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Machine Learning-Based Prediction of Natural Carbonation Depth of Bridge

Concrete
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Abstract: To achieve rapid and accurate prediction of the natural carbonation depth of in-service bridge concrete
under ordinary atmospheric environments, a dataset consisting of 496 groups of field-measured concrete
carbonation samples from bridges was first established. Artificial Neural Network (ANN), Support Vector Machine
(SVM) and Random Forest (RF) algorithms were adopted to select optimal parameters. On this basis, regression
trees and four tree-based ensemble learning (EL) algorithms including Bagging, RF, XGBoost and Gradient
Boosting Regression Tree (GBRT) were separately adopted to develop prediction models for the natural carbonation
depth (NCD) of bridge concrete, and interpretable machine learning methods were applied to quantitatively analyze
the influence of each parameter. The results show that: the semi-empirical semi-theoretical model specified in
relevant current Chinese standard produces highly scattered predictions for NCD of bridge concrete, while the EL
model built with GBRT algorithm achieves outstanding performance, with an average ratio of predicted values to
measured values of 1.06 and a coefficient of variation of 0.25. SHAP analysis reveals that concrete compressive
strength and service age are the two most critical parameters affecting the natural carbonation of bridge concrete,
which are negatively and positively correlated with NCD, respectively. The CO: concentration and annual average
ambient temperature at the bridge site also exert considerable positive impacts on NCD, while the remaining
parameters have relatively minor effects.

Key words: bridge engineering; prediction model; ensemble learning; natural carbonation; ordinary atmospheric
environment
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Fig.1 Flowchart of Prediction Model
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Tab.2 Feature Combinations of natural carbonation of bridge concrete
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Tab.3 One-hot encoding for categorical features
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Fig.2 Test results of feature combinations
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Tab.4 Performance comparison of prediction models

_ XN SR B 1 BE T A KRR I 1 REFR bR
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RMSE/mm  MAE/mm R? Gi/mm RMSE/mm  MAE/mm R? Gi/mm
RT 2.34 1.43 0.82 4.60 2.60 1.79 0.71 6.18
RF 1.10 0.71 0.96 1.89 1.56 1.03 0.93 2.78
Bagging 1.90 1.17 0.88 3.49 2.00 1.43 0.88 3.90
XGBoost 1.45 0.94 0.93 2.57 1.75 1.19 0.87 3.38
GBRT 0.72 0.58 0.97 1.34 0.83 0.64 0.96 1.53
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Tab.5 Parameter values of the optimal model
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Fig.3 Prediction results of the optimal GBRT model
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Tab.6 Comparison of performance indicators between the optimal GBRT model and the standard model

i eit] R? RMSE/mm MAE/mm u Cy
At GBRT #iAl 0.97 0.74 0.59 1.06 25%
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