average Accuracy) #l
Kappa 2% (K) 1ENTEMFEPR

33 BSHIEE

T A 1w Ul Rt A 73 PR RE ) —LE A
KUESH, atE RN, SRR, =S
B AT INHZRAEA L], SO E SRR i 4k
IPINVERERAL ISR, VRN R SR A R I
TEFE P RISEER T, BESEEIEAT 2001 epoch.

331 #t=XK/NM

ot 2 ) 245 149 VAT SRR TR RIS S5O Pl 2 2T R
HR/NRE 2] AR U Gk B s BT R
B, i R /N I ZRad B2 A — > epoch Hf
o BE R R AR A FRATME T 220 T B SR w42 il 2
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Fig. 4 Accuracy with different batch size
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Fig. 5 Accuracy with different kernel numbers of

convolutional filters
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Fig. 6 Accuracy with different spatial input sizes
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Fig. 7 The accuracy of the algorithm on the I[P, PU, and SA datasets of different training sample proportions
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Table 5 OA of with/without spectral-spatial

attention module

1%
YGRS P PU SA
T 98.32+1.36  99.63+0.24  99.83+0.17
ANEEFHEH 9654144  95.63x0.52  94.51+0.74

FoA TR 3 — 23 1] 1 B B e 5 A i
B IR, =WEES, SENet# AT
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P SiRmE 6N, BRT PUBIRSE, JLik—
23 R AR 3RS b, Al 3R A
P A R OA . 17l T PU B 5 BLAT 1.3 m/pix
MR AR, AR B FR 2
A TEREZN, B LS 8 T HOGis =5 R
A H R OA,
*6 REEENERIO0A
Table 6 OA of different attention module

1%
iR P PU SA
Seik—=sEFER S 98.32+1.36 99.63+0.24  99.83+0.17
BB ERE Y= Wi 96.711.18  99.20+0.48  99.31+0.40
IRE=wi| 98.06+1.58  99.66+0.27  99.65+0.31
SENet 97.83+1.15  99.57+0.26  99.65+0.33

342 HEREEIL

FATH: SSABN 5 % A7 RRAE fl A 455 e i) X321 )
PR T IRES, SSHRE T, EINEIEE T, A
PR il A AR B 23 2 E A B = T B R AE L 1
2%, X UL A ARAE Al A A B BE A SRS T R IR AN
[EE T s oyl = B 2 11 [ ¥ 1
3.5 HSI# LI

TEART P, FRATEE LAY SSABN 5 — ML 48

LR 2 J5ke: SVM (Melgani Fll Bruzzone, 2004),
DL 3 Rh B TERE 52 A 77 1% : 3D-CNN, FDSSC
(Wang 45 2018), SSRN (Zhong A5 2017)
HYBridSN (Roy %, 2020) LAJ% GhostNet (DasZ,
2020) #EATXS MG, FRATHEAT 10 K S8, S0
ZER DI S AR A 25 R o

R7 FHEREGERI OA L

Table 7 The influence of feature fusion module on OA
1%

GRS P PU SA
SSABN 99.32 99.83 99.96
AN A A A 97.66 99.70 99.08

(1) M. AR5 E R LA 5—8.
MR S—TrLIE N, SEEFEMIL, WRE¥-]
JTEREAE 3 A TP R 5 LU AP O PERE . X
e TR LA ) 2R A m PR, T
SVM AU F I o S0t R i R b A7 0 26 . i
G, i s [ T R TR R RE A R 4R BOG 1 2
L5 R, WU ) 2% 45 4 RE AT 280 A1 22 U e
fil, {845 SSABN f% 73 2 i L T HCAl JLAh R B2
Ik

LASERUER], FAR TR SR AR T

*8 AEEBEIPHEIBE LSXEME
Table 8 Accuracy of different models on the IP dataset

1%

P SVM 3DCNN FDSSC SSRN HYBridSN GhoMRNet SSABN
0A 73.07+0.65 97.56+0.43 98.01+0.18 99.19+0.26 99.38+0.23 99.25+0.20 99.40+0.38
AA 52.90+3.37 99.23+0.19 87.82+0.39 98.93+0.59 99.48+0.26 98.64+0.26 99.49+0.22

