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Vehicle Headlight and Taillight Recognition in Nighttime using
Low-Exposure Camera and Wavelet-based Random Forest
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Abstract

In this paper, we propose a novel intelligent headlight control (IHC) system which is durable to various road lights and camera
movement caused by vehicle driving. For detecting candidate light blobs, the region of interest (ROI) is decided as front ROI
(FROI) and back ROI (BROI) by considering the camera geometry based on perspective range estimation model. Then, light blobs
such as headlights, taillights of vehicles, reflection light as well as the surrounding road lighting are segmented using two different
adaptive thresholding. From the number of segmented blobs, taillights are first detected using the redness checking and random
forest classifier based on Haar-like feature. For the headlight and taillight classification, we use the random forest instead of
popular support vector machine or convolutional neural networks for supporting fast learning and testing in real-life applications.
Pairing is performed by using the predefined geometric rules, such as vertical coordinate similarity and association check between
blobs. The proposed algorithm was successfully applied to various driving sequences in night-time, and the results show that the
performance of the proposed algorithms is better than that of recent related works.

Keyword : intelligent headlight control, region of interest, adaptive thresholding, random forest, pairing, low-exposure
camera
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Table 1. Training data composition of head and tail light detection
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algorithm
Category Feature Number of Training
Color Positive : 105
Head light Negative : 105
Wavelet Positive : 142
Negative : 134
oo . Positive : 100
Tail light Haar-Like Negative : 94
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(Duyoung Heo et al.: Vehicle Headlight and Taillight Recognition in Nighttime using Low-Exposure Camera and Wavelet-based Random Forest)
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Table 2. Test video configuration

Video No. Total Data description ( C : Car )
frames
Video 1 211 C1: Tal|.|lght
Road sign
Video 2 402 C1,C2, C3: Head light
Road sign
Video 3 87 C1, C2, C3 : Head light
Speed bumper
. C1, C2 : Head light
Video 4 101 Street light, AD sign
) C1 : Head light
Video 5 68 Street light
. C1 : Tail light
Video 6 | 250 Street light, Traffic sign
. C1 : Tail light, C2 : Head light
Video 7 200 Street light, Traffic sign, Traffic lamp
. C1 : Head light
Video 8 198 Street light, Traffic sign
. C1 : Head light, C2 : Tail light
Video 9 | 86 Street light
. C1 : Head light, C2 : Tail light
Video 10 144 Street light, Traffic lamp
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Fig 12. Performance evaluation
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Table 3. Processing time evaluation (ms)

Category | Method 1 | Method 2 | Method 3 | Method 4 | Proposed

AVG 13.9 11.6 12.5
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Fig 13. Vehicle light detection result of the proposed algorithm
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(Duyoung Heo et al.: Vehicle Headlight and Taillight Recognition in Nighttime using Low-Exposure Camera and Wavelet-based Random Forest)
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