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Hyperspectral Image Classification Based on
Residual Generative Adversarial Network

Chen Ming ', Xi Xiangyun, Wang Yang
Department of Information, Shanghai Ocean University, Shanghai 201306, China

Abstract A hyperspectral image classification method based on residual generative adversarial network (GAN) is proposed
to address the problems of high demand for labeled samples and high classification accuracy in the process of hyperspectral
image classification. The method is based on GAN and includes: replacing the deconvolution layer network structure of the
generator with an eight-layer residual network composed of an upsampling layer and a convolution layer to improve data
generation ability; improving feature extraction ability, the discriminator’s convolutional layer network structure is replaced
with a thirty-four-layer residual convolutional network. The experiment compares the datasets from Indian Pines, Pavia
University, and Salinas. The proposed method is compared to GAN, CAE-SVM, 2DCNN, 3DCNN, and ResNet. The
results demonstrate that the proposed method improves overall classification accuracy, average classification accuracy, and
Kappa coefficient significantly. Among them, the overall classification accuracy reached 98.84% on the Indian Pines
dataset, which is 2. 99 percentage points, 22. 03 percentage points, 12. 91 percentage points, 4. 99 percentage points, and
1.79 percentage points higher than the comparison methods. In summary, adding a residual structure to the network
improves information exchange between the shallow and deep networks, extracts deep features of the hyperspectral image,
and improves hyperspectral image classification accuracy.
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Fig.1 Framework of GAN for hyperspectral image classification
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Fig.3 Flowchart of hyperspectral image classification method using residual generative adversarial network
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Structure for residual block of discriminator. (a) Block structure with convolution residuals; (b) Block structure without

convolution residuals
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Table 1 Categories and number of Pavia University
hyperspectral dataset

Class Name Color Sample
1 Asphalt - 6631
2 Meadows 18649
3 Gravel 2099
4 Trees - 3064
5 Painted metal sheets 1345
6 Bare Soil 5029
7 Bitumen 1330
8 Self-Blocking Bricks 3682
9 Shadows 947
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Fig. 9 Salinas dataset. (a) Pseudo color image; (b) ground

datum map
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Table 2 Categories and number of Salinas hyperspectral dataset

Class Name Color Sample
1 Brocoli_green_weeds_1 - 2009
2 Brocoli_green_weeds_2 3726
3 Fallow B s
4 Fallow _rough_plow 1394
5 Fallow _smooth - 2678
6 Stubble 3959
7 Celery 3579
8 Grapes_untrained 11271
9 Soil_vinyard _develop 6203
10 Corn_senesced _green_weeds 3278
11 Lettuce_romaine 4wk 1068
12 Lettuce romaine 5wk - 1927
13 Lettuce_romaine_ 6wk 916
14 Lettuce _romaine 7wk 1070
15 Vinyard _untrained 7268
16 Vinyard _vertical _trellis - 1807
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Fig. 10 Indian Pines dataset. (a) Pseudo color image; (b) ground

datum map
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Table 3 Categories and number of Indian Pines dataset

Class Name Color  Sample
1 Alfalfa - 46
2 Corn-notill 1428
3 Corn-mintill 830
4 Corn 237
5 Grass-pasture 483
6 Grass-trees 730
7 Grass-pasture-mowed 28
8 Hay-windrowed 478
9 Oats 20
10 Soybean-notill 972
11 Soybean-mintill 2455
12 Soybean-clean 593
13 Wheat 205
14 Woods 1265
15 Buildings-Grass-Trees-Drives 386
16 Stone-Steel-Towers 93
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Table 4 Comparison of classification results of ablation experiments

unit: %

GAN with residual

GAN with residual

Index GAN genenrator discriminator Proposed method
1P PU SA P PU SA 1P PU SA 1P PU SA
OA 95.85 96.59  96.57 96. 52 97.11 97.53 97.21 97.34 97.93 98.84 99.00 99.09
AA 94.10 94.42  98.02 98. 50 95.77 98.69 96.38 96.25 98.77 98.48 98.74  99.45
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Fig. 11 Hyperspectral image classification result map of Indian Pines dataset. (a) CAE-SVM; (b) 2DCNN; (¢) 3DCNN; (d) ResNet;
(e) proposed method
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Fig. 12 Hyperspectral image classification result map of Pavia University dataset. (a) CAE-SVM; (b) 2DCNN; (¢) 3DCNN; (d) ResNet;

