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Abstract

The uncertainty of multi-objective temporal dependencies is difficult to be expressed or described in the
modeling for recognizing the maneuverability of vehicles. To solve this problem, we propose a modeling meth-
od based on the multi-hidden Markov model (M-HMM). We model the spatio-temporal dependencies of traf-
fic micro-situations in the influence of many factors by the method to identify and forecast the maneuvering be-
havior of vehicles in the traffic scenes. We apply the Baum-Welch algorithm and the forward algorithm to gen-

erate two types of input data for model training and evaluation. We also build a database of vehicles’ maneu-
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vering behaviors using a driving simulation method to improve the learning efficiency of the parameters of

HMM. The experimental results of overtaking on the expressway show that at the point of time when the left

tires of a vehicle passing lane the markers. The model’s prediction accuracy of lane change is 98.3% , and

the accuracy during the 0.4 s before true lane change is about 75% .
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Fig.2 Maneuver identification based on HMM model
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Fig.3 Opening angles set-up of the sensor performing

a far and a short range scan
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Fig.5 Screenshots of scenario setup for model evaluation with real

data during different stages of the overtaking maneuver
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Fig.6 Results of maneuver behaviour identification

for three different models
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Tab.1 Lane change prediction results based

on overtaking manoeuver recognition

ASERTRYI ] | BUMOESRA | AT | U IE AR
/s /% /s /%
2 6.7 0.8 55
1.8 10 0.6 65
L6 18.3 0.4 76.7
1.4 28.3 0.2 85
1.2 33.3 0 98.3
1 40 -0.2 100
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Tab.2 Prediction comparison results of different styles

for drivers’ lane changing
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1.8 8.4 5.2 0.6 59.8 57.7
1.6 17 14 0.4 7.7 76.5
1.4 29.2 27.7 0.2 85 84.2
1.2 31 32.8 0 98.3 95.9
1 39.1 38.3 -0.2 100 100
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different number of states

FERLR A K 5 6 7
R IR ] /s 0.23 3.64 8.20
5 &g

B A2 bt B B AR R ISl A T D R RS
Wi P IRDREE, AR SCHR 1 LS50 st 4 A L sl b A i
MRERBERIAESE , DFFES5IR T .

RPN

(1) FEERLE R, T35 8 AR 4250 9 A X7
T R TR R AR X 8 R e A TR L R T (9 5, A
T HE R X e B 1) A T

(2) BIE T IR ESRBCR 18R, 40 T — Pl 17 o i

(3) RIS A, R p(A, [ 0) , WAL
ST AT BN, [ EHT RS e BT H b, LA TR
T p (A, | O) BRI E AR, BRAR T BT A8

(4) TEREESINGRET BoR AT BRI 5 1k, @A 4
RHLEAT R, A T BALE .

(5) #hve 7RIS T HAGE AR, 1R I8 T —
PR R LAIE B AR R GE, AR T 3 2 (193 B A7 3t
R

TE T — TAE, B e fis R AT 3 P4l 1 %l 2
FBL ARSI, WERSER BRI e, Ko dag
PUNEER, RERS I AL B s 2 R[S R A%
S, (R AT AR S A 0 B Bl P AU B Be i 45

[ 1] B, 554, MR D905 FEBRAT W], PEARKER, 2001, 14(1) : 77 -80.

Wei L Y, Jun Z C, Tian C L. Simulation analysis of driver’s lane changing behavior[ J]. China Journal of Highway and Transport, 2001, 14

(1): 77 -80.

[2] #2. ZR5-45 Agent OWHGETT HIAEBII D). Jbat: fEBHOE, 2011
Han Z. A microscopic lane-changing model for driver-vehicle agent[ D]. Beijing: University of Science and Technology of China, 2011.
(3] I Suloiy 2 08 A g A AR 2 B B e T [ D] a0 AR, 2009.

Cao S. Study on the model and impact of lane-changing vehicles for city road[ D]. Wuhan: Huazhong University of Science and Technology ,

2009.

[4 ] #/ha, k7, SR TR0 B i BRI e[ T ]

NBEASE RN, 2007, 24(5) : 109 - 113.

Yang X B, Zhang N, Huang L. B. Study on lane changing model in the simulation of traffic capacity[ J]. Highway Traffic Science and Technol-

ogy, 2007, 24(5) . 109 —113.

[5 ] 4R, X, Tk, % SR CELHRIT AR T].

MR BERL TR 244, 2010, 15(5) « 57 - 60.

XuHZ, Pei YL, YuT, etal. The study on the eye’ s characteristics of lane-changing[ J]. Journal of Harbin University of Science and Tech-

nology, 2010, 15(5) : 57 - 60.

[ 6] %T e, skill. FEARMBEEITYLE R[], 28l 551, 2008, 26(4) : 68 -71.
Pei Y L, Zhang Y. Lane-changing virtual desire trajectory simulation[ J]. Computer and Communications, 2008, 26(4) ; 68 —71.
[ 7] EE\, K, 200, B3R EE ST RS — PN RS2k ], PUR TRk, 2006, 42(4) : 206 -212.

Wang Y H, Song J, Li X K. Integrated inference of driver’s intentions and driving environment and real-time algorithm[ J]. Chinese Journal

of Mechanical Engineering, 2006, 42(4) . 206 —212.