K 68.46+0.77 97.02+0.52 97.73+0.25 99.07+0.30 99.30+0.30 99.14+0.05 99.32+0.05

1 73.58 100.00 96.88 97.82 100.00 100.00 100.00

2 54.67 96.34 99.80 99.17 97.10 97.80 97.00

3 14.74 99.49 100.00 99.53 100.00 98.97 100.00

4 82.38 100.00 100.00 97.79 100.00 100.00 100.00

5 93.32 99.91 96.45 99.24 100.00 99.70 100.00

6 2273 99.75 99.41 99.51 100.00 99.80 100.00

7 80.37 100.00 26.32 98.70 100.00 100.00 100.00

8 0.00 100.00 100.00 99.85 100.00 100.00 100.00

9 63.75 100.00 0.00 98.50 100.00 85.72 100.00

10 88.19 98.72 98.97 98.74 99.85 99.27 100.00

11 38.95 95.52 96.33 99.30 99.77 99.59 99.83

12 89.02 99.47 97.12 98.43 98.08 98.08 98.08

13 88.64 100.00 98.61 100.0 100.00 100.00 100.00

14 37.22 99.55 100.00 99.31 100.00 100.00 100.00

15 18.92 99.54 95.19 99.20 100.00 99.26 100.00

16 73.58 99.34 100.00 97.82 96.92 100.00 96.92

TE IR SO
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AL R BV S R, T — N i i 2 Vv
B AIROR . R EARAE TP BELIE I 20% pritdg
RIENINGREARTGIE, HADSEGE R L N RS
B, hFR8TLIES], SSABNAHH HAB ARG
A RO EACHE, O TG s R
TR SR R G, R SO AR T
TORFEA PR A TR, s AR AR G 2D B
SEFITH R /NVT SSRN (1 3D ¥ FR4EH , fdif3 SSABN

YA BT RCR MIERE EE . i ) SSABN
Y1 25 5 (] 1% 55 T HYBridSN, 3% 42t T HYBridSN
XF s HIS 47 PCA F4E, RKWD TR

DL SEIRiE B, FRATTHE A9 SSABN AUAEA
R P HERA P A R B, AR TSR], B
AR - b B2 v B FE DAL, R — AN UL Y i
RITE,

x99 AERBEPUEBIEE LHXAERE
Table 9 Accuracy of different models on the PU dataset

1%
75 SVM 3DCNN FDSSC SSRN HYBridSN GhoMRNet SSABN
0OA 94.79+0.47 99.54+0.11 98.73+0.56 99.79+0.09 99.67+0.26 99.81+0.08 99.83+0.13
AA 92.93+0.36 99.66+0.11 98.31+0.66 99.66+0.17 99.36+0.12 99.65+0.15 99.73+0.17
K 93.08+0.70 99.41+0.15 97.24+0.49 99.72+0.12 99.56+0.15 99.76+0.12 99.78+0.11
1 94.48 99.36 98.82 99.92 100.00 99.94 100.00
2 98.16 99.36 99.74 99.96 100.00 99.99 100.00
3 82.13 99.69 98.14 98.46 99.80 98.43 98.98
4 94.70 99.63 94.43 99.69 97.16 99.77 99.72
5 98.51 99.95 99.14 99.99 100.00 100.00 100.00
6 91.00 99.96 99.69 99.94 100.00 100.00 100.00
7 86.84 100.00 96.68 99.82 100.00 99.36 100.00
8 84.40 99.65 98.90 99.22 99.11 99.34 98.88
9 99.47 99.38 89.54 99.95 98.19 100.00 100.00
TE IR R e RO
F10 FEEBESABEE EHRERE
Table 10 Accuracy of different models on the SA dataset
1%
75 SVM 3DCNN FDSSC SSRN HYBridSN GhoMRNet SSABN
OA 94.14+0.58 97.56+1.25 99.04+0.47 99.60+0.22 99.88+0.09 99.93+0.7 99.96+0.04
AA 97.14+0.86 99.23+1.97 99.54+0.18 99.84+0.57 99.90+0.04 99.95+0.05 99.97+0.03
K 93.47+0.65 97.02+1.39 98.93+0.53 99.56+0.25 99.87+0.03 99.92+0.08 99.95+0.05
1 99.87 100.00 100.00 100.00 100.00 100.00 100.00
2 99.81 96.34 100.00 100.00 100.00 100.00 100.00
3 99.46 99.49 100.00 100.00 100.00 100.00 100.00
4 98.83 100.00 100.00 100.00 100.00 99.80 100.00
5 99.94 99.91 99.41 100.00 99.84 100.00 100.00
6 99.69 99.75 100.00 100.00 100.00 100.00 100.00
7 88.69 100.00 100.00 100.00 100.00 100.00 100.00
8 99.76 97.94. 97.22 98.90 100.00 99.91 99.92
9 96.64 100.00 100.00 100.00 100.00 100.00 100.00
10 98.59 98.72 99.13 100.00 98.91 100.00 100.00
11 99.74 95.52 99.46 99.87 100.00 100.00 99.73
12 99.18 99.47 100.00 100.00 99.85 100.00 100.00
13 97.55 100.00 100.00 100.00 100.00 100.00 100.00
14 77.49 99.55 99.73 100.00 100.00 99.73 100.00
15 99.10 99.54 97.94 98.80 99.74 99.69 99.82
16 99.87 99.34 99.68 99.92 100.00 100.00 100.00