(e) proposed method
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Fig.13 Hyperspectral image classification result map of Salinas dataset. (a) CAE-SVM; (b) 2DCNN; (¢) 3DCNN; (d) ResNet;
(e) proposed method
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Table 6 Comparison of classification accuracy of Pavia

25 Indian Pines $04 5 70 2565 B %) 10

Table 5 Comparison of classification accuracy of Indian Pines

hyperspectral dataset unit: % University hyperspectral dataset unit: %
CAE- Proposed CAE-
Index 2DCNN  3DCNN  ResNet Index 2DCNN  3DCNN  ResNet Proposed
SVM method SVM
OA 76.81 85.93 93. 85 97.05 98. 84 OA 84.28 90. 81 95.69 97.24 99. 00
AA 75.52 87.23 94.13 96.78 98. 48 AA 70. 85 86.25 94.23 96. 39 98. 74
K 75.28 84. 30 92.77 96. 63 98. 69 K 78.67 87.71 94.29 96. 35 98. 67
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Table 7 Comparison of classification accuracy of Salinas

hyperspectral dataset unit: %
CAE- ]
Index 2DCNN  3DCNN  ResNet Proposed
SVM
OA 84. 34 91.22 95.41 97.20 99. 09
AA 79.97 93.02 96.07 98.31 99. 45
K 82.52 90. 22 94.15 96.91 98. 98

4.5 XLEEZWHERSH

M HE 5~7 0] DL BT 42 07 T A 3 A Edis 4 B
OA \AA Fl Kappa RELIITE 99% 24, X)L 7 i 4
Fh I 5, 6 HAE /NREAS BCHE 4E Indian Pines I 1937 (kP
fesE , H OA 5 % 98.84%, tk CAE-SVM, 2DCNN |
3DCNN Fl ResNet J5 ¥ 43 5l & 1 22. 03 4~ A 45 & .
12291 A A 4. 99N H 8 L7940 H 43 4, AA
K B 98. 48%6 , B X L I 43 Bl v 22, 96 A EH 4y A
1125 A 40 o 4. 3540 A 43 . 1. 70 H 43 18 CAE-
SVM J5 ¥ DL AR 26 e 55 Sk B JE R, %b B304 047 fe K
o3 FE IR AE b BE 2 A S IR A 1Y Bl X R 1Y BE
145 R R A 3B 4 A OA LA A Fil Kappa 25
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B XY 56 940 56 A 17 A2 PR R A TR

$59% £ 2208/2022 F 11 A/HAERBFEHE

A3 2OKG BE 0K S5 ) L, $2 41— R A= Okt
L 000 £ 1k 2 S5 48 1) e DS PR 43 28 07 1 eI 1
25 P AEHE 43 50 AR B 55 0 S A LA i ) 2% 254
3 o A L N R A BB B LSRR 5 A iU AR TR
FKINGRFN GG, 58 o A5 o %07k S HA T AR L
TEA AR R R A m . TEZ RS
rhRE e FH S 22 1 B Ak B TR i 4y 2k i M RE .

Z % x M

[1] Liu L, Feng J L, Han L, et al. Mineral mapping using
spaceborne Tiangong-1 hyperspectral imagery and ASTER
data: a case study of alteration detection in support of
regional geological survey at Jintanzi-Malianquan area,
Beishan, Gansu Province, ChinalJ]. Geological Journal,
2018, 53: 372-383.

[2] Lu B, Dao P, Liu J G, et al. Recent advances of
hyperspectral imaging technology and applications in
agriculture[J]. Remote Sensing, 2020, 12(16): 2659.

[3] Courbot J B, Mazet V, Monfrini E, et al. Extended faint
source detection in astronomical hyperspectral images[J].
Signal Processing, 2017, 135: 274-283.

