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Hyperspectral Image Classification Based on Multi-attention
Mechanism and Compiled Graph Neural Networks
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Abstract; In recent years, although some scholars have achieved satisfactory research results on
hyperspectral image ( HSI) classification, they often fail to achieve ideal classification results when facing
small sample learning. Aiming at this problem, a hyperspectral image classification method was proposed
by the organic combination of multi-attention mechanism fusion, compiled graph neural network and
convolutional neural network. Firstly, a type of multiple mixed attention convolutional neural network
(MCNN) and compiled graph neural network ( CGNN) was designed, which can effectively retain the
spectral and spatial information of HSI with limited learning samples; secondly, the introduced graph
encoder and graph decoder can effectively map irregular HSI feature information; finally, the designed
multi-attention mechanism can focus on some important HSI feature categories. In addition, the effect of
different training samples on different algorithms for learning example classification was also investigated.
Experiments on the public dataset Botswana ( BS) showed that the proposed method improved the overall
classification accuracy (OA) by 2.72 percentage points and 3. 86 percentage points compared with the

current state-of-the-art algorithms ( CNN-enhanced graph convolutional network, CEGCN; weighted
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feature fusion of convolutional neural network, WFCG). Similarly, the experimental results on the

IndianPines (IP) dataset with only 3% of the training sample data showed that the method also improved
the OA of the current state-of-the-art algorithms ( CEGCN and WFCG) by 0. 44 percentage points and

1. 42 percentage points, respectively. This demonstrated that the proposed method not only had good

spatial and spectral information perception for HSI, but also showed strong classification accuracy with

small learning data.
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Tab.2 BS dataset training, validation and test samples
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Fig.4 Classification results of IP data set
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Tab.4 Classification results of IP dataset using 5% training samples %

B SVM % 3:  HybridSN 8% HuEtAl 83 GCN & 3 GAT &3 CEGCN &  WFCG &y: HAMGCN &3
0.00£0.00 39.08 +16.50 0.00+0.00 10.70 £+21.40  0.00+0.00  90.70 +4.16 82.33+9.82  94.42 +4.05

2 42.24 £2.34  77.86 £2.26  36.00 +£6.73 76.73 +7.99  66.31 £3.24  96.22 +1.89  94.91 £3.20 96.79 =1.84
3 0.00 0. 00 68.04 +5.03 6.34+£9.50 62.93£17.04 77.09+£6.90 97.29 £1.80  97.39+2.25  98.05 +0.75
4 2.06 +4.61 57.54 +6.54  8.82+10.69 91.45+4.96 88.14+10.93 97.24+3.18 97.77+1.65  92.86 +£9.93
5 16.10 £12.39 85.88 +2.19  8.70 +11.04  78.89 8. 11 59.01 £6.91 97.17 £1.33  96.38 £1.18  96.90 +£1.76
6 72.74 £2.52  94.62 £1.85 71.00 +£5.59  78.55£5.83  57.52+8.39 98.01 £0.32 98.77 £0.37  98.25 +0.40
7 0.00 £0.00  35.22 £29.02  0.00 £0.00 72.86 +0.43 0.00 0. 00 75.97 £2.85 3.85+5.96  86.12 +12.99
8 88.92 +0.60  95.82 +1.01 82.40 +3.80 97.46 £0.17  97.46 +0.17  99.78 +0.35  99.69 £0.39  99.91 +0. 11
9 0.00 £0.00  53.62 £15.15 0.00 0. 00 0.00 0. 00 0.00 0. 00 18.19 £7.50 0.00 +0.00  49.24 £22.42
10 3.16 £6.36 77.20 £3.93  10.30 +14.54 65.94 +.024 65.88 £13.21 96.08 +1.66  94.14 +2.20 97.83 £0.78
11 58.34 £0.22  82.88 +3.18  58.92 +1.62 89.30 +2.98 85.33+£2.26  98.64 +0.66  98.47 £0.90  98.99 £0.52
12 3.54+7.32 68. 06 +8. 32 7.80x7.48 73.18 +11.84 71.84+4.77 97.17+1.96 98.64 +1.34  98.49 0. 36

