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Research on vehicle following model based on model fusion
WU Zhijin, CAO Congyong, KONG Jin, CHEN Xin

(School of Automation, Nanjing University of Science and Technology, Nanjing 210094, China)

[ Abstract] In order to improve the accuracy and robustness of vehicle following model, a vehicle following model based on
Stacking and integrating multiple base learners is proposed. The grid search method is used to determine the super parameters of a
single learner. Considering the algorithm principle and prediction performance of a single learner, LGBM, SVR and KNN are
selected as base learners. GBDT model is used as a meta learner through comparative analysis. The car following model is
constructed based on basic learner and meta learner. The experimental results on the I-80 data set show that compared with the IDM
model, the MAE, MSE and RMSE of the vehicle following model are reduced by 0.305 6, 3.230 4 and 1.031 5 respectively, which

can dig out the potential relationship between the data and make up for the shortcomings of the traditional car following model.
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Tab. 1 Car following data

BROBAERN WOV EWEE ERNERE KPR, BT RERE/ AT AW, T — R R 4
D D (m-s") (m-s7?) (m-s™") (m-s7?) R/ (m - s7h)
2 44 8.24 0.40 30.70 8.23 -0.05 10.18
7 21 6.96 1.73 32.66 5.61 0.00 7.16
11 1 3.82 0.00 13.46 3.60 -3.41 3.18
12 25 11.12 -0.16 18.59 7.17 0.00 11.42
17 2 2.21 -2.51 8.67 1.58 -0.01 111
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Tab. 2 Training results of eight basic learning devices

RS 240 MSE Mk R
LGBM 2 2] 3 =0.02, BB = 350, e RIREE =7 1.182 8 0.895 8
AdaBoost AR = 100 3.639 4 0.679 3
GBDT 2] % =0.05, B KIRE =4, B = 100 1.354 8 0.880 6
XGB 22 48=0.02, o RIREE = 4, I BUA = 400 1.358 2 0.880 3
MLP BT RO = relu, IR RA =1, 1326 5 0.883 1
BRI 4 =128

KNN A E=15 1.614 4 0.857 8
SVR gamma = 0.3, BERE = 1bl’ 1.204 9 0.893 8
RF IR =8 IR = 50 1.419 9 0.874 8
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Fig. 6 MIC coefficient between base learners
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Tab. 3 Prediction results of different meta learners

TEIE WG R WK R MAE  MSE  RMSE
GBDT 0.903 7 0.902 8 0.667 5 1.102 9 1.050 2
MLP 0.898 0 0.902 2 0.668 5 1.1099 1.0535
Liner 0.898 4 0.901 4 0.673 7 1.119 4 1.058 0
Lasso 0.898 4 0.901 3 0.674 1 1.120 7 1.058 6
XGB 0.923 0 0.897 3 0.680 3 1.165 3 1.079 5

RF 0.984 2 0.893 0 0.708 4 1.214 2 1.101 9

AdaBoost 0.781 7 0.814 9 0.9189 2.100 9 1.449 4
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Fig. 7 The simulation results of the combined model selected in this
paper
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Tab. 4 Evaluation between the proposed model and IDM model

s MAE MSE RMSE
ALY 0.667 5 1.102 9 1.050 2
IDM 0.973 1 43333 2.081 7
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Fig. 8 Comparison between the proposed model and the simulation
results of IDM model

6 LZEFRIE

WFFE R Stacking BIAVELG 9771, 26 KNN
LGBM Fl SVR #iAE Ry 5622 2] 45, L GBDT B AU
SR TGEF > A Re) 2 R Ot A AR o X I A T AR
SCRERIAG R, AR SCRGE T T 2 S U
Ry 3 AR A .

(1) KNN ,LGBM Fl SVR = FhJL25 5] 28 1F s —
AR (A7 50T TR0 P R AR Bk, T L i R AR 1 B
PEBE

(2)f#i ] Stacking FE A & 19 )5 AT LAE— 245
290 PR AR 0 T 7R O R, VR AIME G R Bt AR AL (1R
2,

40 50 60

(3) KNN . LGBM F1 SVR 7 15 I L B J7 If £7 1F
RKARIA] R 22 M K B B A k2 > # BE %
T KA BRI Al AR A Sy

R A T R E

AR FAFAEIIARA 2 5, —RAEEFERE
el R T N T 7 30, ROR AR s AR S )
AT SRR R P T I LT 5528 A AR 1 R T
RN T ZEORUR) TAR RS IR, 7R R BT
FE, A B REAE X Ao o) SR AT IR 2 RN R PRI 25
DAL RTHIFSERCR,

S 3k

[1] BRACKSTONE M, MCDONALD M. Car-following: a historical
review [ J ]. Transportation Research Part F Traffic Psychology &
Behaviour, 1999, 2(4) :181-196.

(2] T, 4R, ZEERRAT oy gy ol 5 e B2 [T ], o [ A B
2#4},2012,25(01) : 115-127.

[3] MICHAELS R M. Perceptual factors in car following [ C ]//
Proceedings of the Second International Symposium on the Theory
of Traffic Flow. Paris;: OECD, 1963 :44-59.

[4] KOMETANI E, SASAKI T. Dynamic behaviour of traffic with a
nonlinear spacing — speed relationship [ C ]//Proceeding of the
Symposium on Theory of Traffic Flow. New York: Elsevier, 1959:
105-119.

[5] TREIBER M, HENNECKE A, HELBING D. Congested traffic
states in empirical observations and microscopic simulations[ J].
Physical Review E, 2000, 62.1805-1824.

[6] BUEDK, tREGHE, BIAR S, 4. B kS e R 25k [ 1], 22d
EMAZTRSER,2021,21(05) :102-113.

[7] KEHTARNAVAZ N, GROSWOLD N, MILLER K, et al. A
transportable neural — network approach to autonomous vehicle
following[ J]. Vehicular Technology IEEE Transactions on, 1998,
47(2) :694-702.

[8] BIME &, S5k, EWEJRl. Tl 2 19 45 1) 22 0 R B A 7 fry s 7.
[1]. 2 AEAHE,2001(04) :92-94.

(9] ZRAE /NI ZR A, A6 T AR i 25 I 2% ) 2 A B gt e A
SOTEBTFELI]. L Tl 2547 ,2007,33(04) :398-401.

[10]92% B 5 3k, . IR A MM R IR IR AN [ 7], A E3E
WA ,2007(03) :130-132.

[11] ALEXIADIS V, COLYAR J, HALKIAS J, et al. The next
generation simulation program[ J]. Ite Journal, 2004, 74(8) :22-
26.

[ 12 ] WEI Dali, LIU Hongchao. Analysis of asymmetric driving
behavior using a self — learning approach [ J |. Transportation
Research Part B Methodological, 2013, 47(1) :1-14.

(131X e, BT REALARAR Y ZE BRI AT AR [ 7] LRSS 2 B
2#4}%,2018,26(04) :45-50.

(141 T nd, PhER, BRAS. HLAS 2 2 ——3 7 206 2 90 R B A 7Y
[J]. s A S TR SER,2017,17(06) :33-39.

[ 15]FUSHIKI T. Estimation of prediction error by using K—fold cross—
validation[ J]. Statistics and Computing, 2011, 21(2): 137-146.

[16]FREUND Y, SCHAPIRE R E. A desicion—theoretic generalization
of on-line learning and an application to boosting[ J]. Journal of
Computer and System Sciences, 1997, 55:119-139.

[17] FRIEDMAN J H . Greedy function approximation: A gradient
boosting machine[ J]. Annals of Statistics, 2001, 29(5) :1189-
1232.

(RS 225 )



