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Classification of Hyperspectral Remote Sensing Images
Using ACGAN and Fusion of Multifeature
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(College of Computer Science and Technology, Huagiao University, Xiamen 361021, China)

Abstract; In oder to solve the problem for lack of labeled samples, improve the classification accuracy and en-
hance the fault tolerance of the model, a hyperspectral sensing image classification method based on auxiliary
classifier generative adversarial network ( ACGAN) is proposed. Firstly, the pre-trained ACGAN model is
treated as a spectral feature extractor, and the texture features of the image are extracted by local binary pat-
tern (LBP) algorithm. Then, the spectral features and texture features are merged and calssified by convolu-
tional neural network (CNN). Experiments on two widely used datasets show that compared with other meth-
ods, the proposed method can significantly improve the classification accuracy.

Keywords: hyperspectral image classification; generative adversarial networks; local binary pattern; convolu-

tional neural networks
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Fig. 2 Structure of generator network and discriminator network
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Fig. 6 Relationship between batch-size and training sample rate and classification accuracy

T ACGAN R BV A 43 28 245 S0 B HLUR WA 0 M W11 7 B, ph T 7 ) 2 3 R 43 JEOKG B
0. 969, V-2 43 ZEHE B Ky 0. 947, Kappa RELHN 0. 965K I ACGAN #5 R Xf 5 6 1% K 647 43 28 W] 3k A%
B RAEE, T bR OB A RO D, B R 2 TE N R FE AR 300 0. 10 MME LR 28 1,7 A1 9
FFEAI 53 FNE BE AR 5 R R 3K 3 2R A BOR A A5 R TE AN BB 4 10 L RS A b2 ) B2 b ) o6 1%
(PN FERFAE. 3T DA 2% 58 7R B8 /0 8 A A 28 501 FL 3 Al 2 ) 1 D1 R AR 36 A 4 0. 10 S B0 R L 10K
1,7 F19 35X 3 MU SRREA Sl JFOR A 4,2, 2 A4 FB RGN E] 5 A, B 7 SN GRbEA S 1t 4 28 25 51 T 1
TG HFE, I 8 Bn. & 8 W AR /2GR 0. 982 0, P33 25 5k 0. 967 9, Kappa RN
0.979 55 ZEMK /D Hb 38 Jin /D AR A S 3 1 I R AR B RGBT SR 1A 2R0Ks 1 1B 25 4 T

Tl - T

= .
. .

n IR
i ‘ J!
(a) Jr2RGER (b) VR ¥ 4 B (a) SR (b) VR ¥ 4 BE
& 7 Indian Pines 432K 45 5 ¥ K 8 R4 dE )5 1Y Indian Pines 432545 &
Fig. 7 Classification result of Fig. 8 Classification result of Indian Pines after
Indian Pines fine adjusting the training samples

1 Pavia University 0454 , A1 25 500 IR, 5025
KEEETT 3K 0. 962 5, H AP R i 9 . i &1 9 w1
X F REEALE S ACGAN 50 8 MEBE MK SR Bty (ALER 3
KU BRRER 53153 AR 8 He b fite (T 9 o Jy AE IX 880, 3% i
H T D T PR 5 S 0[] i A (] 40 S i ) B 4 3 Y

B DL B S5 ml A . ACGAN A5 TR X BE AR FRAIE 1) 2% 2] g
JI8E A D M K SRR AS L RE AR ARG B BT R T X
F B ACGAN 7E = 63 28 2% KR b K HoAth 4y R 4008 1 A

AT ATRE O HLAT ARG BT 19 53 SRR (@ A5 (b> 7325
2.3 SR ZERHESKZRL RS 49 Pavia University SRR AR