13 51.94 £26.94 97.06 £2.07 34.90 £42.36 65.16 £22.85 8.68 £10.65 99.17 +0.70  99.68 +0.63  98.75 +1.81
14 83.44 £0.27 95.32+1.27 83.28 £0.68 93.93+4.72 88.97+3.52 99.83+0.09 99.55+0.44  99.45 +0.26
15 3.24 +3.80 62.00 +7.67 14.58 £7.26  70.56 £7.09  72.56 +5.47  98.45 +1.25 95.19 £5.33  98.23 =1.51
16 88.46 +3.11 89.48 +6.76  88.88 £5.67 35.96 +34.53  0.00 0. 00 94.88 +4.51 96.51 £2.65  97.44 +£2.00

OA 53.50 £0.76  80.48 +2.09 52.27£2.56  79.78 £1.56  73.70 +1.79 97.63 £0.27 96.95 £0. 58 98.07 £0.23
AA 32.29+1.96  73.73 +£2.78 32.00 +6.49 66.48 +5.45 52.42 +1.49 90.92 £0.53 84.58 +0.66  93.86 £2.24
Kappa 2240 43.66 £1.06  77.52 +2.86  42.76 £3.67 76.92 +1.79 69.83 £2.13 97.30 0. 31 96.52 0. 67 97.80 £0.27
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Fig.5 Classification results of BS data set
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Tab.5 Classification results of BS dataset using 1% training samples %
B3| SVM ##:  HybridSN 23 HuEtAl 53 GCN &3 GAT &3k CEGCN #3¥:  WFCG &3  HAMGCN &
1 98.28 +£1.03 93.36 +3.63 99.28 +0.70  73.52 +12.67 76.03 £18.85 95.26 +6.76 89.97 +13.2 96.53 +4.92
2 0.00 +0. 00 37.58 +£23.17 75.50 £14.41 65.21 £22.39 36.29 +44.83 92.86 +11.47 82.83 +21.41 89.74 +£10.9
3 0.00 +0. 00 72.46 £6.83 77.04 £6.02 49.52 +31.24 52.19 £25.32 91.40 +10.69 85.51 +13.93 87.08 £10. 67
4 0.00 +0. 00 70.84 £6.15 64.78 £10.68 45.22 +29.78 29.70 £14.13  98.67 +2.67 95.15 £5.53 97.71 +4.57
5 69.24 +5.85 59.46 +13.00 70.92 £10.03 30.12 +6.78 35.61 £13.99 67.90 +9.29 84.58 +8.34 79.92 +8.39
6 35.88 +14.65 42.94+£6.09 50.96 +11.02 41.24 £5.09 53.98 +9.80 72.85+19.43 78.34 £15.75 90.52 +10.74
7 0.00 +0. 00 80.52 +10.06 82.48 +13.90 79.32+17.32 88.77 £7.03 93.10 +6. 81 93.39 +6.57 93.25 +8.26
8 0.00 +0. 00 62.30 +£13.69 58.76 £28.65 36.16 +26.26 47.32+19.61 89.12+12.93 84.05+13.31 85.05=+19.14
9 31.28 +8.63 44.76 £3.07 69.42 £10.53  99.67 +0. 65 99. 87 +0.26 100 +0. 00 98.95 +2.10 100 +0. 00
10 0.00 +0. 00 36.30 +18.64 57.58 £12.29 68.38 +26.36 42.36 £33.7 86.53 £16.63 76.92 +18.84 99.75 +0.50
11 53.84 +2.23 71.84 +4.19 85.72 +6.61 88.25 +11.13 91.25 +£8.02 98.25 +1.40 96.57 +4.36 99. 60 0. 65
12 0.00 +0. 00 51.94 +16.17 73.34 £5.42  74.19 +38.52  99.66 £0. 67 100 +0. 00 93.26 +12.37  99.89 +0.23
13 43.78 £1.23 45.72 £8.01  49.48 +28.47 80.00 £40.00 98.32 +£3.36 100 £0. 00 100 £0. 00 100 £0. 00
14 10.62 +23.75 48.48 £29.22 89.80+7.37 66.31 £33.15 59.53 £31.13 66.50 +27.64 71.08 £21.45 58.25 +25.16
OA 39.26 +0.90 61.79 +4.81 72.31 +4.97 65.23 +10.57 67.78 £6.56 90.33 +2.04 89.19 +4.46 93.05 £2.01
AA 23.72 +£2.13 56.57 +6.47 69.03 +£6.68 64.08 £10.79 65.06 +8.73 89.46 +3.06 87.90 +£5. 65 91.24 £2.10
Kappa %t 33.36 £1.01 58.56 +5.25 70.00 +£5.39  62.33 +11.48 65.01 +7.18 89.52 +2.21 88.28 +4.85 92.47 +2.18
(2)BS AR £ T ARIGEARN KL RN 2.3 HEXE