[4] Cristébal J, Graham P, Prakash A, et al. Airborne
hyperspectral data acquisition and processing in the
Arctic: a pilot study using the hyspex imaging spectrometer
for wetland mapping[J]. Remote Sensing, 2021, 13(6):
1178.

[5] Bo CJ, LuH C, Wang D. Spectral-spatial K-Nearest
Neighbor approach for hyperspectral image classification
[J]. Multimedia Tools and Applications, 2018, 77(9):
10419-10436.

[6] XuSY, LiuSZ, Wang H, et al. A hyperspectral image
classification approach based on feature fusion and multi-
layered gradient boosting decision trees[J]. Entropy,
2020, 23(1): 20.

(7] ¥ia#E, PRti, £, & —Fpik T AR DUk i 4y 26

R A v D % A R U O s (0. g H ok
#r, 2014, 34(2): 505-509.
He J X, Chen S B, Wang Y, et al. An accurate approach
to hyperspectral mineral identification based on naive
Bayesian classification model[J]. Spectroscopy and Spectral
Analysis, 2014, 34(2): 505-509.

[8] Chen Y N, Thaipisutikul T, Han C C, et al. Feature
line embedding based on support vector machine for
hyperspectral image classification[J]. Remote Sensing,
2021, 13(1): 130.

[9] Chen G Y. Multiscale filter-based hyperspectral image
classification with PCA and SVM[J]. Journal of Electrical
Engineering, 2021, 72(1): 40-45.

[10] ¥te, skme®, skE =, 4 3B B 5 KNN #5561k

R R R Oy 2607 ik (0] 4 WY UE R, 2019, 31(1):
22-32.
Tu B, Zhang X F, Zhang G Y, et al. Hyperspectral
image classification via recursive filtering and KNN[J].
Remote Sensing for Land &. Resources, 2019, 31(1):
22-32.

2210008-8



$£59% F228/2022F 11 B/HXEXETEHE

[16]

(18]

[20]

XU, KRR, SR, S KT PR A R B
i B R 5 2607 R T]. P IEHOE, 2021, 48(9): 0910001
Liu J M, Zheng C, Zhang . M, et al. Hyperspectral
image classification method based on image reconstruction
feature fusion[J]. Chinese Journal of Lasers, 2021, 48(9):
0910001.

Vaddi R, Manoharan P. Hyperspectral image classification
using CNN with spectral and spatial features integration
[J]. Infrared Physics & Technology, 2020, 107: 103296.
Sellami A, Ben Abbes A, Barra V, et al. Fused 3-D
spectral-spatial deep neural networks and spectral
clustering for hyperspectral image classification[J]. Pattern
Recognition Letters, 2020, 138: 594-600.

Venkatesan R, Prabu S. Hyperspectral image features

classification using deep learning recurrent neural
networks[J]. Journal of Medical Systems, 2019, 43
(7): 216.

Liang H B, Bao W X, Shen X F. Adaptive weighting
feature fusion approach based on generative adversarial
network for hyperspectral image classification[J]. Remote
Sensing, 2021, 13(2): 198.

Tk, B E . 3 F U DenseNet f 75 §if i 2% 71 MLl
) 85 O 1 P8 4 26100 Ot 50 T AR kR, 2022, 59
(2): 0210014.

Wang X, Fan Y G. Hyperspectral image classification
based on modified DenseNet and spatial spectrum
attention mechanism[J]. Laser &. Optoelectronics Progress,
2022, 59(2): 0210014.

RHIR, LA, RBIMR, 5 H TP 5k B ) pi
28 W 45 1Y O T LR oy 26 [T, DA Sl 2021, 41(3):
0310001.

Zhang X D, Wang T J, Zhu S J, et al. Hyperspectral
image classification based on dilated convolutional
attention neural network[J]. Acta Optica Sinica, 2021, 41
(3): 0310001.

He K M, Zhang X Y, Ren S Q, et al. Deep residual
learning for image recognition[C]//2016 IEEE Conference
on Computer Vision and Pattern Recognition, June 27-
30, 2016, Las Vegas, NV, USA. New York: IEEE
Press, 2016: 770-778.