Fig. 9 Classification result of Pavia University

Indian Pines $4f 4 53 28 45 2R JOH B Xt b, W& 10 F0
3 iR, BB 10 F1k 3 A1 : ACGAN-LBP-CNN 432 v, Ff CNN #EA7 635 25 R RHAE 43 JE B I 25
BT 50 Y, HAUINZRFEA R AT FEARE 0. 05CHE 1.7,9,16 3X 4 M RFEA B 2 5 45 L Bl ZR A
O 517 MR ECh 9 7320 1 FIUIZRUBORIIN 5 48 1 0/ L B R 1Y) 3 BRI 3 /)N L 3B AT R ] B 22 B
BREAG. R 10 REEE — MG 25 R kB, OA BPEBME B H] 0. 979 8. 41t ACGAN 4 28 1 27+

http: / www, hdxb. hqu. edu. cn



118 A R e Al CA R B 2R O 2019 4E

3.5206. A& 10 W1 ACGAN B RIFE A HEAT 25 [A] B (9 05 B0 T - A T 3R 45 beF B ) 3SDBF-GANs
U 70 HNE L K ACGAN A Dy SU B AL $ O (8 ] CNIN BEAT 2028 o D0 T 4 (8 0 i ks 016 % i it
17032 s OB AE R A L AT 3R TH 73 SRS L

(a) 3DBF-GANs (b) ACGAN (c) ACGAN-CNN (d) ACGAN-LBP-CNN
B 10 Indian Pines $i(4E 4 /328 45
Fig. 10  Classification result of Indian Pines data
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Tab.3 Comparison of accuracy in different classification methods

- Indian Pines Pavia University
OA AA Kappa & % OA AA Kappa % %%
3DBF-GANs 0.756 2 0.810 5 0.722 3 0.779 4 0.813 6 0.713 2
ACGAN 0.952 7 0.956 2 0.945 9 0.962 5 0.917 0 0.950 1
ACGAN-CNN 0.978 6 0.966 7 0.975 6 0.985 8 0.975 3 0.981 2
ACGAN-LBP-CNN 0.990 6 0.987 4 0.989 3 0.988 3 0.982 4 0.984 4

Pavia University 30344024508, 32 3 flE 11 Fizs. fE 11(h), (o A6 ACGAN F 75 4%
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Fig. 11 Classification result of Pavia University

2.4 S5EMHEFEILS T

2 A% % F, X ACGAN, ACGAN - # 4 Pavia University 73 245 8K BE X [E
CNN, ACGAN-LBP-CNN, Pixel-CNN, SVM 5 Tab. 4 Accuracy comparison of classification results
RO 7 3 MEAT 92 B0 XY HE 4P BT £ Indian Pines at Pavia Dniversity
B LGS T R0 (16 26 15 FUR R R PRIk OA AA__ Kappa RM
" N ; o o " ACGAN 0.9625 0.9170  0.950 1
P BESL 2 A5 926 31 (9 23X 2 Bl B i ' ' '
jg%iﬁ%&&%& 15' E/b_‘%JW SO ﬁ'?ﬂ%m ACGAN-CNN  0.9884  0.9795  0.984 6
s JH R, Pavia University B4 1 [ 73 JE 25 Pixel-CNN 0.990 6  0.9835  0.987 5
KGRI N3 4 FE 12 s, 3 4 7740 . %) SVM 0.9864  0.9790  0.982 0
0.9897  0.9828  0.986 4
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Fig. 12 Different classification algorithm result of Pavia University
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Tab.5 Accuracy comparison of sample classification results

- 16 2% Indian Pines F£7< : 9 2% Indian Pines FE74< :
OA AA Kappa £ %X OA AA Kappa %%
ACGAN 0.982 0 0.967 9 0.979 5 0.984 6 0.986 1 0.981 9
ACGAN-CNN 0.989 7 0.988 3 0.988 2 0.988 3 0.990 2 0.986 3
Pixel-CNN 0.956 9 0.961 2 0.950 8 0.962 1 0.960 0 0.955 5
SVM 0.968 4 0.966 9 0.964 0 0.965 9 0.955 9 0.959 9
ACGAN-LBP-CNN 0.990 6 0.987 4 0.989 3 0.993 5 0.995 2 0.992 4

3 HRIF

b Xof G R SR AR o S I 2 T ACGAN 1 6 1% S FLARAE il 75 ) ACGAN-LBP-CNN Jy
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GAN BRI 51 i 3R BUREA B G FR Al SR 45 R 3R W - $2 th 9 ACGAN-LBP-CNN J7 35 X /IR AR Al
22 2 1) v I TR 20 S I LA A58 i 119 23 S M R o AN B2 R AT 25 W R0 B 0 % 25 AL B fj 4k 1 5
FPAE s R NBIEN] T ACGAN BERULE G PR 45 0 IS A5 R E A RAF 19w AT 1 A L R iR GAN,
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