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Vehicle Recognition Based on Multi-Layer Features of Convolutional
Neural Network and Support Vector Machine

Ma Yongjie”, Ma Yunting, Chen Jiahui

College of Physics and Electronic Engineering, Northwest Normal University, Lanzhow, Gansu 730070, China

Abstract  Vehicle recognition has a large amount of computation and complex extracted features, while the
traditional neural network has incomplete features defined by end-layer features. Therefore, we propose a new
vehicle recognition method based on multi-layer features of the convolutional neural network (CNN) and support
vector machine (SVM). Firstly, the CNN model is constructed based on the traditional AlexNet model, while the
optimal vehicle recognition model is obtained by analyzing the effect of parameter change on the accuracy. Further,
the multi-layer vehicle feature map is extracted, and a multi-attribute vehicle feature vector is formed by the serial
fusion method and the principal component analysis to enhance the comprehensiveness of the feature and reduce the
computational complexity. Finally, vehicle recognition is realized by using the SVM classifier instead of the output
layer of CNN, which improves the generalization and error-correction abilities of the model. The experimental
results reveal that the proposed method has remarkable performance in classification accuracy and recognition speed;
additionally, it has better robustness, compared with the traditional methods.

Key words imaging processing; convolutional neural network; vehicle recognition; improved AlexNet model;
principal component analysis; support vector machine
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Fig. 1 Structure of vehicle recognition method

based on MCP-SVM hybrid model
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Fig. 2 Several images of samples. (a) Positive samples; (b) negative samples
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Table 1 Seven kinds of network structures based on AlexNet
Network Image Convolution Network
C1 S1 C2 S2 C3 S3 C4 C5 S5 C6
name input kernel layer

1 28X 28 3 8 3X3 2X2 2X2 2X2 3X3 — 2X2 2X72 2X2 —
I 48X 48 S 8 5X5 2X2 5X5 2X2 4X4 — 3X3 3X3 2X2 —
Il 96 X 96 5 8 5X5 2X2 5 X5 2X2 5X5 2X2 5X5 5X5 2X2 —
v 28X 28 S 8 5X5 2X2 3X3 2X2 2X72 — 2X2 2X72 2X2 —
V 28X 28 7 8 TX7 2X2 2X2 2X2  2X2 — 2X2 2X2 2X2 —
Vi 28X 28 3 7 3X3 2X2 2X2 2X2 3X3 2X2 2X2 — — —
VI 28X 28 3 9 3X3 2X2 2X2 — 2X2 2X2 2X2 3X3 - 2X2
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Table 2 Classification performance of seven kinds of networks

Classification network 1 I Il v V Vi VI
Training time /h 5.8 11.5 68 5.2 10 6.3 7.5
Accuracy rate /% 97.82 97.62 94.00 96.92 96.72 97.87 97.76
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Table 3 Structure of improved CNN model

Convolution kernal Pooling
Layer Layer input - Convolution output - Pooled output
Size Num Step Size Mode
L1(C1-+S1) 28 X28X3 3X3 96 1 26 X 26 X96 2X2 Max 13X13X96
L.2(C2+S2) 13X13X96 2X2 128 1 12X12X128 2X2 Max 6X6X128
L3(C3+S3) 6X6X125 3X3 256 1 4 X 4X256 2X2 Max 2X2X256
L4(CDH 2X2X256 2X2 256 1 1X1X256 - - -
L5(Fcl) 1X1X256 — — — — — — 1024
L6(Fc2) 1024 - - - — — — 1024
L7(Softmax) 1024 - — — — — — 2
S T RAEAR 7 K AlexNet B A S ———————————
SE i) CNIN BRI JH T %6 3500, 4 SR A0 % 4 s, 08 | 77 s
54 CNN BUBRTHAMT o7 | - lexet sccuracy |14
Table 4 Comparison and analysis of CNN models g 0:5 i —ng?\}eiclzggacy 1,05
Method Training time /h Accuracy rate /% < 8; _;IP&);&V]%%SCNN 825
Using AlexNet model 51 96.92 8% :
Using improved model 6.3 97.87 Of !
0 2000 4000 6000 8000
P 3 P 4 AT LU L i i) ONN BB 75 Heration
UIZRA] | b AlexNet £ 81 % /b 88.63 06 [~ (51— CENNRIE SN PEI PN PR
5.8)/51 X 100%] B R L iR %uz;ﬁ%% T 0.95%, Fig. 3 Comparison of accuracies and training loss curves
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Table 5 Comparison of classification performance

of three methods

Accuracy Testing
No. Method
rate /% time /s
1 Method in Ref. [20] 98.32 88.36
2 MC-SVM 98.72 247.51
3 MCP-SVM 98.73 13.19

3.5 5HMAEMITLE
g T B R AR SCT7 ¥ R B A s s
158 Iy LA G A A 4R b AT R b ik, 25 SR 3k
6 fiim, M 6 AT LA H , CNN AL 510 % 5 4
i 5 48 5 % L aX 2 R CNINHL 5 228 ] B R 31 3 f
F 6 )y TE A RO A TR X
Table 6 Comparison of recognition rates of different

methods in vehicle datasets

Accuracy Testing
Method

rate /% time /s
Improved CNN model 97.87 184
Method in Ref. [21] 91.75 1596
Method in Ref. [4] 92.33 1046
Method in Ref. [6] 94.72 292
MCP-SVM 98.73 13
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