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Abstract

Recently, there are active studies on a forward collision warning system to prevent the accidents and improve convenience of
drivers. For collision evasion, the vehicle detection system is required. In general, existing learning-based vehicle detection methods
use the entire appearance of the vehicles from rear-view images, so that each vehicle types should be learned separately since they
have distinct rear-view appearance regarding the types. To overcome such shortcoming, we learn Haar-like features from the lower
part of the vehicles which contain tail lights to detect vehicles leveraging the fact that the lower part is consistent regardless of
vehicle types. As a verification procedure, we detect tail lights to distinguish actual vehicles and non-vehicles. If candidates are too
small to detect the tail lights, we use HOG(Histogram Of Gradient) feature and SVM(Support Vector Machine) classifier to reduce
false alarms. The proposed forward vehicle detection method shows accuracy of 95% even in the complicated images with many
buildings by the road, regardless of vehicle types.
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Fig. 1. (a) Example of traditional system (b) A result of the proposed system
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< Color balance »

< Haar-like feature >

« Remaoval impaossible positions

< Tail-light Detection>

< Final Resuits

« HOG+SVM Verification>

O 2. Higkts A2 B2E
Fig. 2. The flow chart of the proposed system
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Fig. 3. (a) Input image (b) After preprocessing(Color balance) image
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Table 4. Performance comparison between whole back side and the proposed scheme

Training set Precision Recall F-measure
The whole back side 0.77 0.90 0.81
Tail-light lower section 0.95 0.96 0.95
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Fig. 11. A result of the proposed system on test image data sets: (a-d) good case (e-h) bad case
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Table 5. Performance evaluation of black box video

# of frames Place TPR(%) FDR(%)
Video1 1800 Highway 95.6 0.4
Video2 1800 Highway 95.8 0.5
a9 119
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Table 6. Performance evaluation of three features
Precision Recall F-measure
Haar-like[13] 0.95 0.96 0.95
LBP[18] 0.90 0.92 0.90
HOG[15] 0.89 0.92 0.89
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Fig. 12. A result of vehicle detection with three different features.
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