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Pavement Performance Prediction Based on Integrated Particle Swarm

Optimization-Gray Back Propagation Neural Network Model

LI Xuelian, HUANG Yan, LI Xiong
(School of Transportation, Changsha University of Science & Technology, Changsha, Hunan 410114, China)

Abstract: The existing performance prediction model of asphalt pavements is limited by low accuracy and a
lack of historical measured data. To address this issue and maximally optimize the pavement maintenance
decision, a pavement performance prediction model integrating particle swarm optimization (PSO), gray model
(GM), and back propagation neural network (BPNN) was proposed based on network management. Meanwhile,
the model was compared with the GM(1,1) model, support vector regression (SVR) model, BPNN model, and
PSO-BPNN model. Then, the prediction accuracy of the models was evaluated by the mean absolute error
(Emag), the root mean square error (Egysi), and the mean absolute percentage error (Eyapg). The fitting results of
the PSO-gray BPNN model were assessed by the R-squared (R?). The results indicate that by optimizing the
BPNN model with the PSO algorithm and the GM model, the accuracy of the PSO-gray BPNN model is
significantly improved. Based on the performance data of 14 expressways in Hubei Province, a high correlation
between the predicted values of the model and the measured data is found. For the 7, index, the value of Ey,g,
Egwmse> and Eyapp is reduced to 1.721 8, 2.296 8, and 1.897 1, respectively. The value of R* could be up to 0.919.
Compared to the other four models, the PSO-gray BPNN model has the smallest values of prediction error for
Ipcr, Iron Irpr, and Iggy, fully showing the superiority of the model. With higher prediction accuracy, the proposed

PSO-gray BPNN model has prediction results more consistent with the actual situation, providing an accurate
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and reliable technical support for the prediction of pavement performance at the network level.

Keywords: road engineering; pavement performance; particle swarm optimization; back propagation neural

network; gray theory
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Figure 1 Flowchart of integrated PSO-gray BPNN model
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Table 1 Complementary gray characterization data of I,

and examined results

B By VLR AE 03 T b 0 5 €045 A 2048 B A o 0 435 2

%% 2018 2019 2020 2021 2022 2023 ¢ P

1 93.9 933 928 922 916 91.1 040 1.00

2 942 934 927 919 91.2 904 0.36 1.00
3 94.7 93.6 925 91.5 90.5 895 0.32 1.00
4 97.0 95.8 946 934 923 91.2 040 0.86
5 95.6 948 94.0 932 924 916 0.63 0.71
6 96.3  95.2 941 93.0 91.9 90.8 0.47 0.86
7 96.0 949 93.8 927 916 90.5 0.53 0.86
8 96.7 953 94.0 927 914 90.2 046 1.00
9 98.6 96.3 94.0 91.8 89.7 87.6 0.29 1.00
10 97.1 955 94.0 925 91.0 895 0.38 0.86
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Figure 2 Fitness change curve of PSO algorithm
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Figure 3 Prediction result comparison of all BPNN

model sections
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