7h B, i REAR R R RO Y A, NP R
REEFORF SVM FL UG 9 73 JE 45 R T A M T3
LR 2N . HybridSN 5k e A IR AR 1% 3=
5% Wi fE G 1P s 4R — B0 o REDR IR T
GCN B3k , B R A (R 3, 2 ) B ) ik oA
Z oy RA R HOR T
(3) WHC %ds 5 F A R 2R A 1 7 26 45

WiE 7e Fron, 5 HAL 2 B L, WHC Kdls 4
TERPER . T B X A REA 2 2T B 4 T,
— 25 W 25 B A 0. 1% 1 RE A A Ry 454 X
FESE B AR U 2R A, DL ik — 20 3 &2 0. 9% ok
BUEA AN LA A R REA T 9 73 ST BE ) o 7RI
o g W 2% 5 BT Ik R, R SO B
HAMGCN B3E7E 2 A~ 73 2K By BOK IH 3 B B 19

A SCHT$E HAMGCN 553k DA 2 1 8 J1 HLA 9 AL
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Z M 455 T L A HAMGCN 72 3 M RUdlE 48
(4 73 JE 45 R SR A TR 1) e R AR

T3 DR T SR JERTBE 1 7y e
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0 64.74% XSk TAEIRRHEAR S S MF T, 2
HST 46 oy 1814 md A iR IF, CGNIN A58 1051 55 4 ¢ iR
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Tab.6 Classification results of WHC dataset using 0. 5% training samples %

B3| SVM %3 HybridSN %3  HuEtAl B3k GCN 3 GAT & 3 CEGCN %t WFCG &3  HAMGCN 3 ¥

1 48.44 £0.92 87.04 +0.43 57.68 +2.03 97.66 +0. 46 98.39 +0.68 99.27 +0.23 99.06 +0.21 99.54 +0. 16

2 5.38 £5.58 80. 64 +2.56 73.08 +9.27 87.23 +3.17 88.26 = 1. 84 96.99 +1.47 95.64 +0.63 97.29 +1.31

3 0.00 +0. 00 91.52 +1.81 86.12 +9.62 93.57 +2.69 68.27 +5.25 98.04 +1.28 98.40 +1. 14 99.13 +0.21

4 0.00 +0. 00 60.08 +4.90 21.56 +37.46 93.32 +3.48 92.68 +5.95 97.14 +1.28 97.00 +1. 47 98.14 +1.03

5 0.00 +0. 00 46.72 £12.53 2.40 £2. 84 68.06 +17.58 26.95 +18.67 81.59 +5.22 1.74 +£2.60 92.49 +10. 15

6 21.52 +11.22 85.50+1.99 58.10+29.56 72.07 +12.01 31.81 +5.30 81.96 +4.67 63.48 +6. 64 85.66 +1.74

7 51.04 +4.56 83.08 +2.70 64.14 +4.81 82.79 £5.42  61.03 £12.04 93.52 +4.08 91.67 +4.34 94.70 £2.63

8 1.12 £2.50 80.82 +3.63 53.74 £5.16 87.23 +2.76 65.72 +3.26 94.90 +1.92 94.13 +1.24 95.85 +1.75

9 17.24 £4.52 91.00 +£1.32 85.06 +17.84 66.76 +6.09 49.25 £2.56 95.64 +2.07 95.73 £0. 81 93.07 £2.95

10 5.50 £4.31 93.08 +1.22 89.26 +2.93 82.31 +7.35 70.39 +4.48 98.69 +0. 54 97.84 +0. 81 99.10 £0.43

11 0.00 0. 00 65.48 +6.57 30.48 £33.89 95.18 £3.19 91.12 +1. 68 99.25 +0. 16 98.72 +0.78 99.38 £0.20

12 0.26 +0.48 68.46 +2.91 43.70 +15.80 86.49 +4.85 65.90 +33.17 88.43 +6.61 68.38 +14.48 97.14 £1.20

13 70.14 £0.99 86.38 +1.13  74.14 £12.01 64.39+7.90 15.76 £2. 15 84.53 +£3.63 76.80 £4.30 90.06 £2.37

14 33.78 +6.92 74.58 +2.57 69.28 +6. 19 87.45 +3.41 83.27 +3.50 96.06 +1.13 95.59 +1.79 97.71 £0.94

