BHSRE

Control and Decision

EHT IR ELE R 5P 4 B A AL BT ¥
FR, MM B, i

FIHIARSL:
TR, LA, BRE, A5 BT IR 22 AR O M 28 BOREAS A2 BT VAL, P2l S PRI, 2020, 35(8): 18871894,

TEZRIR]IE View online: https://doi.org/10.13195/j.kzyjc.2018.1700

BT BRSO HAB S EE

Articles you may be interested in

HE TR LA WL A RS P R
Deep denoising kernel mapping—based long—term prediction model

PEH 5P, 2019, 34(5): 989-996  https://doi.org/10.13195/j.kzyjc.2017.1451
— A PRI RS B B 22 R 25 DI R

Convolutional neural network training strategy using knowledge transfer

el 5Pk, 2019, 34(3): 511-518  https://doi.org/10.13195/j.kzyjc.2017.1183
TERT [ JEr 7 sk S P O ) 5l e T A 3y ik

Data pretreatment approach for crude oil hydrogen properties prediction

Pl 5Pk, 2018, 33(12): 2153-2160  hitps://doi.org/10.13195/j.kzyjc.2017.0937
BT LML TEL A 18 I RBF M S5 44 fIt A0 512

Online self-adaptive optimal algorithm for RBF network based on Levenberg—Marquardt algorithm
5. 2017, 32(7): 1247-1252  https://doi.org/10.13195/; kzyjc.2016.0887

DBN 2% ) R 7 i
Calculation for depth of deep belief network
P 5P 2015(2): 256-260  https://doi.org/10.13195/j.kzyjc.2013.1390


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2018.1700
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2017.1451
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2017.1183
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2017.0937
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2016.0887
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2013.1390

%5 35% 4 8] £ #H 5 x R Vol.35 No.8
20204 8 H Control and  Decision Aug. 2020

XE%HS: 1001-0920(2020)08-1887-08 DOI: 10.13195/j.kzyjc.2018.1700

ETREFKRESE RSB RE TG

E EL M M4 RS, HEA
GL7 TR RS T 55 B TRS6, A5 3 & 125105)

OB EARARA RN ETE R —, AR B (GAN) T LUR HE AT 225 5 B 42 b i B0dE 20 A5 A= ke
A B TE T2 PR AU SR R A7 A R A SRR AR L I FE AN R s DA OB s 35 55 el . 1 otef DA il B, 7
FE 2GR A BT 45 (DCGAN) HISERE L, 45 &5k 2 WX 4%, it — 32 -5 3 Bk 2 A i st 37 I 485 P R A A il
J5 15 RGAN. ZA¥ AR A B 1) R Ak 222 DX 24 AR 2 R I 4% 3 ) A 5 A R 2R R ) AR B I 48 5 IE AR R Al A T 25
(2 SIARAG SR HEAT DA I S, L v R P8 ke 2 I 25 ] AR HE = 1 R SO E SORE AR Rl )1 21 75 5mT BA
TN H 2% ) B A, T AR R AR B N 25 I 2R A R e AN TR I S K 4B 7E 102 Category Flower Dataset 31
P LR 2 AN IR, SR04 G I RGAN REAT AR i AR B AR 1) T

FEIA): AU PTG BRE LS IRBESE ) XHTIgR; RGAN; FID

FE 5SS TP183 RAPRERD: A

Sample generation based on residual generative adversarial network

WANG Xing', DU Wei, CHEN Ji, CHEN Hai-tao
(School of Electronic and Information Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: As one of the important methods of sample generation, the generative adversarial network (GAN) can generate
samples based on the data distribution in any given data set, but it has generated sample texture blur, unstable training
process and mode collapse in the actual training process. In order to solve the above problems, this paper proposes a residual
generative adversarial network, (RGAN) based on the deep convolutional generative adversarial network (DCGAN) and
the residual network. The sample generation method uses the residual network and the convolution network to construct
the generator and the discriminator respectively, and combines the learning optimization strategy of the positive and
negative sample fusion training to optimize the training process. Among them, the depth residual network can recover the
rich image texture and, the positive and negative sample fusion training can increase the robustness against the network
and effectively alleviate the instability of network training and the collapse of the model. This paper designs several
simulation experiments on the 102 category flower dataset. The experimental results show that the RGAN can effectively
improve the quality of generated samples.

Keywords: generative adversarial network; residual network; deep learning; adversarial training; residual generative
adversarial network; FID
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