He2l W2 oMK AE A e CHL AR R Vol. 62 No. 2
2024 £ 3 A Journal of Jilin University (Science Edition) Mar 2024

doi: 10.13413/j. cnki. jdxblxb. 2023164

ETFRGESBNEEES
0 25 10 75 S 8 L4 > 3K

e, WAL, H AR
(L PR B A 2R B HUDR S U BRRTIT 7 . K 1300335 2. P EARREBE k2%, LR 100049)

WE: 4 ERHENECNNRENLA THRERHKE, TEARRBBGRN N LB X ZHFE
MR KEBETXEENIA, ME-ANETHEBRE L E O EEEN W% SSGAT. ZH %
BHGEEL A ENBGRERN Y EENTNEY R, ARRD> THEMNELE, FBRKT
HREWEREE, E3ANAKEE LA SSGAT AL EFW 2 2B EHTNR, 20 HKET
94.11%,95.22%,96. 3TN W Rk X E. ER LA E it z, AAERARERXH
I Il i 2

KBEWE: mAEEG; BEEANE,; R2iH; B&F 04

RESES: TP391 XHEkFRARRD: A XEHE: 1671-5489(2024)02-0357-12

Hyperspectral Image Classification Based on Superpixel
Segmentation with Graph Attention Networks
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Abstract: Aiming at the problem that convolutional neural network (CNN) could only be applied to
Euclidean data and could not effectively obtain global relationship features between pixels and long-
distance contextual information, we constructed a superpixel segmentation-based graph attention
network (SSGAT). The network treated the segmented superpixel blocks as graph nodes in the graph
structure, effectively reducing the complexity of the graph structure and reducing the noise of the
classification graph. The classification accuracy of SSGAT and the comparison algorithm were tested
on three datasets, and overall classification accuracy of 94.11%, 95.22%, and 96.37% were
obtained, respectively. The results show that the method has excellent performance and significant
advantages in dealing with classification problems in large-scale regions.
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Fig. 1 SSGAT network framework
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Fig.3 Schematic diagram of IP dataset
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Fig. 4 Schematic diagram of PU dataset
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Fig.5 Schematic diagram of SA dataset
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Table 1 Sample division of IP dataset
5 e VIR N B IEREAR DA A
1 Alfalfa 8 6 40
2 Corn-notill 215 84 1135
3 Corn-mintil 125 48 661
4 Corn 35 12 187
5 Pasture 75 24 398
6 Trees/Grass 112 42 593
7 Pasture-mowed 4 6 16
8 Hay-windrowed 73 24 392
9 Oats 3 6 11
10 Soybeans-notill 145 54 769
11 Soybeans-mintill 370 144 1954
12 Soybeans-cleantill 92 36 486
13 Wheat 32 12 168
14 Woods 194 72 1028
15 Building-Grass 57 18 305
16 Stone-steel Towers 14 6 75
x2 HEEPUMEAKS
Table 2 Sample division of PU dataset
75 255 RS IS IEFE A WL A
1 Asphalt 332 102 6 197
2 Meadows 932 282 17 435
3 Gravel 105 33 1961
4 Trees/Grass 153 48 2 863
5 Metalsheets 67 21 1 257
6 Baresoil 251 78 4 700
7 Bitumen 67 21 1242
8 Bricks 184 57 3441
9 Shadows 47 96 5 797
F3 BIEE SAHAXS
Table 3 Sample division of SA dataset
75 e YRR LRI EPN NG EEN
1 Brocoli_green_weds_1 186 33 1 876
2 Brocoli_green_weds_2 99 57 3483
3 Fallow 70 30 1847
4 Fallow_rough_plow 134 21 1303
5 Fallow_smooth 198 42 2 502
6 Stubble 179 60 3701
7 Celery 564 54 3 346
8 Grapes_untrained 310 171 10 536
9 Soil_vinyard_develop 164 96 5797
10 Corn_senesced_green_weeds 53 51 3063
11 Lettuce_romaine_4wk 96 18 997
12 Lettuce _romaine 5wk 46 30 1 801
13 Lettuce romaine 6wk 54 15 855
14 Lettuce_romaine_7wk 363 18 998
15 Vinyard_untrained 90 111 6 794
16 Vinyard_vertical_trellis 186 30 1687
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ARSI H T Python3. 8. 12 i & F1 Pytorchl. 1. 0 22 J HEAL 2 98, F T 45 i 88 4 H9i7-10750 H
CPU 1l NVIDIA GeForce RTX 2060s GPU. L35 i 24 2] %4 0. 000 1 ) Adam i fb 2% L b A SC
B, SRR R 800, S E A HEAT 5 RO IE LI /D 32 25, SSGAT d g A4 R B AR R4
B 5 R B e SRR AR BB 1/150. K5 — 2 BRIV 7 7 i AR B Ol 64, B TR A A S O R
BHE AR B RE A S8R
2.3 NREREDH

