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Tab.2 Summary sheet of all models’ initial values
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Tab.4 Parameter optimizing time of three models

B PR /s
1 0.099 606
2 0.014 991
3 0.601 657
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Tab.5 Parameters of all the optimized models
TR REHEBM R A RVEM I B
0.8235 0.176 5 0 1.000 0O
1 Apw1 = ( ) Bpwi = ( )
0.230 8 0.769 2 1.000 0 0
0.7857 0.214 3 1.000 0 0
2 Apwz = ( _ ) Bpw: = ( )
0.1250 0.8750 0 1.000 0O
0.8128 0.187 2 0.997 7 0.002 3
3 Apw-pso = ( ) Biw-pso = ( )
0.070 8 0.929 2 0.048 8 0.951 2
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Tab. 6 Statistics of all the models’ mistakes
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Driver fatigue risk identification methods based on improved HMM

ZHANG Mingheng”'*, ZHAI Xiaojuan’. ZHU Youming’. ZHAO Xiudong’

( 1. State Key Laboratory of Structural Analysis for Industrial Equipment, Dalian University of Technology
Dalian 116024, China;
2. School of Automotive Engineering, Dalian University of Technology, Dalian 116024, China )

Abstract: The generation of driver fatigue is a progressive dynamic process. Relevant research based
on hidden Markov model (HMM) must determine the model’s initial values firstly and the training
process tends to fall into local optimum. Therefore, particle swarm optimization (PSO) algorithm is
introduced into the process of training HMM to improve the above existing problems. What's more,
the improved method and forward-backward (BW) algorithm are compared in details based on typical
driver fatigue data set. Experimental and analytical test results show that the improved method is

more accurate and stable than BW algorithm in driver fatigue prediction.

Key words: driver fatigue; hidden Markov model; forward-backward algorithm; particle swarm

optimization algorithm





