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Deep convolution neural network learning based on deconvolution feature
extraction
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(School of Information and Control Engineering, China University of Mining and Technology, Xuzhou 221116, China)

Abstract: During the learning process of the deep convolution neural network(DCNN), the initial values of convolution
kernels are usually randomly assigned. In addition, the learning rule of network parameters based on gradient descent
usually results in gradient vanishing phenomenon. Aiming at the above problems, a learning method for the DCNN based
on deconvolution feature extraction is proposed. Firstly, an unsupervised two-layer stacked deconvolution neural network
is used to learn feature mapping matrixes from the original images. Then, the learned feature mapping matrixes are used
as the convolution kernels to convolve and pool with the images in a layer-wise manner. Finally, the DCNN is fine-tuned
by using the mini-batch stochastic gradient descent method with a momentum coefficient, which can avoid the gradient
vanishing problem. Experimental results on MNIST, CIFAR-10 and CIFAR-100 data sets show that, the proposed method
can effectively improve the accuracy of image classification.
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Maxout Network(k=2)+Dropout+Data Augmentation*!! 9.38
NIN+Dropout+Data Augmentation!'®! 8.81
DSN+Dropout+Data Augmentation'! 8.22
RCNN-160+Dropout+Data Augmentation'*! 7.09
DeDCNN+Dropout 8.34

TE WA 2R P e 2 R R B 4 P4 1N
BHRIATY R, g R 7 s, v LUE H: 1) H
T CIFAR-100 73 24T 55 e B2 38 I, 78 L5 B 3R1S 1
Iy AR R K5 R, {H DeDCNN 3 EUE T 31.36 % 1)
REAR R AR T BT AT 2) BT RAR R R A
R AR 3RS, dd i R & U 28 ]
D AR R

*6 MESHEE (CIFAR-100 HHEE)
LITPN . . Lt
YK BB LA PPN B WY TR
ELs 3 W % [ WIE

input 32 32 3
convl 32 32 3 192 5 1 2 32 32 192
ceepl 32 32 192 160 1 1 0 32 32 160
ccep2 32 32 160 96 1 1 0 32 32 96
maxpool | 32 32 96 3 2 0 15 15 96
conv2 15 15 96 192 5 1 2 15 15 192
ccep3 15 15 192 192 1 1 0 15 15 192
ccep4 15 15 192 192 1 1 0 15 15 192
avgpool2 15 15 192 3 2 0 7 7 192
conv3 7 7 192 192 3 1 1 7 7 192
ccepS 7 7 192 192 1 1 0 7 7 192
ccepb 7 7 192 100 1 1 0 7 7 100
avgpool3 7 7 100 7 1 0 1 1 100
softmaxloss 1 1 100 1 1 100

FT 5 AEBIZEL (CIFAR-100 3R E) 3 4 ®

7ok

I FEARFS o

Maxout Network(k = 2)+Dropoutlz 1
NIN+Dropout!!#!

DSN-+Dropout!?!
RCNN-96+Dropout!??!
RCNN-128+Dropout!??!
RCNN-160+Dropout!??!

DeDCNN-+Dropout

38.57
35.68
34.57
34.18
32.59
31.75
31.36

PRI 57 21 7 H T ML =7 2] U B i AT BB 72 05
6] 22—, REWE 5 2] BIHUHRE 1OUR /= i ZORFAIE, AT LR
JE ST RO AR L MR R BE /). DCNN I I X J=)
P8 DX IHEAT 2 AT SR 7 3] SR PR R FRFAE, A
1117 FE % B RE FE H B2 3 73 2865 5. AR S X DCNN
IR L (16 BURZ BE W LA 46 P AR 2 T B2 3] ik
] AE U RN R A i I MRS P2 /R RS I, 8t — o
BT G AR SR B TR P 26 AR R 2% 2 ST R,
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TR 9 R G AR 2% B Bl 5 3] BRI RF AL
SRR, 4 AR N B A 4R 12 5 DCNN 4 7Y
I Zr; 34k, SR B 3 8 2 B /N L U BEALAR
JEE T e 32 o 4R JBE A A ) 4% A 1R DA 3 e o FEE R 5 Il
AL 2 R Bt 5 K Se 36 45 R W], DeDCNN A
AETE 7 AL
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