[ 8] SBACEL, BREEXL, Fk. T DU a2 A SRS HHR T ] PRI S K224k, 2009, 44(5) : 771 -775.

Guo Z Z, Chen C S, Wang X. Risk identification for driving behaviors based on Bayesian discrimination[ J|. Journal of Southwest Jiao Tong U-

niversity, 2009, 44(5) . 771 -775.

—
o
[

FRKE, Y, W5, & T2 DRI SRR E S PR T]. RETRE, 2011, 33(8) : 701 -706.

Zong C F, Wang C, He L, et al. Driving intention recognition based on double-layer HMM[ J]. Automotive Engineering, 2011, 33(8) : 701

-706.

[10] sKRJy. TaIT 2 A B LS 2 3 B RSB ket [ D] i i TR, 2011,

Zhang L L. Research on motorist’ s intention recognition for traffic safety precaution[ D]. Wuhan; Wuhan University of Technology, 2011.

[11] Manna Z, Pnueli A. The temporal logic of reactive and concurrent systems[ M]. Ist ed. New York, USA: Springer Science Business Media

Press, 1992 1171 —1184.

[12] Bennett B, Cohn A G, Wolter F, et al. Multi-dimensional modal logic as a framework for spatio-temporal reasoning[ J]. Applied Intelligence

2002, 17(3) : 239 —251.

[13] Darms M, Komar M, Lueke S. Map based road boundary estimation[ C]//Proceedings of the Intelligent Vehicles Symposium (IV). Piscat-

away, NJ, USA: IEEE, 2010: 609 -614.



512 =553 43 %

[14] Richardson M, Domingos P. Markov logic networks[ J]. Machine Learning, 2006, 62(1); 107 - 136.

[15] Hensel I, Bachmann A, Hummel B, et al. Understanding object relations in traffic scenes[ C]//Proceedings of the Fifth International Confer-
ence on Computer Vision Theory and Applications ( VISAPP). 2010 389 —395.

[16] Dean T, Kanazawa K. A model for reasoning about persistence and causation[ J]. Computational Intelligence, 1989, 5(2) ; 142 - 150.

[17] Rabiner L R. A tutorial on hidden Markov models and selected applications in speech recognition[ J]. Proceedings of the IEEE, 1989, 77
(2): 257 -286.

[18] Brand M, Oliver N, Pentland A. Coupled hidden Markov models for complex action recognition[ C]//Proceedings of the Conference on Com-
puter Vision and Pattern Recognition. Piscataway, NJ, USA. IEEE, 1997, 994 —999.

[19] Landwehr N. Modeling interleaved hidden processes| C]//Proceedings of the 25th International Conference on Machine Learning. 2008 ; 520
-527.

[20] Kumar P, Perrollaz M, Lefevre S, et al. Learning-based approach for online lane change intention prediction| C]//Proceedings of the Intelli-
gent Vehicles Symposium (IV). Piscataway, NJ, USA; IEEE, 2013, 797 —802.

[21] Meyer-Delius D, Plagemann C, Burgard W. Probabilistic situation recognition for vehicular traffic scenarios[ C]//Proceedings of the IEEE In-
ternational Conference on Robotics and Automation. Piscataway, NJ, USA: IEEE, 2009 . 459 —464.

[22] Gerber R, Nagel H H. Representation of occurrences for road vehicle traffic[ J]. Artificial Intelligence. 2008, 172(4/5) : 351 —391.

[23] Luke S, Rieth P, Darms M. From brake assist to autonomous collision avoidance[ C]//Proceedings of the FISITA 2008 World Automotive Con-
gress. 2008 ; 553 —562.

((E0E]
BOHL1959 - ), B, Wk, HIBEE. BRSOV RESRII ], ARG AL
TH(1986 - ), B, WAL SO0 R HEACE T,
TOHR(1986 - ), 5, WL BRECHR N SO AERARR e KAzt

( 456 505 1)

(1] 22BRE, FRHOMS. Ul ol d g vk [T D)1 S A4, 2012, 33(7) : 34 -36.
Zhang D M, Zheng K P. Reconstruction method of missile flight-test data[ J]. Journal of Sichuan Ordnance, 2012, 33(7) . 34 - 36.

[12] T, B, AfdE. ORISR A LR CIERRSEFHRT R[], ’A7J7%%, 2012, 30(3) : 201 -205.
Yu X M, Cheng W, Gu W Y. Application of maximum likelihood estimation to the parameter, identification of airplane take-off performance
[J]. Flight Dynamics, 2012, 30(3) ; 201 -205.

[13] Eurocontrol Experimental Centre. User manual for the base of aircraft data( BADA) REVISION 3.8 [ R]. Bruxelles, Belgium: Eurocontrol,
2010: 1 -83.

[14] Hsu L Y, Chen T L. Vehicle dynamic prediction systems with on-line identification of vehicle parameters and road conditions[ J]. Sensors,

2012, 12(11) : 15778 - 15800.

(=
i F(1988 —), L, WUbA. BEFE AU B — U Fh A A ) A S ik RGeS
TORR(1979 - ), 5, P, BB OO iU Gl E B AR S, ot iG] S SEEH R4
BEAAEL(1968 — ), 55, -t . AT — U hACE E ARG, SLlt iG] T SR AL, SRS
R, B RESCE ST RS,



