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Image recognition algorithms based on deep convolution
generative adversarial network

LIU Lian-qiu”
(Chongqing College of Finance and Economics, Chongqing 402160, China)

Abstract: In view of the slow convergence and poor stability of traditional deep convolutional genera-
tion networks, this paper combines the Connaught kernels of multiple directions of Canny operator
and Prewitt operator on the basis of traditional deep convolution generation confrontation network. To
initialize the input picture parameters and reduce the training time, the training is divided into three
stages, each stage adopts a different loss function, thereby improving the convergence speed and rec-
ognition effect of the network and then discriminating the volume in the network after training. The
neural network is used to extract image features. The experiments of LFW and CIFAR-100 prove that
the proposed algorithm is highly feasible and effective, and provides a useful reference for generating
anti-network applications in the field of image recognition.

Key words: generate confrontation network; deep convolution; feature extraction; computer vision
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Tab.1 Convolution layer 1
Type f ] s n
CONV 7 1 1 64

x2 HBRE:2

Tab.2 Convolution layer 2

Type f ] s n
CONV 3 1 2 128
CONV 3 1 1 256

®3 HBRE3

Tab.3 Convolution layer 3

Type f 7 s n
CONV 3 2 1 128
CONV 3 4 1 256
CONV 3 8 1 256

x4 W
Tab.4 Output
Type f ] s n
DCONV 4 2 1 128
CONV 3 1 1 64
ouT 3 1 1 3
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Tab.5 Discriminator parameter table

Type f s n
CONV 5 2 64
CONV 5 2 64
CONV 5 64 64
CONV 5 2 64
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Tab.6 Experimental accuracy of CIFAR-100 image set

PN AL F R R
Gabor+ wavelet 79.42
Inception-ResNet 95.24
AlexNet 92.41
FAST-RCNN 91.22
DCGAN+ Canny+ Prewitt 96.25
WGAN 94.32

Bl 1 CIFAR-100 A i 28 ik 1R 45
Fig.1 Iterative results of CIFAR-100 generator
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Fig.2 Iterative results of LFW generator
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Tab. 7 Experimental recognition accuracy of LFW
image set

PN AL A W/ %
AlexNet 87.52
Inception-ResNet 88.74
Gabor+ wavelet 79.71
Fast-RCNN 83.31
DCGAN 82.56
DCGAN-+ Canny -+ Prewitt 89.54
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£ WILDERFACE #1 LFW 348 4 b #E47 5256,
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BERIZE LEW T80 o 4 232 3k 3] 89. 54 % , CIFAR-
100 FiKE] 96.25 % , UE B T A SCHE 9 A5 AL 7 &
GG 4 358 A T A7
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