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Abstract:In order to identify the traffic operation law of urban arterial road and support basis for traffic man-
agement departments to formulate relevant traffic demand management policies, a vehicle travel group identifica-
tion 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 comprehensive-
ly describing the travel behavior based on the traffic bayonet data of Qingdao Jiaozhou Bay Tunnel. The redun-
dant 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 effec-

tively classify the vehicle travel groups, and combined with GBDT, the identification model based on improved
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K—prototypes and GBDT was established. By randomly selecting 10 000 samples to conduct identification re-

search, the result shows that there are 5 vehicle travel groups for the road in this research, including high—fre-

quency commuter groups, low—frequency commuter groups, operating groups, frequency stable groups, and ordi-

nary groups. For the 5 vehicle travel groups, the average identification accuracy rate exceeds 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 passes the
Passage time . .
detection section

. . Direction that the vehicle passes the
Passage direction . .
detection section
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Fig.1 The result of the correlation analysis
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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, 7] Numerical
Average of daily travels B (1,8 Numerical
Standard deviation of first travel time o/ [O,O-f‘ ] Numerical

Travel time s
Standard deviation of last travel time o' [0,0,,] Numerical
Repetition rate of travel space—time pattern a [0,1] Numerical
Repeatability of travel frequency pattern H (0.0 ] Numerical

Travel habits ] "
Most frequent first travel period T/ [1,2,3,4,5] Classified
Most frequent last travel period T! [1,2,3,4,5] Classified
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Tab.3 Description of validation data sets
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Tab.4 Comparison of experimental results in validation

Number . L Number
Data set numerical  classified
of samples . . of clusters
attributes  attributes
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Fig.2 Structure of vehicle travel group identification method
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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
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Fig.3 The distribution of travel characteristic indicator for different groups
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Tab.6 Coding of the most frequent firsts travel period

Vehicle - One-hot coding
umber ) ) 3 A s
1 3 0 0 1 0 0
190 3 0 0 1 0 0
1156 2 0 1 0 0 0

*£7 GBDTHHSH
Tab.7 Partial parameters of GBDT

Parameter Comment
For the same fitting effect, smaller value
Learning_rate of 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 lo cause over—fitting

Subsampl The sampling proportion used to build the
Hbsampies basic model, generally set to [0.5,0.8]

Maximum depth of each basic model,
Max_depth . .
which depends on the complexity of data

5 N_estimators #4792, Hi Max_depth 5 # 0 5,
Subsamples % %4 0.8, WAL IRWT .

1) ¥ Learning_rate MR {E X &M 0.3, R
5 A8 LEUEEXF N_estimators -1 .

2) AR Z % Learning_rate BY{E , J- 4% L 1 3% i
Z8 N_estimators, & 5 ¥7138 L EUE2%: T3 510
SIVER R B S EE G . BRI H
Learning_rate TR N_estimators {85, U155 8 A,

% 8 7 [ Learning rate THIHRMLAS
Tab.8 Optimal combination under different Learning_rate

. . Identification
Learning_rate N_estimators

accuracy rate

0.3 100 0.974 6
0.15 200 0.974 3
0.1 300 0.974 7
0.05 600 0.974 8
0.01 3 000 0.976 1
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Fig.4 Lithology confusion matrix of group identification
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