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Abstract : Aiming at the difficulties on stably and timely tracking vehicle on the scenes such as volatile moving direction,
varying pose and distance, illumination change, etc. ,integrating autocorrelation matrix , incremental learning on IPCA and
particle filter algorithm,new kind of vehicle tracking methods using appearance model is proposed. When beginning at
original tracking time ,the proposed method can timely learn the characteristic subspace images of vehicle,using autocor-
relation matrix and eigen value decomposition. Based on IPCA incremental learning, likelihood probability density is com-
puted on subspace mean and eigenvector, increasing computational precision on weights of particles on particle filter algo-
rithm. The tracking results demonstrate that success tracking rate of the proposed AM-IPCA vehicle tracking method is
raised to 95.1% ~96.4% , compared with 82.7% ~92.3% of P. Hall-IPCA and 92.1% ~95.2% of D. Ross-IPCA appear-
ance model tracking method.
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Fig. 1 Flow diagram of AM-IPCA vehicle tracking method
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Table 1 Data comparison of three methods of IPCA appearance tracking model

SHO H AT/ (s/100) IR/ % RMSE/ 4%

dtneu_schnee 0.193 82.7 4.54
car 4 0.301 88.4 31.62
P. Hall-IPCA theinhafen 0.300 83.1 29.44
K% N, =300 dineu_nebel 0.203 83.2 4.11
kwbB 0.215 84.4 3.89

test3 0.218 92.3 4.94

dtneu_schnee 0.125 92.1 2.84
car 4 0.180 93.2 21.88
D. Ross—IPCA rheinhafen 0.177 93.3 19.23
RLTHL N, =300 dineu_nebel 0.145 92.5 2.16
kwbB 0.148 92.6 2.07

test3 0.143 95.2 3.63

dtneu_schnee 0.107 95.4 2.16

car 4 0.148 95.1 12.61
AM-IPCA theinhafen 0.146 95.5 11.78
Kiy-% N, =300 dineu_nebel 0.121 95.3 2.03
kwbB 0.112 95.4 2.11

test3 0.118 96.4 2.65
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