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Abstract :

various advanced driver assistance systems(ADAS) and automotive vehicle as well as automatic

Vision based night—time vehicle detection has been an emerging research field in

head-lamp control. In this paper, we propose night-time vehicle detection method based on
multi-class support vector machine(SVM) that consists of thresholding, labeling, feature
extraction, and multi-class SVM. Vehicle light candidate blobs are extracted by local mean based
thresholding following by labeling process. Seven geometric and stochastic features are extracted
from each candidate through the feature extraction step. Each candidate blob is classified into
vehicle light or not SVM. Four different multi-class SVM including
one-against-all(OAA), one-against-one(OAO), top-down tree structured and bottom-up tree
structured SVM classifiers are implemented and evaluated in terms of vehicle detection

by multi-class

performances. Through the simulations tested on road video sequences, we prove that top—down
tree structured and bottom-up tree structured SVM have relatively better performances than the

others.
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Computer vision, Driver assistance, Support vector machine, Night vehicle detection,

Adaptive thresholding, Multi-classifier, Top—down tree
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Fig. 1 Typical night-time road environment
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Fig. 2 Functional block diagram of system
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19 4. Top-down E# % SVM £77] [9, 10]
Fig. 4 Top-down tree structured SVM
classifier [9, 10]
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Fig. 5 Bottom-up tree structured SVM
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TP+ TN
accu = X
Y = rpr vt v e 0 (14)
TP
iS1 = — X
pre cision TP FP 100 (15)
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= X
recall = —5s X100 (16)
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¥ 1. gF-FY2 SVM 7|9k ofk A= A A&
4% Wl
Table 1. Performance comparison of
night—-time vehicle detection based on
multi—class SVM

(%)

Classifier Accuracy Precision Recall

binary 87.13 39.28 96.80

OAA 10.04 8.50 99.13

OAO 78.14 27.44 97.09

top—down 90.85 47.82 95.63

bottom—up 90.21 46.07 95.63
A}E Yepfar JARE AHRl V|E R = tha
BEg 45 Jeln Qo) §F PR Fol:
WweFo g A7k AlE xaEojo F Zor B4
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