15 79.82 +0. 66 97.84 +0.15 91.74 +15.17 55.47+£9.95 26.00+£16.73 53.29 +12.92 19.83 +17.88 64.98 £13.95

16 69.90 +1.45 92.42 +0.29 91.56 +3.97 98.48 +0.33 98.65 +0. 64 99.81 +0.03 99.63 +0.23 99.76 £0. 06

OA 59.09 +0.59 76.97 £1.58 82.57 +£3.90 90. 88 +0. 62 83.38 +1.21 97.04 +0. 34 95.24 +0.59 97.79 £0. 34
AA 25.26 +1.27 80.29 +2.02 62.00 +1.57 82.40 +2.51 64.59 +4.02 91.19 +1.51 80.85 +2.39 94.00 +1.13
Kappa %t 49.24 £0.75 85.72 +1.04 77.44 +0.57 89.32 +0.73 80.43 +1.45 96. 54 +0. 40 94.42 +0. 69 97.42 +0.39
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Fig. 7 Classification of different training samples
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Tab.7 Ablation experiments of different modules

in three data sets %
. N7
CGNN CCNN + MCNN HAMGCN
1P 64.74 94. 25 95. 89
BS 72. 46 90. 38 91.78
WHC 86. 83 96. 24 97. 60

$#7F, 78 BS $4E4E b, CCNN 5 MCNN FHi 8 T 43
FHORE TP R T/ BRI, X R
AN TR B8 R A AN — A 1 B AR (ER X T 4 AR M)
4 BRI IE Y 2 S FEAR T AR O] LIRS R
GERY SR ARG, AR T T AR A ) WHC B4R
££ I ,CCNN 5 MCNN #H#F CGNN, %} HSI %4 19
PUNBE IR R 2S5 o X WAE T A58 % 11
(45 BRI 2% T RSB L B — 1 46 RS B HST 254 11
SRR 57 2 AR AR i, HST = 4 4 4
FEAEFE T 28 B 1 R AF i — 20 2, 2 BRI 4% X6 =
Y23 DG A BB A BE ) F — 2 T R, (A5 5 BN

2RISR RE ) 32 BR o 3 AN EdE 4R b R R S g R
W, AR 5E BT $2 07k (HAMGCN ) 7547 BR 1 2 I REAR
SRR R A AR 2% 15 TR o AR 246 7 23 (0] 15 0 1%
4 ERESCBC I B AN . RIS 1A 20 pL L
e R o SAUE KL, i — P T T BB 3 P RE
2.4 HEMELH

H T RECRE Z IR s AT RCR AR 3 B AR
NG T A AR 0 as A I R S B RS R L
LA . BRI R MNAE S Frs , W& 8 il
PIF i, 228 SVM J7 35 7 1P B 42 7 i 18] T 4 4w
N T T = 4 4R A B HybridSN 3% 1 (8]
THFE R o BE T I Bl 22 28 0 T A 7E £ W T i s
i WHC %dls ™A & W 8 A % XENN
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Tab.8 Running time of different algorithms in three data sets

. Bk
B . — - - — : :
SVM HybridSN HuEtAl GCN GAT CEGCN WFCG HAMGCN
1P 3.21 62.50 32.97 3.87 4.21 3.29 5.04 5.03
BS 5.41 22.71 11.07 36.43 37.96 36.27 64. 69 52.37
WHC 52.12 914.27 799. 27 45.37 47.01 41.55 120. 16 58.17
N %7 FURHE
3 #Hig

(1) $2H T — Ff o 3% & 20 28 9 HAMGCN
Bk, BRI CONN X} 5t if HST i 17 45
T IEH TR 4, 22 T O 0 L) A B 22 ) 2% AR s AN
[e] 14 5 3 i B 73 B AN MR AR B, DL K 4 28 A 2 )
ZE AR AN AL B HST My B 535 465 BLUOR 32 U8 18

(2) B 1055 28 2 1% 121 ol 22 ) 246 7 P& 4 1 5% 5
Vel fe e A EL 03 [) ) R BE A 2800l 2 s 4E S5 HST Hp
ek 5 s (i AR B, 21 8 HL A e i 235 2
BE A A — 5 i B2 L 48 vy 1 A8 78 s ] SR BE T, [
IR VE R 7 T, HAMGCN 3k i AR i 3t - i 1
FEIT 550 FERG BRI LA o
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