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Detecting Traffic Parameters Based on Vehicle Clustering from Video

WU Cong! LIBo' DONG Rong! CHEN Qi-Mei'

Abstract
information in monocular camera imaging and the frequent changes of the PTZ (Pan/Tilt/Zoom) camera video scenes.

Traditional methods of traffic parameter extraction often result in large errors because of the lost of depth

In this paper, a video-based traffic parameter extraction method using vehicle clustering is proposed. Built on the new
method is a modified camera self-calibration imaging model in which the pseudo-form feature of vehicles projection is
described. For purposes of obtaining vehicle length and width, the imaging model is improved by introducing a contribution
rates algorithm for vehicle clustering, and using the average vehicle height instead of the actual height in the model. Thus
space occupancy can be obtained, and speed detection accuracy can be increased. Test results show that: high real-time
performance is achieved; vehicle clustering algorithm is adaptive in various scenes, and has an average accuracy of 96.9 %;
the accuracy of vehicle length estimation is greater than 90 %.
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Fig.1 The framework of the proposed algorithm
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Fig.2 Coordinate transform of visual model
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Fig.6 The software flow of the vehicle clustering analysis

method based on contribution rates
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Tablel The clustering results of three video scenes
BB USERE S AN LRSS (6 KISAH b} gl
izl 293 1 0 0.0328 0.9966
Y 1 27 2 0.5608 0.9000
BK 100+ 400 (N)
KA 0 3 111 0.1756 0.9737
il 294 31 113 0.1061 0.9840
it 171 4 0 0.1572 0.9771
b 1 14 2 0.8343 0.8235
CK 145 + 350 (S) i
il 0 1 94 0.0843 0.9895
it 172 19 96 0.1732 0.9721
NI 165 5 0 0.1914 0.9706
it 0 11 3 0.7496 0.7857
EK 258 + 580 (S) i
K 0 1 106 0.0764 0.9907
Gt 165 17 109 0.1760 0.9691
x2 TEWESEASNER
Table2 The information of vehicle projection image

L-ESAER # Buv 4% (up, vs) M Euv 845 (ug, vs) DHTEARKEAE R 55 )% (m) DHTEAREFAE A K (m)
(326, 366) (370, 334) 3.20 13.21
(312, 364) (354, 334 3.05 12.42
(362, 365) (406, 334 3.25 13.15
NI (154, 368) (204, 336 3.36 11.67
(364, 363) (406, 33 3.14 13.51
(200, 370) (250, 336 3.40 12.60
(208, 366) (256, 334 3.33 12.34
o (284, 373) (358, 320) 5.44 22.95
(124, 376) (196, 323) 4.88 20.04
(278, 390) (384, 310 7.65 34.55
(56, 394) (196, 308 9.29 32.66
RAE (90, 392) (214, 30 8.35 32.72
(70, 392) (206, 308 9.11 32.44
(318, 395) (412, 307 6.84 38.84
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Table3  The errors of vehicle length computing
PTCARFFAE RIS (m) S H 7 M MERAE (KX X E) (m X m X m) WHAK (m) R ZE (%)
13.21 AN 48 X 1.8 X 1.5 5.41 12.7
12.42 INRLA 4.8 X 1.8 X 1.5 4.62 3.8
13.15 AN 48 X 1.8 X 1.5 5.23 9.0
11.67 N 48 X 1.8 X 1.5 4.63 3.5
13.51 AN 4.8 X 1.8 X 1.5 5.42 13.0
12.60 AN 48 X 1.8 X 1.5 5.41 12.7
12.34 N 48 X 1.8 X 1.5 5.00 4.2
22.95 [if2kR 7.8 X 2.3 X 2.9 8.51 9.1
20.04 Wi 5.9 X 2.1 X 2.6 6.24 5.8
34.55 KEH 12 X 3.5 X 3.8 12.25 2.1
32.66 KEH: 12 X 3.5 X 3.8 12.77 6.4
32.72 KE%E 11 X 2.5 X 2.8 12.25 11.4
32.44 KE% 11 X 2.5 X 2.8 12.37 12.5
38.84 NS 14 X 2.8 X 3.0 15.26 9.0
4 g (ZWebR, 51,0 S BEAR L E1 bR 2 7k IOBF S0 11 3L 2 3,
2003, 29(1): 110—124)
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