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SHAP-RF model based real-time estimation of road surface temperature of mountainous
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Abstract: To realize the real-time accurate prediction at road surface temperature on mountain
highways, minute-level meteorological data from Mazhao Expressway in Yunnan Province for 2
years were collected. The SHAP attribution analysis method was used to filter the important fea-
ture parameter combinations as model inputs. The random forest regression algorithm was used
to construct the real-time estimation model for the road surface temperature of mountain express-

way under different road conditions. Compared with the classical models such as LightGBM, XG-
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Boost, and multiple linear regression (MLR), a comprehensive analysis of the accuracy of the

proposed model was conducted. The results show that: (D Traffic meteorological characteristics in

both dry and wet pavement conditions do not contribute to the road surface temperature in the

same order of importance. @ The best combination of inputs to the model in the dry state is air

temperature + time + relative humidity + air pressure, and the best combination of inputs to

the model in the humid state is air temperature + air pressure + time + relative humidity + wet
slip coefficient. @ Compared with the three comparative models, the SHAP-RF model had the
best prediction, with MAEs of 1. 046 °C and 0. 367 ‘C in the dry and wet states, respectively. The

research results can provide the basis for the intelligent perception of low-cost transportation meteorological

environment and ice and snow disaster prevention technology for mountain highways.

Key words: traffic safety; road surface temperature; SHAP attribution analysis; random forest

regression; multidimensional meteorological factors; mountainous expressway
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