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Prediction of rut depth on asphalt pavement based on GBM

GUO Runhua', WANG Jingyi’, FU Donglei’
(1. Department of Civil Engineering, Tsinghua university, Beijing 100084, P. R. China; 2. School of Architecture
and Engineering, Xinjiang University, Xinjiang, Urumgqi 830046, P. R. China)

Abstract: Based on the interpretable Machine learning algorithm gradient boosting machine (GBM), this study
employs the long-term pavement performance (LTPP) database to predict the rut depth of asphalt pavement by
considering various influential factors, including environmental, traffic, structural, and material variables.
Compared with artificial neural network (ANN) and support vector machines (SVM), the GBM model provides
superior interpretability by explaining the partial dependence of key factors. The results show that, compared with
ANN and SVM, the GBM model reduces the RMSE by 0.75 and 0.25, and the MAE by 0.54 and 0.07,
respectively, on the test datasets. The main factors affecting rut depth include the initial rutting depth
measurement, time elapsed since the first measurement, total asphalt pavement thickness, and cumulative
equivalent single axle load (ESAL). The partial dependency analysis helps pavement maintenance departments

better understand rutting development under various influential factors, thereby supporting more effective
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pavement maintenance and management decisions.

Keywords: machine learning; gradient boosting machine; LTPP; rut depth; partial dependence
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Table 1 Basic description and source of original data of each influencing factor

ZH 4 - k= x
A BT K /mm 966.53 475.44 CLM_VWS_PRECIP_ANNUAL
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Fig. 1 The correlation coefficient of each influencing factor
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Table 2 Fitted results of each algorithm in the test set

e GBM ANN SVM
RMSE 1.37 2.12 1.62
MAE 0.89 1.43 1.06

T 43 Wt v 2% B0k T 1Y) 4 SO B 5 S B AR RO O A iR 25, SR 3 TR . AR RT T, GBM 1 T
T 2 36F 5 2 6 BT A RS AR o 5 /0N ORIFAE 1 mom AP 5 17 4 2 B30 3k 94 03000 152 2 e SRR AoF 4.6 mm, e 15 5L 5 1 M
FEREK o R, AR AR P 2 0T, GBM T 4 X 5% 2 43 A B AR 6 T 0~1 mm BRI, ANN 915 25 430 Ml i), Je K i
22 0] 3K 4 mm, 17 SVM A T 45 5 0] A T 9 5 22 J6] o



72 TR K F FIR %48 %

®3 BHEFEWKELMNREER

Table 3 Absolute error of each algorithm in test set

2 GBM SVM ANN
1 0.03 0.17 0.55
2 0.07 0.34 1.76
3 0.13 0.72 1.27
4 0.16 0.27 0.64
5 0.30 0.57 0.89
6 0.55 1.20 0.14
7 0.65 0.84 0.97

4.0 - T
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30 F
25|
x
L20f
®
15+
1.0 F
0.5}
00 GBM ANN SVM

B2 BEZMNREATREZE

Fig. 2 Absolut error in test set
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Fig.3 Permutation importance of influential factors
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