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A Mixed Kernel Traffic Flow Data Detection
Based on KPCA and SVM

LIU Jian ,LIU Lihua ,ZHAO Yue

(School of Information and Control Engineering, Shenyang Jianzhu University , Shenyang , China, 110168 )

Abstract ; In order to identify the current traffic flow data,a mixed kemel traffic data identification
algorithm based on KPCA and SVM is proposed to improve the accuracy of traffic flow data iden-
tification. Firstly , KPCA is used to preprocess the data;Secondly,SVM is used to train the classifi-
cation model ; Finally ,the trained model is used for identification. In order to prove the feasibility
and accuracy of the algorithm , the proposed method was validated from the traffic flow data identi-
fication analysis and simulation experiments with the multi-car elevator traffic status as the object.
Compared with SVM algorithm and BP algorithm it shows that the proposed method is very versa-
tile and can predict traffic flow effectively. The accuracy of traffic flow data recognition is
97.2% . The algorithm proposed by the author based on KPCA and SVM mixed kemel traffic data
identification algorithm can improve the accuracy of traffic stream data identification, has a high
degree of versatility ,and achieve real-time detection of the target.
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Fig.1 Traffic flow data of base station elevator
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Fig. 2 The elevator traffic flow data on a typical
working day
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Fig. 3 DTBSVMs hierarchical chart
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Table 1 The traffic class description of the test

sample on the hour
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data recognition
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