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Accuracy Evaluation of Machine Learning Model for Concrete Aging
Prediction due to Thermal Effect and Carbonation
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Abstract

Numerous factors contribute to the deterioration of reinforced concrete structures. Elevated temperatures significantly alter
the composition of the concrete ingredients, consequently diminishing the concrete’s strength properties. With the escalation
of global CO2 levels, the carbonation of concrete structures has emerged as a critical challenge, substantially affecting
concrete durability research. Assessing and predicting concrete degradation due to thermal effects and carbonation are
crucial yet intricate tasks. To address this, multiple prediction models for concrete carbonation and compressive strength
under thermal impact have been developed. This study employs seven machine learning algorithms—specifically, multiple
linear regression, decision trees, random forest, support vector machines, k-nearest neighbors, artificial neural networks, and
extreme gradient boosting algorithms—to formulate predictive models for concrete carbonation and thermal impact. Two
distinct datasets, derived from reported experimental studies, were utilized for training these predictive models. Performance

evaluation relied on metrics like root mean square error, mean square error, mean absolute error, and coefficient of
determination. The optimization of hyperparameters was achieved through k-fold cross-validation and grid search
techniques. The analytical outcomes demonstrate that neural networks and extreme gradient boosting algorithms outshine
the remaining five machine learning approaches, showcasing outstanding predictive performance for concrete carbonation

and thermal effect modeling.

Keywords : Machine learning, Concrete carbonation, Concrete high temperature, Compressive strength, Carbonation depth
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1. Cement content (B)

2. Fly-Ash (FA)

3. Water—Binder ratio (w/b)
4. CO, concentration

5. Relative Humidity (RH)
6. Exposure time (t)

Carbonation
— depth (X)

(Fig. 1) Inputs and output of concrete
carbonation database
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(Table 1) Statistical values of carbonation DB

Input Max Min Mean SD*
B(kg/m’)| 500 222 366 61.50
FA(%) 70 0 19 20.22
w/b 0.65 0.28 0.47 0.09
COx(%) 100 0.03 15 20.68

RH(%) | 90 40 65 513
{(Vday)| 23 2 7 457

*SD: Standard Variation
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(Fig. 2) Correlation heatmap of carbonation DB
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1. Cement
2. Water
3. Fine aggregate

6. Superplasticizer

7. Nano silica
8. Silica fume ¥ strength

9. Temperature

(Fig. 4) Inputs and output of concrete
thermal effect database

4. Coarse aggregate
5. Fly Ash
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+ Multiple Linear Regression

+ Decision Tree Model

+ Random Forest Based

+ Support Vector Machine (SVM) Learning
+ Neural Networks (NN)

+ eXtreme Gradient Boosting (XGBoost)

+ K-Nearest Neighbor (KNN)—=» Instance Based Learning

(Fig. 6) Selected ML algorithms
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