TE ML R AR

(2) P4yt o B 8—10 & 5t 4f B R 1
groundtruth AR T 7 3B ) o2 |
AL . A3 EHESER 7 28 KT LI 2, SSABN
AIRIF L, AR oSS R O HER Rl R AE

Koy Frek b, TR HAE BEA AR IC 0 1 X3y 3
KRB 3 B3R o I PR A S A 25 8] 45 B R
FAPLBREABBRN KR, e T
PSR RRILFUR S
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R11 AREEREINHIRE LEKPTE R E

Table 11 The time required for different models on the three datasets

HiE%E  SVM 3D-CNN FDSSC SSRN HYBridSN GhoMRNet SSABN
P 2.56 20.58 125.89 61.09 9.15 9.36 5.37
—~ epoch I B [H] /s PU 2.32 40.58 438.57 205.68 11.03 29.31 16.24
SA 7.67 93.89 636.57 298.24 13.58 36.22 21.28
P — 35 208 101 15 16 9
Y517 B[] /min PU — 70 730 342 18 49 27
SA — 155 1060 496 22 61 35

* il

(a) ELSLHA (¢) 3D-CNN (d) FDSSC
(a) Ground—truth (¢) 3D-CNN (d) FDSSC

e 8

: : i Bt i s
(e) SSRN (f) HYBridSN (g) GhoMRNet (h) SSABN
(e) SSRN (f) HYBridSN (g) GhoMRNet (h) SSABN

P18 fdf AN RIS AU Y TP icdli 732K K

Fig. 8 Classification maps for the IP dataset

(a) HALZRE (b) SVM (¢) 3D-CNN (d) FDSSC
(a) Ground-truth (b) SVM (¢) 3D-CNN (d) FDSSC
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(e) SSRN (f) HYBridSN (g) GhoMRNet
(e) SSRN (f) HYBridSN (g) GhoMRNet
K9 ARSI PU B 5 K 1A
Fig. 9 Classification maps for the PU dataset

(¢) 3D-CNN

(a) HIZHE
(a) Ground—truth (b) SVM (¢) 3D-CNN

(e) SSRN (f) HYBridSN (g) GhoMRNet
(e) SSRN (f) HYBridSN (g) GhoMRNet

BI10 A RIBEAL ) SA Bt 3 2K 4]
Fig. 10 Classification maps for the SA dataset

(h)SSABN

(h) SSABN
(h) SSABN

(d) FDSSC
(d) FDSSC

(h)SSABN
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Spectral—spatial attention bilateral network for hyperspectral
image classification

YANG Xing,CHI Yue,ZHOU Yatong, WANG Yang

School of Electronics and Information Engineering, Hebei University of Technology, Tianjin 300401

Abstract: HypeSspectral Image Classification (HSIC) is a pixel-level classification problem, and it involves classifying each pixel in the

hyperspectral image and confirming the pixel category. However, discriminative features in HSIC task are difficult to acquire and learn, and

the extraction of sufficient and effective features directly affects the classification results. In the past few years, Convolutional Neural
Networks (CNNs) have achieved better results in HSIC, but the high dimensionality of hyperspectral images and the equal processing of all
bands by CNNs have limited the performance of CNN. This study proposes an end-to-end Spectral-Spatial Attention Bilateral Network

(SSABN) for HSIC. The network directly uses 3D blocks of the original image as input data without the complicated preprocessing. First,

the original data are processed through the spectral-spatial attention module to enhance the useful bands or pixels for classification and

suppress invalid information. Then, the spatial and context paths of the bilateral network are designed. The spatial path has three layers, and

each layer is composed of convolution, batch normalization, and Relu activation function to extract spatial information. The context path is
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composed of three downsampling and attention refining modules. The downsampling is used to provide receptive field, and the attention
refinement module is used to refine downsampling features. Finally, a feature fusion module is designed to fuse different levels of features
through maximum pooling and average pooling for generating discriminative features. Compared with common CNN, SSABN can adaptively
enhance effective information, extract more abstract discriminative features, and consume less training time. Experimental results show that
SSABN has good fitting ability in different training sample ratios. In the results of ablation experiments, the accuracy of the spectral-spatial
attention mechanism is 1%—2% higher than those of other mainstream attention mechanisms, and the feature fusion module can improve
the discrimination of extracted features. In the experiments of three public datasets, the classification accuracy of SSABN is higher than
99%, and the training time is less than those of other methods. The classification performance of SSABN is better than those of other
hyperspectral image classification algorithms, while reducing its training time can more effectively improve accuracy and efficiency.

Key words: remote sensing, convolutional neural network, deep learning, feature fusion, Indian Pine dataset, Pavia University dataset,
Salinas dataset
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