S U AE A SO B PERE . YRR LA A R e HST 202807 1 5 AR SOBE R HEAT LU 8 Hr . o A 4
BHLgs2z 2 by SVMEY | B b 28 W 2% rh iy 2DCNNEY | 3DCNNE™ | GCON 5 30 f GATSS Jy k.
R R AR SCER T R S8, SR A R E S 5 U (AL

R A~ 6 oI T ORE TR B 3 A EUE A By oy RN R 25 5 v i I B D K e T
FEREE R R, SSGAT 7 i A BHE 42 th B UAT T e i 2 80 . 78 3 AN EUR 2 vh SR 4y 250K5 E OA
SrBIAEIT 94.11%,95.22%,96. 37%. & 6~ 8 435l A 4% 5 B 16 A [\ B b 4 45 31 1 i 43 25 14
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Table 4 Classification results of different algorithms on IP dataset

75 B HR A SVM 2DCNN 3DCNN GCN GAT SSGAT
1 77.24 79. 44 82. 38 63. 44 89. 91 95. 38

2 78. 24 89. 69 93.52 77.88 83.55 97.99

3 80. 59 88. 23 89.92 82.21 70. 15 93.55

4 84. 30 88. 94 90.18 90. 11 84. 89 94. 11

5 75.28 84. 37 88. 36 81. 47 77.50 89. 37

6 79. 28 87.23 93.11 88. 29 82. 63 94. 43

7 79.12 80. 32 88. 43 76. 80 75. 34 93. 87

8 69. 31 91.17 92. 99 83. 04 91.55 89. 21

9 72.37 72.50 84.63 73.11 84. 77 94.09
10 80. 10 82.63 89. 28 64. 41 79.10 98. 38
11 66. 20 85. 34 90. 42 74,33 84. 41 96. 55
12 74.05 64. 64 86.51 82. 06 89. 34 96. 38
13 79. 23 85.92 94. 43 81. 88 91.96 92. 97
14 74. 29 90. 25 93. 87 92.33 81. 34 88. 37
15 64.79 98. 46 83. 82 88. 48 80. 25 93.15
16 88.70 98.63 100. 00 97. 22 87. 86 96. 43
OA/% 75.33 85.67 91. 26 82.22 83.99 94.11
AA/ % 76. 44 85.50 90. 12 81.07 83.40 94.01
Kappa 79.70 84. 38 88.79 81. 44 83.01 93.58
lran /'S 35.85 261.55 1 089. 32 533. 87 577.22 299. 32
lre/s 5.84 6.99 15.78 8.55 17.95 7.42

24 0L, B4 TP b, T SVM 3k RO T HSL OGS B, H R EHE e J1 59 .
o 2806 FE A 75,33 %5 2DCNN Fik 5 SVM kMl e BT Foh i i R iF 3R B0 2. 7T A shdfi e
LG )ZF5AE 5 3SDCNN J7 % R8I = 4 5 BURZ W] i 3k B HST B9 28 3R AE . Btk SDCNN 3545 T kb
2DCNN B (5 i 43 2K B, (R 25 mf 1] 55 00K B (6] 35 85 7 2DCNING b3 05 2 Z20m6 T R 15 A5 4
fE . H¥A X E AR B TR ;s GON 55 IR GAT k38119 OA 4351k 82. 22 % 1 83.99% ,
YRR S, H SSGAT FAG T 94. 1106 09 B AR 3 S B2, RN T B4R 3 43 1) B ik 22 245 4 1 38 Jin %of
W26 e 1Y 48 A S Bl s SSGAT FE 45 28 M5 + 2R My b iy 3 2845 1 3 5l 3k 3 97.99% AN
96. 3826, X P2 Hb A I IRUBE SR, R W2 I 4 T3S T 0 ROBE R iy s P A7 43 2. % I 4% i U1 45
B ] AN 2 e R . (AVNZRAF AR L GAT kA T MR, X154 TRERE ST H AWM. hE 6 af
UL, SSGAT By 5 JE iR 3 2R B G fe /b, ELA b JHE Al 530 3k M s de /D
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Table 5 Classification results of different algorithms on PU dataset

