LR SR ISSN 1003-3254, CODEN CSAOBN
Computer Systems & Applications,2024,33(2):13—22 [doi: 10.15888/j.cnki.csa.009388]
O ERFEBE AT B TR .

E-mail: csa@iscas.ac.cn
http://www.c-s-a.org.cn
Tel: +86-10-62661041

. B > e =
ET Wasserstein 12 E 54 B ME B S
3ife \D
5B &Gy
S, H O E, sk
(B TR TR S TR, B AT 210094)
2(FE B LK 2 I 2 B, B 5 210003)
BEEE S E, E-mail: caoguo@njust.edu.cn '\
O AR, H T AR OB N 4 1 e R R A S VRS T AR e AT B T LR IR A A R Y
1] 5, (L2 25 5 52 B S5 580 A P (0 B, 3 L7770 2 95 10 L. v 2 1) 2 £ 7 — b e e i 4R )
K] SPCA-AD-WGAN . 155, Ry 1 fift ok I SR B0 AT 185 S 00 SR FRAR A ) 7L, 78 n 7 By o0 2 88, 5
590 8% 73 F N, FLUk, B Wasserstein P 5] N R2%, DLEEMR GAN R 7Y j 1ot ) o) 2L, 76 > HST 203 45 _E (15256
4 LKW, SPCA-AD-WGAN E A5 F 4T [ 5r M RE.
SR PG R AR 22

v

5 g %i@‘ﬂﬂﬁ%ﬁ%ﬁ%? Wasserstein 2 55 5 4 B BL X 45 1) 5 06 1% BG4 25 HHL R SE M FH,2024,33(2):13-22. http:/www.c-s-
a.org.cn/1003-3254/9388.html

Hyperspectral Image Classification Based on Wasserstein Distance and GAN

YAN Yuan-Xiang', CAO Guo', ZHANG You-Qiang’

'(School of Computer Science and Engineering, Nanjing University of Technology, Nanjing 210094, China)
*(School of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract: In recent years, significant progress has been made in the classification of hyperspectral images (HSI) based on
generative adversarial nets (GAN). Although they can alleviate the problem of limited training sample size, they are easily
affected by imbalanced training data and have the problem of pattern collapse. To this end, a SPCA-AD-WGAN model
for HSI classification is proposed. Firstly, to address the issue of reduced classification accuracy caused by imbalanced
training data, the study adds a separate classifier and trains it separatély from the discriminator. Secondly, it introduces the
Wasserstein distance into the network to alleviate the GAN'model éollapse. The experimental results on two HSI datasets
indicate that SPCA-AD-WGAN has better classification performance.
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i, BRI 2802 W CHR[22,27]. X T 3DGAN, 1 H
KNHg 64x64 [HARIR, #40m N EHEIH— 1L 2I[-0.5, 0.5]
14930 BBl P . LAt Bl 5 25 1 S 50 1 AT A R SCHR[25]
IR b, 4% 3 o A ITIE AN RO AT B T AR SR
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H ) SPCA-AD-WGAN, H| 358 D 54 s 8% C iy # 1 Indian Pines H{Hf £E A I ZRA0II U5 3 12
ZH0f6 il RMSprop 116 384T 10 1 432648 € 16 ak i bl B
alta
Adam AL B BATIAL. X TP EHELE, epoch M4 2 Corn notill 43 1385
WE N 500 N, 2= )W E N 0.0002, EGEHETR/ANE 3 Corn mintill 25 805
N 4 Corn 7 230
B9 64x64. 5 Grass pasture 14 469
3.3 9‘23@25 6 Grass trees 22 708
A CAE Indian Pines 34 45 HF BEALIE % 307 AN ; Grass pas“‘;e m"‘(‘l""d 114 42674
How wi
YiFEA (AR L 1), 75 Pavia University $04 48 41 ) R 1 o
HLIEFE 1000 NMIGFEA (RARILER 2). & 3. K45 10 Soybean notill 29 943
SRR T B M A TR 1) SPCA-AD-WGAN J ! Soybean minil L% e
. . ) o, N 12 Soybean clean 18 575
TEAE WA B 55 1 100~ 35 43 SROKE 5 R0 AR B 1R A o 22 . 13 . Wheat - 6 199
KM OIRT T RN BB R, 5 317052 14 L ) ‘Woods 38 1227
S (18 4k 15 _ Buildings grass trees 12 374
04 A4 R Kappa %ﬁm /E" 16: Stone steel towers 3 90
3.3.1 Indian Pines £ 455 5050 45 1 Total 307 9942

