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Enhanced XGBoost-based Prediction Method for Dynamic

Modulus and Phase Angle of Asphalt Mixture

QU Shi-qi', LIANG Zun-dong®* , ZHANG Xin'
(1. Heilongjiang Provincial Transportation Investment Group Co. , Ltd, Harbin 150069, China;
2. School of Transportation Science and Engineering, Harbin Institute of Technology, Harbin 150090, China)

[ Abstract] The dynamic modulus of asphalt mixture is an important parameter in the design of asphalt pavement. Extracting material
characteristics, dynamic modulus, and phase angle information from a large amount of asphalt concrete datasets using integrated
methods is of great significance for optimizing the performance of asphalt pavement. The extreme gradient boost ( XGBoost) model ag-
gregated a series of decision tree models through weighted summation to construct a powerful prediction model, while optimizing the loss
function to minimize prediction errors. In order to further improve the accuracy of dynamic modulus and phase angle prediction, heuris-
tic algorithms were used to optimize the model. Initially, the basic model was initialized based on samples and the gradient of the loss
function of the training data was calculated. Subsequently, XGBoost utilized gradient details to construct a decision tree model, opti-
mized leaf node weights, and updated the model’s predictions through weighted summation. During this process, heuristic algorithms
are used to optimize the optimal parameters of the entire XGBoost model. The experimental results show that the improved XGBoost
model outperforms the original model in all performance evaluation indicators, improving the accuracy of predicting the dynamic modu-
lus and phase angle of asphalt mixtures.
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Fig. 4 Dynamic modulus prediction results
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Table 3 Statistical results of dynamic modulus
prediction ability of different algorithms
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Table 4 Statistical results of phase angle prediction
ability of different algorithms

Sk MAE “F-3{H MSE 3 {H Ak MAE ¥4 {E MSE “F-349{H
NGO-XGBoost 914. 87 2 119 326.77 NGO-XGBoost 2.001 420 7.300 070
XGBoost 993.91 2 353 470. 18 XGBoost 2.132 235 7.778 370
TBA 1 244. 48 2 972 055.70 TBA 2.643 385 11.497 195
TCN 1367.47 3722 967. 55 TCN 3.012 430 15. 001 840
BiGRU 1901.77 5 702 640. 35 BiGRU 4.473 150 29.775 655
BiLSTM 1654.12 4984 951.91 BiLSTM 3.870 970 23.408 675
SVM 1983.33 6 555 789. 38 SVM 4.618 935 31.797 550
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