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Vehicle Travel Group Identification Model of Urban Arterial
Road Based on Improved K-prototypes and GBDT
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China)

Abstract: In order to identify the traffic operation law of urban arterial road and support basis for traffic
management department to formulating relevant traffic demand management policies, a vehicle travel group
identification model of urban arterial road based on combined model was proposed. In this study, a travel
characteristic indicator system was constructed from dimensions of travel intensity, travel time, travel habits for
comprehensively describing the travel behavior rely on the traffic bayonet data of Qingdao Jiaozhou Bay Tunnel.
The redundant indicator was eliminated based on the correlation analysis to avoid the impact on identification
research. For the mixed attribute travel characteristic indicator data, the improved K-prototypes algorithm was
used to effectively classify the vehicle travel groups, and combined with GBDT, the identification model based on
improved K-prototypes and GBDT was established. Randomly select 10000 samples to conduct identification
research, and the result shows that there are 5 vehicle travel groups for the road in this research: high-frequency
commuter groups, low-frequency commuter groups, operating groups, frequency stable groups, ordinary groups.
For the 5 vehicle travel groups, the average identification accuracy rate exceed 97.75%, and the highest
identification accuracy rate can reach 99.47%.
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Tab.1  Primary field of the traffic bayonet data

Field name Field comment

Vehicle plate The identification of vehicle
) Time when the vehicle pass
Passage time

the detection section

o Direction which the vehicle
Passage direction ) )
pass detection the section
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Tab.2 vehicle travel characteristic indicator system

Characteristic dimension Characteristic indicator Variable name Value range Type
Travel days d [4.21] Numerical
Travel intensity Standard deviation of weekly travels n [0, 77ax] Numerical
Average of daily travels S (L S ] Numerical
f f
Standard deviation of first travel time o [0, ey ] Numerical
Travel time f 0,6 ]
Standard deviation of last travel time o 1 Ormax Numerical
Repetition rate of travel space-time pattern a [0.1] Numerical
pc

Repeatability of travel frequency pattern H ™ [0, Hipe, ] Numerical

Travel habits P [12,3,4,5]
Most frequent first travel period T 1o Classified

|

Most frequent last travel period T [.2.3,4.5] Classified
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Fig.l The result of the correlation analysis
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Tab.3 Description of validation data sets
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Number of  Number of
Data  Number of Number of
numerical classified
set samples clusters
attributes attributes
SH 270 6 7 2
CA 690 6 9 2
ACA 690 6 8 2
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Tab.4 Comparison of experimental results

on validation data sets

Data Evaluating KP FKP Algorithm
set indicator  algorithm algorithm in this paper
s AC 0.762 0.765 0.848

H
PE 0.774 0.773 0.848
AC 0.722 0.729 0.790

CA
PE 0.723 0.736 0.804
AC 0.778 0.775 0.854

ACA

PE 0.767 0.787 0.857
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Tab.5 The result of clustering

Variable name of

Cluster centers

the indicator 1 2 3 4 5
d 15.627 6.539 10.883 5.010 5.322
n 1.502 1.901 2.278 1.254 1.608
S 1.849 1.728 1.713 1.486 1.617
o' 2.334 2.082 4522 3.303 3.846
a 0.526 0.482 0.252 0.099 0.092
H 0.498 0.275 1.033 0 0.929
T' 2 2 2 3 3
T! 4 4 4 3 3
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Tab.6 Coding of the most frequent firsts travel period

Vehicle One-hot coding

number T 1 2 3 4 5
1 3 0 0 1 0 0
190 3 0 0 1 0 0
1156 2 0 1 0 0 0

7 GBDT B S
Tab.7 Part parameters of GBDT

parameter comment

For the same fitting effect, Smaller value of
learning_rate  learning_rate means that more basic models
need to be iterated
Taking too small value is easy to cause
n_estimators  under-fitting, Taking too large value is easy
to cause over-fitting
The Sampling proportion used to build the

subsamples
basic model, generally set to [0.5,0.8]
Maximum depth of each basic model, which

max_depth .
depends on the complexity of data

B BEEIZ IR 8:2 LB 43 AN 2R 4 Sk
o N TR IE S RGBT L, E%
£ E, DLRGHER Z N PR Fa bR, £ learning_rate
5 n_estimators #7182 . ., max_depth & E N
5, subsamples & &N 0.8, AS LI

1) ¥4 learning_rate WA E I E N 0.3, KH
5 728 X EIEERT n_estimators S48

2) M4 learning_rate (18, FF4% L3 n
Z4 n_estimators, KA 5 #7138 XIGAEEF AN
AUER R R ISR G . ERIEE, SR
learning_rate "~ {4/t n_estimators {&, W13 8 i

% 8 7 [E learning_rate THIRMLEAS

Tab.8 Optimal combination under different learning_rate

learning_rate  n_estimators identification accuracy rate

0.3 100 0.9746
0.15 200 0.9743
0.1 300 0.9747
0.05 600 0.9748
0.01 3000 0.9761
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Fig.4 Lithology confusion matrix of group identification
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