Indian Pines i&ﬁ%ﬁ@ﬂll?ﬁ*ﬂ?}ﬂﬂiﬁﬁjiﬁéﬂﬁ 1.
%% 3 %R 1 Indian Pines ZdfE SR AV IRETR. | 9 SR

2 Pavia University 2R 4 H B I ZR A5 25 130

No. Class Training Testing
T #2875 154E Indian Pines ¥ 5 L1970 FBCR. AL 1 Asphalt 155 6476
SR 77 04 BBT 91.74%, A4 EF T 83.77%, i MeadO‘lVS ‘:36 12802103
Kappa FHH 90.79%. HLCE: T 5y M BT : e . Y900
ADGAN M 2% A H I JTVAE AA. OA- Kappa 5 Painted metal sheets 31 1314
ZH 3 AT HEH 1.52%. 4.61%- 0.66%. A 6 Bare soil 8 4911
o Akem Aem 7 Bitumen 31 1299
# ) SPCA-AD-WGAN f£ 16 P2 H4 10 425 8 Self-blocking bricks 86 359
(TR 236 B v 3K U BH AR SCHR HH 1 7 VR AE S AR 7 kG 9 Shadows 22 925
7 TS T 5 B ) 28R Totl P 41776
T 3
%% 3 Indian Pines (¥4 0 FHAEE (%) \
Class 2DCNN 3DCNN 3DGAN SpectralFormer ADGAN Proposed
Alfalfa 22224936 20.49+7.89 32.32+164 1.3 49.65+33.4 53.33£25.6
Corn notill 69.45+4.67 59.03 346.66 79.57+3.97 | 45.6043.54 87.3045.43 88.9443.95
Corn mintill 73.9148.55 58.72+7.79 86.49:6.24 39.95+4.50 87.96+5.88 88.23+5.41
Corn 43.5348.53 34.445.18 84.03+10%8 14.96+4.25 84.8848.57 86.76+5.96
Grass pasture 68.66+11.7 51.24+9.70 84.34+6.53 27.49+10.2 87.9849.23 89.1248.14
Grass trees 90.73+4.27 84.15411.9 89.84+1.29 86.0945.91 93.39+2.96 93.19+2.69
Grass pasture mowed 47.69+20.0 " 19.75+7.81 51.52427.0 4.63+5.04 31.48+43.0 60.8726.9
Hay windrowed 93,56:+4.38 97.24+3.36 96.53+1.3 95.83+2.27 97.28+4.22 96.98+4.01
Oats L 43.42+146 27.48+13.1 50.24+15.1 15.34+15.0 27.63+38.0 57.89421.5
Soybean notill 79.2441.85 63.00+13.9 85.3245.90 65.67+4.48 93.37+3.53 92.37+3.74
Soybean mintill 86.07+3.54 80.95+7.32 93.212.46 69.62+3.38 95.5242.74 94.63+3.03
Soybean clean 62.57+7.28 48.44+9.26 69.47+10.8 30.97+8.04 86.18+5.88 88.35+5.41
Wheat 86.18+10.4 80.9149.68 82.6446.64 85.2248.72 84.44+19.8 84.92415.7
Woods 95.3142.06 83.60+11.7 95.38+2.76 88.96+4.67 97.38+1.89 97.41+1.79
Buildings grass trees 82.595.06 58.73+7.88 82.36+8.60 36.92+9.04 87.80+7.90 89.78+6.58
Stone steel towers 77.50+11.4 47.41£18.1 63.53+15.8 87.87+10.9 74.27+23.7 77.61£19.6
04 80.10+1.34 69.67+3.80 86.84+2.00 61445131 90.21%1.33 91.74+1.42
A4 70.16+2.28 57.23+3.16 76.67+3.24 49.76£1.38 79.16+4.14 83.77+3.51
Kappa 77.2541.51 65.07+4.36 84.97+2.26 55.77+1.48 90.1341.21 90.79+1.19