Zhu L, Chen Y S, Ghamisi P,

adversarial networks for hyperspectral image classification

et al. Generative
[J]. IEEE Transactions on Geoscience and Remote
Sensing, 2018, 56(9): 5046-5063.

Shao Y, Lan J H, Liang Y Z, et al. Residual networks

[21]

[22]

(23]

(24]

[25]

[26]

[27]

(28]

[29]

[30]

2210008-9

with multi-attention mechanism for hyperspectral image

classification[J]. Arabian Journal of Geosciences, 2021,
14(4): 1-19.

Li H C, Wang W Y, Ye S H, et al. A mixture
generative adversarial network with category multi-
classifier for hyperspectral image classification[J]. Remote
Sensing Letters, 2020, 11(11): 983-992.

Goodfellow 1 J, Pouget-Abadie J, Mirza M, et al.
Generative adversarial network[EB/OL]. (2014-06-10)
[2021-02-05]. https://arxiv.org/abs/1406.2661.
Shyamala D M, Sagar A, Thapa K, et al. Activation
layers implication of CNN sequential models for facial
recognition[J]. TOP  Conference Series:
Materials Science and Engineering, 2021, 1074(1): 012030.
Srivastava N, Hinton G E, Krizhevsky A,

Dropout: a simple way to prevent neural networks from

expression
et al.

overfitting[J]. Journal of Machine Learning Research,
2014, 15(1): 1929-1958.

LT, SKE, SREE, A BT IR B A B 4 I 2% 11
PG o3 B AR [T, B2 4IL, 2018, 29(4): 926-934.
Peng Y L, Zhang 1., Zhang Y, et al. Deep deconvolution
neural network for image super-resolution[J]. Journal of
Software, 2018, 29(4): 926-934.

Ahmad M, Mazzara M, Distefano S. Regularized CNN
feature hierarchy for hyperspectral image classification[J].
Remote Sensing, 2021, 13(12): 2275.

Tarabalka Y, Fauvel M, Chanussot J, et al. SVM-
and MRF-based method for accurate classification of
hyperspectral images[J]. IEEE Geoscience and Remote
Sensing Letters, 2020, 7(4): 736-740.

LiJJ, CutR X, Li B, et al. Hyperspectral image super-
resolution with 1D - 2D attentional convolutional neural
network[J]. Remote Sensing, 2019, 11(23): 2859.

TME, BE . P 3D-CNN &5 & U B ) 4 45 U
6% AR 4 K [I/OLL iF B LR % 5 W% 1-12
[2021-06-02]. http://kns. cnki. net/kems/detail/11.5602.
TP.20210429.1136.004.html.

Wang Y, Liang Q. Fast 3D-cnn combined with depth
separable convolution for hyperspectral image classification
[J/OL]. Journal of Frontiers of Computer Science and
Technology: 1-12[2021-06-02]. http://kns. cnki. net/
kems/detail/11.5602.TP.20210429.1136.004.html.
Meng Z, Zhao F, Liang M M, et al. Deep residual
involution network for hyperspectral image classification
[J]. Remote Sensing, 2021, 13(16): 3055.


https://arxiv.org/abs/1406.2661
http://kns.cnki.net/kcms/detail/11.5602.TP.20210429.1136.004.html
http://kns.cnki.net/kcms/detail/11.5602.TP.20210429.1136.004.html
http://kns.cnki.net/kcms/detail/11.5602.TP.20210429.1136.004.html
http://kns.cnki.net/kcms/detail/11.5602.TP.20210429.1136.004.html

	1　引 言
	2　基本原理
	2.1　生成对抗网络
	2.2　残差结构
	2.3　激活函数
	2.4　Dropout过拟合抑制方法

	3　残差生成对抗网络的高光谱图像分类
	3.1　残差结构生成器模型
	3.2　残差结构判别器模型

	4　实验结果与分析
	4.1　实验数据集
	4.2　实验对比方法介绍
	4.3　消融实验结果与分析
	4.4　对比实验结果
	4.5　对比实验结果分析

	4　结论