75 B AN FE A SVM 2DCNN 3DCNN GCN GAT SSGAT
1 73.50 85. 10 88. 33 82.61 85.61 93. 25
2 82.92 91. 69 94. 37 83.93 87.79 91.72
3 86. 30 84. 66 91.61 77.43 81.67 88. 59
4 86. 07 89. 89 94, 14 87.67 79. 10 95. 99
5 92,55 87.00 84. 88 87.11 80. 70 98. 34
6 81.06 93. 43 84.13 80. 62 75. 32 92. 28
7 80. 71 76. 61 91. 99 76. 99 82.33 96. 91
8 82. 45 88. 95 88. 09 91.61 88.13 95. 90
9 80. 90 92,55 87. 48 83.02 90. 86 96. 71
OA/% 82.70 88. 55 92. 44 85.98 86. 77 95. 22
AA/% 82.94 87.76 89. 45 83. 44 83. 50 94. 41
Kappa 77.42 85. 61 86. 99 82. 86 80. 41 93. 33
lrran/ 145. 33 238. 32 2 467.66 1633.21 1.803.11 1031.84
Lren/s 18.33 24.50 90. 41 49. 42 54.91 21.93

B 5 AT 0L, XF e 4E TP Lo 2R 5 L, & r i AE Bl 4 PU i 43 SO0 B2 AR AT AN [a) 72 B 1) 42

Tt SO iz B A A I SRR A B £, AT A B AL BB T ME A M xF HST AT 4r 26 Hop

SSGAT 7E 3 FiAG EE VR 46 45 T B HUAS T |4 mist, OA 2y 95.22%, AA y 94.41%, Kappa REH

93.33%. H OA M T GAT Fik, WERT T 9.74% ., M T GCN FERERTT T 10. 75%.

B 7AW, SSGAT By i 4y R B s 8 R e b, R 2 i /b, S WA G UM & N 4 Jr M e
Fo AAEEMNBEESANSEELER

Table 6 Classification results of different algorithms on SA dataset

745 XN HR A SVM 2DCNN 3DCNN GCN GAT SSGAT
1 73.92 82. 62 80. 66 80. 75 81.10 96. 13
2 87.65 82.71 94,12 94,12 90. 89 93. 25
3 86. 52 91. 65 81. 44 88. 81 82. 34 94. 31
4 84. 83 92.11 90. 17 86. 46 87.69 92.53
5 78.11 85. 49 84. 50 94. 81 87.39 86.11
6 87.35 82.16 90. 88 84.77 87.09 98. 82
7 88. 48 94. 93 91.22 78.55 83. 40 92.76
8 80.91 87.00 81.97 82. 37 77.50 94,08
9 84. 46 65. 45 81.19 96. 67 78.70 93. 21
10 74.09 86. 67 84.61 88. 43 85. 17 97. 96
11 78. 44 93. 39 87.72 85. 95 86. 06 97.17
12 75.63 81.38 90. 26 90. 11 83. 35 98. 74
13 84.58 86. 06 93.21 87.99 91.05 95. 21
14 88. 60 90. 07 86.57 72.09 85.57 91.38
15 76. 48 78.78 91.11 86. 45 90. 66 93. 89
16 84, 22 95. 87 90. 89 91.57 83.13 96. 30
OA/% 83. 44 86. 55 88. 74 87.52 88. 11 96. 37
AA/% 82. 14 86. 02 87.53 86. 86 85. 06 96. 33
Kappa 77. 66 84. 60 85. 55 86. 33 83. 46 92,02
rrn/ S 176. 23 277.11 2 509. 31 1611.22 1 809. 22 1 266. 33
rew/s 28.32 48.00 89. 33 64.21 71. 30 66. 92

HIZ 6 AT UL, SSGAT fE 3 iR BEATAN 4548 T UG T Fe 45 2R . AR r ORI 96.370%0.
Kl 8 Ar L, SSGAT HikfiR K /b. LRSI ATR KW, SSGAT W it w, HAEREZKX
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Fig. 6 Classification diagrams of different algorithms on IP dataset
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Fig. 7 Classification diagrams of different algorithms on PU dataset
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Fig. 8 Classification diagrams of different algorithms on SA dataset
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Table 7 SSGAT ablation experiment results %
LIGRES L — JoHy SSGAT
1P 92. 54 92.49 94.11
PU 92.79 94. 77 95.22
SA 93.18 94. 35 94. 37
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