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An anthropomorphic driving decision model for intersec-
tion based on BP neural network
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Abstract: The decision-making model of the autonomous vehicle is crucial to the auto-driving performance of
the car, and the anthropomorphic treatment scheme is safer and more reasonable. In this paper, based on the
urban crossroad conditions, the FORUMS driving simulator is used to build the intersection simulation scene.
By collecting the experienced driver driving data in this scene, and using SPSS (Statistical Product and Service
Solutions) to analyze the sample data, Several environmental factors with the highest correlation of driving
output are obtained. Finally, the BP (Back Propagation) neural network is used to learn the filtered data, so as
to obtain the anthropomorphic driving decision model which can output the driving decision of the end-to-end
of the actual scene.
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Figure 1. Decision model

B 1. JRERER

2 =

W MR TR X 27 H, RIS A B AT A2 A5 S AT il EREAT . A, fEEAT
AT R UL T, AR TR BE S BAT IR AL 5%, i 2. 18 3 B o A A B LR AN 208t AT RE R Al
EER. EILHRT, BEIEBAEIN TR IR, SWRGE2MEAT /A8 RS & E G Rt
A AR EE R, HA MR N, B il ik EAT Ao AT il o i 0 A EAT R G
JERVNE A BE UK, Bk Gl T o S Tt A B T, XA TR R B G ) S SAT N IE R A
SCWETE M BB A o ASSCRARID T T 5 ¢ T AGEAR BN R AL, BRI T T+ 3%
(A B (R 2, A SRS Bk 1T i 1 B0 PP S IE 29 500 /NS o 4% IR T S A B L, 123 S
B 4Rk — ey S0km/he DLW SR, 78 25 Bt as Bt b i+ it A B 5, e B 500 /N
BB ENAFIRME A, OB ALE . WEE. 45, FREAFRRERAR, SfmEEst R, LikR.,
VRIS =, RIS A 5% 2R 08 B BN AN R4S 5 hT R

INFATS Conference in Changsha, November 14-15, 2019 183



Figure 2. Dangerous conditions
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Figure 3. Conflict scenario
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Figure 5. FORUMS driving simulator
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Figure 6. The site where data is collected
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Table 1. Analysis results of correlation

® 1 EEAMSNER

AR dq dy ddy dd, a
dy 1.000 0.507 -0.076 -0.028 0.498
dy 0.507 1.000 -0.293 -0.550 0.291
ddy -0.076 -0.293 1.000 0.198 0.415
ddy -0.028 -0.550 0.198 1.000 0.330
a 0.498 0.291 0.415 0.330 1.000
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Figure 7. BP neural network structure
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Figure 10. Co-simulation platform
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