TENZAE AR D (128 5 i Alfalfa. Corn. Grass
pasture mowed 1 Oats, A SCHE )7 VE UG T f T 71

KB, A RER T 53.33%. 86.76%. 60.87%. 57.89%.
Pbi F HA R 728051, 43 E T 3.68%. 1.88%-
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9.35%. 7.65%; HLLE T ADGAN 4%, fEREAE /DI
) IR 53 R A ORI FE 3R T, IX R W, FEFE
AHEBD WA, A AR KR T LA 12 AL
A, AN R AR BB IR 22 R IR AR 3 i B A 7
AJ DL ) 3 I SR A I A BURFAE, ZE VI ZRFEAR B 1
25 Pt e A R e B B ) HST AR AR, 13 13 B A8 =X A vt
] A3 T 22 A
3.3.2 Pavia University £ 8 5256 45

Pavia University 4 £ B9 I R AR A 0w W
2. %% 4 IR T Pavia University ZUHE4E 1070 2845 1.
Kl 10 &R 7 & 2775 1E Pavia University 203545 111
SRR, AR T 04 B3] T 96.89%, A4 1k
BT 95.76%, Kappa ZE0N 96.34%. HILLEET Ak 2

FEFEBUT ) ADGAN %8, AR SCHEH I JTVETE A4S OA.
Kappa Z503 AN J7H > s 1.51% 1.05%. 1.13%.
NRTT S, AR SCEEH B 5 EIUS T B 1 NG .
TEVIGFEARECD 25 (40 Bitumen), [ T 3DGAN
WX, HoAth () 77 VAR T 89%; 1A SCHE H Y 5 v B
T NG R AT ADGAN %8, FEFEAES
D PRI IR 53 R PE AT LA B 3Tt X R, X
T Pavia University 2488 P FEARZE D 1200, AR
FHHCERTT AAE 2 AR AR, T \%REE&%&%E&%
KRR, %ﬁﬂﬁ’l‘iﬁﬁ%ﬁﬂi FEH I 7V AE I 25
REAED 192 BB, BT 5 v T A2 S B3
A 10 A TR, BILATE 1 2B A e (25 3 o
A e TR 1) HSTREAR, A7 30 T R 35t 1) 1] .

#* 4 Pavia Universi‘ty BB BRI (%)

Class 2DCNN 3DCNN 3DGAN SpectralFormer ADGAN Proposed
Asphalt 95.5342.06 & = 96.10+0.84 93.98+0.51 87.40+2.84 92.36+1.33 94.57+0.94
Meadows 9833+1.16 98.75+0.48 99.44+0.08 96.71£1.65 96.18+0.45 96.34+0.54
Gravel ) ' i 82.15+4.63 83.87+3.15 78.16£3.18 66.54+6.07 91.49+1.45 92.51+1.17

Trees 97.09+1.13 97.58+0.72 84.91+1.22 92.61£2.54 97.29+0.25 97.13+£0.31
Painted metal sheets 97.65+5.79 99.95+0.06 99.27+0.33 100.00+0.0 98.54+0.16 98.67+0.19
Bare soil 84.69+11.7 86.72+4.34 96.81+0.67 29.63+8.53 96.37+0.27 96.94+0.26
Bitumen 85.41+4.68 82.47+3.17 92.28+2.50 42.46+20.0 88.40+1.54 92.82+1.13
Self-blocking bricks 95.53+£2.93 94.24+0.91 92.47+1.59 86.13£3.0 95.75+1.25 95.59+1.35
Shadows 90.77+11.2 97.10+2.01 80.03+4.04 95.96+3.18 96.02+0.26 97.34+0.29
04 94.58+1.76 95.22+0.44 94.94+0.32 83.10+0.86 95.38+0.54 96.89+0.39
AA 91.91£1.98 92.98+0.83 90.82+0.85 77.49+2.92 94.71+0.35 95.76+0.33
Kappa 92.77+2.41 93.62+0.61 93.92+0.76 76.85+1.31 96.34+0.27

