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ABSTRACT

In this paper we propose a system for vehicle detection and tracking which has the ability to learn on-line
appearance changes of vehicles being tracked. The proposed system uses feature-based tracking method to estimate
rapidly and robustly the motion of the newly detected vehicles between consecutive frames. Simultaneously, the
system trains an online vehicle detector for the tracked vehicles. If the tracker fails, it is re-initialized by the
detection of the online vehicle detector. An improved vehicle appearance model update rule is presented to
increase a tracking performance and a speed of the proposed system. Performance of the proposed system is
evaluated on the dataset acquired on various driving environment. In particular, the experimental results proved
that the performance of the vehicle tracking is significantly improved under bad conditions such as entering a

tunnel and passing rain.
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Fig. 1. The block diagram of the proposed system.
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Table 1. A description of the HD image dataset.

# of frames | NV/Frame Place Weather
1 900 3.4
500 2.9
900 4.1

Highway Sunny
Urban road| Rainy
Urban road| Tunnel

N

w

E 2. HD A4 oA EsA Akl AxEe] 2}l
A 727 ARl i A

Table 2. Performance of the proposed system
with/without online vehicle detector under HD image
dataset.

TPR(%) FDR(%) FP/Frame

) 96.0 0.4 0.013
@ 98.1 0.3 0.010
, [® 78.8 L5 0.034
) 90.5 1.2 0.031
; [© 86.7 1.7 0.060
) 92.1 0.4 0.015
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Fig. 7. Comparison of the results of the proposed system on HD image datasets: (a-c) without online detector, (d-f) with
online detector. The yellow bounding boxes mean the results with low confidence due to occlusion, blurring and illumination
change. In this case, the online detector of those vehicles is not trained.
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3} Caraffi 59 .
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Fig. 8. Comparison of the results of the proposed system on HD image datasets: (a-b) results of the TLD tracker, (c-d) reuslt
of the proposed system. The yellow bounding box in (b), (d) means the results with low confidence due to rapid motion of
vehicles and illumination change. In this case, the online detector of those vehicles is not trained.

AEE ol vz FAE AA 2=k JE
(ground truth)®} o1& vIEkC 2 glojo] Alxwle] &3
o] 55 Wt 9= Efevaluator) S AlFgIch

E 3L 9]9] B o]gsle] Caraffi 5Y2] X8l
3} Algtsls AlEle] Adee v|wgh Axjolct At
e Al2~Ele] A& E(recall rate)> 583} 70.3%,
E 58.4% % Caraffi 512] A|~8lo)| u|3l 2zt 7%,
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Ta b|e[4]3. Performance comparison between Caraffi et al.

system™ and the proposed system.

The system of

Caraffi et al.¥ Proposed system
Types Car Truck Car Truck
Precision 0.953 0.865 0.971 0.858
Recall 0.773 0.679 0.703 0.584

o] Zir} Xt At HEH kol tia)] E=ie] A
&% (precision)= A|tsl= A|2~#3} Caraffi 59
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