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Vehicle Type Recognition Based on Combining Local Binary Pattern and
Hu Matrix Feature
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Abstract The vehicle type recognition algorithm which combines local binary pattern (LBP) and Hu matrix feature
is proposed. LBP feature can describe the local texture of vehicle. Hu matrix features are global features, and can
reflect the shape contour information of the vehicle. The recognition algorithm of the fusion of LBP and Hu matrix
can describe the vehicle type characteristics. The vehicle recognition system is constructed by using the proposed
fusion feature extraction method and the support vector machine classifier. The fusion algorithm achieves better
performance than the single feature algorithm, and improves the vehicles recognition rate.
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Table 1 Comparison of testing results

Vedio 1 Vedio 2
Detection Algorithm  Total number of Rate of Number of  Total number of Rate of Number of

detected vehicle detection /%  error detection detected vehicle detection /%  error detection

Frame difference method 30 85.7 6 49 87.5 10
AdaBoost algorithm 35 100 5 53 94.6 6
Proposed algorithm 35 100 1 53 94.6 1

# 2 AdaBoost Bk 5 A S5 5 K B L A

Table 2 Comparison of the detection velocity using AdaBoost and proposed algorithm

Detection algorithm Vedio 1 detection velocity /(ms/frame)  Vedio 2 detection velocity /(ms/frame)
AdaBoost algorithm 160 191
Proposed algorithm 71 86
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Fig. 2 LBP features. (a) Small vehicle; (b) medium vehicle; (c¢) large vehicle
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Fig. 3 Hu matrix features
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Fig. 4 Training sample images. (a) Class A vehicles; (b) class B vehicles; (c¢) class C vehicles
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Table 3 Algorithm performance of different combinations of fusion weights

w; =0.1 w, =0.2 w; =0.3 w,=0.4 w; =0.5 w; =0.6 w, =0.7
Class A 56 57 62 58 54 52 51
Class B 27 39 45 37 31 20 16
Class C 46 47 58 49 47 40 35
Accuracy /% 61.4 68.1 78.6 68.6 62.8 53.3 48.6

F4 ZRETIRG]R
Table 4 Recognition rate of the three vehicle types

Vehicle type Recognition rate /%
Class A 88.6
Class B 64.3
Class C 82.9
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Fig. 5 Comparison of each algorithm performance
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Table 5 Average recognition time of each algorithm

Algorithm Processing time /ms
LBP 4.7
Hu 4.9
LBP+ Hu 9.9
ms (=] ms (=]
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Fig. 6 Results of vehicle type recognition. (a) Correct recognition; (b) false recognition
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