SR 2004 41 4524 45 45 36 ) B R 5 T & ISSN 1671—1815
" % . 2024, 24(36) ; 15694 -07 Science Technology and Engineering CN 11—4688/T

DOI;10. 12404/j. issn. 1671-1815. 2308202
SIAREARA, WA, BV, S LT RENLARARAY S A B IR A M s 9T R[] B EOR 5 TR, 2024, 24(36) : 15694-15700.
Zou Jie, Cao Honglu, Li Pingan, et al. Identification of fee evasion behavior in expressway changing path based on random forest[ J|. Science

Technology and Engineering, 2024, 24(36) : 15694-15700.

B TRV AR MRy 5 13 22 % 3 ER 12 fa Rk 38 1T 9 1R Al

SRR, BER, B, mig, REER
(1. A EE (U BHE L RABRA D, JEE 100088 ; 2. JLEUZCHE K2 sg iz fii 2z be , JLA 100044 ;
3. Jbni s R R G R AERE, dEat 100044)

W B ARIZIZEABRTERBMRFATARNER AT R TR BERFATARATR, L —F A TRAANRG ZiEN
B T ISR A AR AT A PR R BB A AR Z R R R AT B B A TAR K E AR LR R, Bk, 2T R4
T B e, ik h 5 A CRFT T AR X 0 TR, B3 FAT 8] 12 ANERL TN a9 A ke 4 AL s R UG B it LA AN ARG 7 £ IS IK B
“F (variance inflation factor, VIF) #2 & Z £ (tolerance , TOL) 18 & B ik 4 1 3 K M09 45 42 5T 4] A Boruta L% 05 2 & T 2B /E
(“UFRFNRE—H"NEER T BT Fo“ RN MEAR”) ; Lk 12 A SMOTETomek 45 &K AF 3 R kT #7 4
L B AR AR R B AR AT R ALK e, A A AT LA RTINS ARA, 55 R ERA 0GR A &
RUATA G, R A AT S B A 45 AT A B ik AN I8 AR iy 2 R AT A AT IR A Macro-F1 44X 2] T 0. 966, % T 4%
FRAF 42 S (extreme gradient boost, XGBoost) (0. 943 1) | # & 4 ( decision tree, DT) (0.956 3) Fo 4 £ 42 F & KA ( gradient
boosting decision trees, GBDT) (0. 938 2) , 4645 4 iz & & B3R 1A iZ Mk BB ALAE

RHEN]  FAAUARA(RF) ; EBZMALR ; Boruta Sk HIER-FH LR

Rl Y U495 SCHkbRRS A

Identification of Fee Evasion Behavior in Expressway Changing Path
Based on Random Forest

70U Jie', CAO Hong-lu®, LI Ping-an', HUANG Shi-yin' , ZHAO Jian-dong’*
(1. TransChina( Beijing) Technology Co. , Ltd. , Beijing 100088, China;
2. School of Traffic and Transportation, Beijing Jiaotong University, Beijing 100044, China;
3. School of Systems Science, Beijing Jiaotong University, Beijing 100044, China)

[ Abstract] 1In order to improve the efficiency of identifying toll evasion behavior by changing paths on highways, toll evasion
behavior was studied by changing paths. A model for identifying toll evasion behavior by changing paths on highways based on random
forests was established, which can effectively identify such behavior of toll evasion and assist relevant management departments of
highways in recovering evaded fees. Firstly, the original toll data were analyzed to filter out the fields related to this study, and the 12
initial features that can be inputted into the model were obtained after arithmetic. Secondly, the features with covariance were eliminated
by calculating the variance inflation factor ( VIF) and tolerance (TOL) values of each feature, and the Boruta algorithm was used to filter
out the high-importance features (“whether the driving direction is consistent” “whether the entry and exit stations are consistent” “travel
time” and “minimum fare mileage” ). Thirdly, the data set was balanced using the SMOTETomek integrated sampling technique. Then,
the grid search method was used to tune the hyperparameters of the random forest. Finally, the model built was utilized for training and
recognition, and the recognition effect was compared with that of the benchmark model. The results show that the model developed can
better recognize the toll evasion behavior by changing paths on highways, and the Macro-F1 score reaches 0. 966, which is better than the
extreme gradient boost (XGBoost) (0.943 1), decision tree(DT) (0.956 3) and gradient boosting decision trees (GBDT) (0.938 2),
and it can provide reference for operation management departments to inspect such toll evasion vehicles.

[ Keywords] random forest( RF) ; toll evasion by changing path; Boruta algorithm; data imbalance processing
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Table 2 Initial extraction feature
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2 B B BEH[0,23]
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Fig. 1 Schematic diagram of changing the path to
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Table 4 Discretization results oftravel time

X 8] 4 = X 1] B
1 [0,0.23)
2 [0.23,0.49)
3 [0.49,0.99)
4 [0.99,1.59)
5 [1.59, + o)
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Table 5 The results of collinear diagnosis calculation
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Table 6 Result of Boruta algorithm feature selection
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Fig. 4 Influence of max_depth on MSE
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Table 7 RF model hyperparameter tuning details and values
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Fig. 5 The confusion matrices for different models
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Table 8 Analysis of evaluation indexes of different models

R Mk B /% BRI/ % Fl-score  Macro-F1
EH AT 99. 96 99.76 0.998 6
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A 96. 52 99.78 0.980 9
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