$as B 5 2R A M S Vol. 45 No. 5
2018 4F 5 A COMPUTER SCIENCE May 2018

ETRESRHEN B EEITH

A F Iog HEMOAXA I OW
RN AFEETRFR AN 450000 P AFHEL AL FR AN 450002)

H OE BAATARANZERNEWERNRNAZALRANAMERAERERG, AREMEL I 40 242 R A
B REBAMELRTBRGRESZEFHE, T, 38— TERELERAZM % (Deep Convolution Neural
Network, DCNN) #5 42 BB 1% 4% 42 69 77 3% , i5 JERARAY B W 3K TR R0y B AR AT R &) 5L 08 B 9R A £
AMey A, XPRAAEGEEF IER Calle, 2 F AlexNet 25 MR B TR EEAAN 2 M & A, 5 5 5 % A4 84
BEHEATI %, 5t 54 % CNN £ x# /74, R4 R 27, DCNN W & A2 o) Fk 3 T 96. 9%, e a5 %

AREMERF,
X ARAMZEM%G, EMRANEEFE
hEESES TPI1S3 XHRFRIRAS A DOI 10.11896/j. issn. 1002-137X. 2018. 05. 048

Vehicle Type Recognition Based on Deep Convolution Neural Network
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Abstract The accuracy of traditional convolution neural network recognizing the vehicle model is not high when recog-
nizing similar models,and the gray scale of image can only be used in the network training with the loss of color infor-
mation of the image. Based on this,a method of extracting image features based on deep convolution neural network
(DCNN) was proposed. The deep convolution neural network is used to carry out network training for the vehicle model
with complex background,so as to achieve the purpose of recognizing models. In this paper, by using advanced deep
learning framework Caffe,a deep convolution neural network based on AlexNet structure was proposed with the trai-
ning of the image of vehicle model and the comparison with traditional convolution neural network. The experimental re-
sults show that the accuracy rate of DCNN network model can reach 96. 9% with a higher accuracy.
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Fig. 1 Overall flow chart of deep convolution neural network
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Table 1 Parameter setting of AlexNet network
Type Filter Size Stride padding OutputSize
InputData  Color image 224 % 224 % 3
Convl - 77 4 0 55 % 55 % 96
Pooll Max pooling 3*3 2 0 27 % 27 % 96
Conv2 — 5% 5 1 2 27 * 27 % 256
Pool2 Max pooling 3% 3 2 0 13 % 13 * 256
Conv3 — 3% 3 1 1 13 %13 * 384
Conv4 — 3% 3 1 1 13 %13 * 384
Convb - 3% 3 1 1 13 % 13 % 384
Pool5 Max pooling 3*3 2 0 6 %6 %256
Fc6 — — — — 4096
Fe7 — — — — 4096
Fe8 — — — — 1000

Softmax with loss
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Fig. 3 Convolution layer structure of singel channel
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Fig. 6 Over-fitting phenomenon
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using Dropout
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Table 2 Classification results of common features by

classification algorithm

a#%%  LDAUENN  SVMI?! Random forests™'#)
Color 0.929 0.824 0.931

Lppt' 0.781 0.773 0.817

SIFT 1! — — 0.802

HOG 0.574
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Table 3 Comparison between our method and others
VRS WHF/%
CNNH7 92.5
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Table 4 Comparison of recognition rates in different paths
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