(e) SpectralFormer

(f) ADGAN

9521041

(g) Proposed

K 9 Indian Pines #0545 7 F 3R K

3.4 JHRASIIG

PEH Rl S 36508 43, AR SCH 3 o) B i ASE B o ) 42 U
TR R SER AR SO b 3 MR HEAT LU AR,
55 1) ADGAN; 2) AD-WGAN, 7£ ADGAN [f]3&
fiti_ F 51 N\ Wasserstein i 2; 3) SPCA-ADGAN, s& 5 7E

20 %it+ZfiA Special Issue

ADGAN [ 5l 32 H SPCA Ty 725t Bdis 338 17 b 44 ;
4) SPCA-AD-WGAN. AR P FH RS2 58 4575 Indian
Pines 5 Pavia University MM 46 LT, 408 &
5ot R AR — 5

5. R 6 HRARIMIEERA B E L1
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SRR G, I SR g R T LUR I, 1E Pavia
University £t#54E - AD-WGAN fE 04, AA. Kappa
A3 A TTIH HR T 3R T T 0.65% 0.59%-
0.70%; SPCA-ADGAN 7£ OA. AA. Kappa %% 3 1>
J7 T B 7953 MR TE T 0.46% 0.22%- 0.11%;
E Indian Pines #(#i 4 - AD-WGAN 7E 04+ AA4.

(c) 3DCNN

(a) Ground truth

(b) 2DCNN

(d) 3DGAN

Kappa %03 A5 T ECJE 5 VE 5 W4T T 0.98%.
2.21%. 0.54%; SPCA-ADGAN 7£ OA. AA. Kappa %
B 3 AT BRI AR T T 0.33% . 0.90%.
0.18%. IXPLHA T A SCHE A 7 VERIA k. AR, Jd
it SPCA-ADGAN 5 AD-WGAN b #¢, 7] LLR B 5]
N Wasserstein 255 7328 45 B H TH 8508 5 in 2. 3%

(¢) ADGAN

(f) SpectralFormer (g) Proposed

& 10 Pavia University %445 7> 801 &

#
%

# 5 IndianPines A TH BRI H (%)

Ji 04 AA Kappa
ADGAN 90.21 79.16 90.13
AD-WGAN 91.19 81.37 90.67
SPCA-ADGAN 90.54 80.06 90.31
SPCA-AD-WGAN 91.74 83.77 90.79

% 6 Indian Pines 484 1 Al SR L0 T LY (%)

JiE 04 AA Kappa
ADGAN 95.38 94.71 95.21
AD-WGAN 96.03 95.32 95.91
SPCA-ADGAN 95.84 94.93 95.36
SPCA-AD-WGAN 96.89 95.76 96.34

4 4“5

ASCH T AT HSI 49280 SPCA-AD-WGAN
W 74 %7 1 P SPCA W V344 1 e W B 34
1TBRYE; £ ADGAN W% (3650 I, 5IN T S 432
W, FIF AN 9 HAT 55 RN, K Wasserstein 2 59 5]
OB ) ) 2% 5 A AR I K, B AR GAN 4%
7E ARS8 103 i 0, 338 7 R v 5 v Ol 1 AR 11 43 2
¥5F%. 7£ Indian Pines. Pavia University P> = G i 44
e BT 1S, 5K, ASCHE 77725 2DCNN,
3DCNN, 3DGAN. SpectralFormer. ADGAN #tt, #2
K 77 3 AR SRR T B 1 R T, FERE AR E R
AR AIAB AR T R S5 R, E B T AR SR ik
A .

SE 30k
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