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Driving Style Classification Model Based on a Multi—label

Semi—supervised Learning Algorithm
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(State Key Laboratory of Advanced Design and Manufacturing for Vehicle Body, Hunan University ,Changsha 410082, China)

Abstract: This paper designs an experimental scheme based on the driving simulation platform and collects driv—
er’s operation information and vehicle status information synchronously. Six characteristic parameters are selected to
recognize the driving style. The principal component analysis (PCA) algorithm is used to extract the multi—feature pa—
rameters and the first three principal components are used as the input features of the driving style recognition model.
The K-means method is used for data labeling. Based on the principles of supervised support vector machine (SVM)
method and inductive multi-label classification with unlabeled data (iMLCU) approach, the driving style recognition
models of SVM and iMLCU are established, respectively. By adjusting the trained dataset ratios between the labeled
and the unlabeled data, the accuracy of driving style recognition between the two models is compared. The results
show that iMLCU has better driving style recognition than SVM. The semi-supervised iMLCU model can improve the
recognition ability of driving style by using unlabeled samples.
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Tab.1 Driving style feature parameter
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Fig.3 Feature extraction based on PCA
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Tab.2 Correlations among variables and

components derived from PCA

AR PC1 PC2 PC3 PC4 PC5 PC6
i -008 -070 -0.02 -0.10 -054 0.45
a, 0.05 070  -0.02 -0.18 -0.52 0.12
i, -001  0.05 0.63 076  -0.12 0.45
a, -002 004 -076 060  0.48- 0.23
m 071  -0,07 011 -0,08  0.44 0.53
T -070  0.05 012  -0,11 0.6 0.51
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Tab.3 Accuracy of driving style classification based

on SVM and iMLCU %
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