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Abstract

In marine environment, chloride-induced rebar corrosion is the principal cause of rein-
forced concrete degradation, resulting in material loss, cracking, and bond failure, all of
which dramatically degrade structural safety, load-bearing capacity, and service life. As a
result, using non-corrosive reinforcement, such as Glass Fibre Reinforced Polymer (GFRP)
bars, is critical for increasing the service life of structures exposed to marine environments.
It has a variety of other benefits over steel rebar as well, including, higher tensile strength,
cost-effectiveness, reduced density, and non-magnetic property. The bond behaviour of
GFRP bars with concrete differs from that of steel, as it exhibits linearly elastic behaviour
with a distinct surface deformation pattern. While several empirical models exist to esti-
mate bond strength, their predictive accuracy is limited; therefore, it is imperative to de-
velop amore robust, data-driven prediction model. This study demonstrates the effective-
ness of Gradient Boosting-based Machine Learning model, optimized via Optuna with K-
fold cross-validation, on estimating the bond strength of GFRP bars with concrete. Anal-
ysis of the results indicates that the model yields superior performance metrics across both
the training and testing phases, characterized by a higher coefficient of determination (R?)
and a reduced Root Mean Square Error (RMSE). As a result, it may be inferred that the
model has a higher predictive capacity than empirical equations.

Keywords: GFRP bars; concrete bond strength; fiber reinforced polymer; machine learn-
ing; Gradient Boosting; data-driven modeling; hyperparameter optimization

1. Introduction

Corrosion of steel reinforcement is a key driver of structural failure in reinforced con-
crete; therefore, represents a major engineering obstacle. The mechanical properties of
steel reinforcement deteriorate due to corrosion caused by chloride ions (from de-icing
substances or the marine environment) penetrating reinforced concrete [1,2]. Therefore,
there is a need for alternative reinforcement that can solve this problem. One of the possi-
ble solutions is the adoption of nonmetallic reinforcement known as Fibre Reinforced Pol-
ymer (FRP) bars [3]. These bars come with different fibres, such as glass, carbon, aramid,
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and basalt. Among these, Glass Fibre reinforced polymer (GFRP) bars are the most prom-
ising in terms of strength and cost. These bars are non-corrosive in nature, so they perma-
nently address the concern of corrosion in reinforced concrete. Furthermore, it offers
higher tensile strength, lower density, and non-magnetic properties [3,4]. The bond of
GFRP bars with concrete is different from that of steel bars due to their linearly elastic
behavior and distinct surface deformation patterns, such as helical wrapping and sand
coating. Scholarly investigations frequently demonstrate that GFRP reinforcement pos-
sesses weaker bonding characteristics with concrete when compared to standard steel re-
bar. There are number of empirical equations (e.g. ACI4401. R15 [5], CSA S806-12 [6], Lee
et al. [7]) available in the literature that can predict bond strength of GFRP bars. Shahri
and Mousavi [8] and Huang et al. [9] reported that existing empirical expressions fail to
reliably estimate the bond strength of GFRP bars embedded in concrete. Similarly, Saad
et al. [10] noted that neither conventional nor modern bond models explicitly incorporate
the influence of varying parameters, underscoring the necessity for more advanced mod-
els that can predict bond behavior without relying on experimental calibration. This re-
veals a research gap: there is a need for advanced predictive frameworks to accurately
estimate the bond strength of GFRP bars with concrete. The data-driven machine learning
approach is promising, as it can capture complex nonlinear relationships between the pa-
rameters. Moreover, as per the comprehensive review by Yue et al. [11], the integration of
machine learning into FRP-reinforced concrete is an emerging research area. Therefore,
this work seeks to create a data-driven machine learning model utilizing the Gradient
Boosting algorithm to estimate the bond strength of GFRP bars with concrete, achieving
more accuracy than empirical models.

2. Dataset compilation

A dataset of 505 data points regarding GFRP-to-concrete bond behavior is synthe-
sized by conducting a systematic review of existing literature [12—-24]. This dataset is uti-
lized to evaluate the performance of existing empirical equations against a machine learn-
ing model based on the Gradient Boosting algorithm. Key features included in the dataset
are bar diameter, development length, concrete strength, concrete cover, and surface treat-
ment (sand-coated vs. non-coated). The reported bond strength values in existing litera-
ture vary widely, ranging from 2.5 to 35.3 MPa with a coefficient of variation of 54%. Such
a broad spectrum and high degree of variability indicate the significant impact of multiple
interacting factors and a lack of uniformity in testing procedures across different studies.
Consequently, this compiled database provides a comprehensive overview of reported
bond performance while emphasizing the necessity of developing predictive models that
can more accurately account for such inherent variability.

3. Assessment of empirical equations

In order to predict the bond strength of FRP bars with concrete, several empirical equa-
tions are available in the literature, including those from ACI 440.1R-15 [5] and Lee et al
[7]. These two empirical models were evaluated against the developed dataset (see Table
1 and Figure 1). It was found that both exhibited substantially lower coefficients of deter-
mination and higher root mean-square errors. Similar conclusions have been reported for
these and other empirical equations in previous studies. This discrepancy in performance
underscores the necessity for more advanced, data-driven predictive frameworks that can
directly capture the nonlinear relationships present in experimental data.
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89 Table 1. Summary of performance metrics for empirical models
Performance Indicators ACI440.1R15 Lee etal.
R2 0.18 0.17
RMSE 7.04 6.51
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90
91 Figure 1. Assessment of ACI 440.1R-15 and Lee et al. empirical equations using the
92 developed dataset
93 4. Development of Machine Learning model
94 The predictive framework was constructed using the Gradient Boosting algorithm within
95 the Python environment. As detailed in Figure 2, this ensemble method [25] generates a
96 robust predictor by sequentially amalgamating multiple 'weak' learners, predominantly
97 decision trees. The defining characteristic of this approach is its error-correction mecha-
98 nism: rather than training models in isolation, each subsequent tree attempts to reduce
99 the errors left by its predecessor. By employing gradient descent to optimize a loss func-
100 tion, the algorithm trains new learners on the residuals of the loss function relative to the
101 previous prediction. The ultimate prediction is an accumulation of these incremental cor-
102 rections, expressed mathematically as:
N
103 ypredZY1+Z’7 T
i=1
104 Where y, is the initial baseline prediction, r; is the error predicted by the i — th tree,
105 and n (learning rate) is a shrinkage parameter that scales each tree's contribution to

106 prevent overfitting.
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108 Figure 2. Schematics of Gradient Boosting algorithm [25]
109 Hyperparameters control the model's complexity and learning process to prevent overfit-
110 ting and ensure accurate predictions on unseen data. Therefore, the hyperparameters of
111 the gradient boosting algorithm must be optimized for the specific dataset. To achieve
112 this, the approach shown in Figure 3 is adopted, where Optuna optimization is used
113 alongside K-fold cross-validation at every iteration (100 iterations, 7 folds). This ensures
114 the development of a robust model that prioritizes generalization over learning noise. Ta-
115 ble 2 shows the optimized set of hyperparameters used in this study.
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Estimator sampler with a fixed
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116
117 Figure 3. Schematic representation of the hyperparameter optimization framework utiliz-
118 ing the Optuna automated tuning library with K-Fold Cross-Validation for the Gradient

119 Boosting regression model.
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Table 2. Optimized hyperparameters for the Gradient Boosting model.

Hyperparameter Value

Number of Estimators 348

Learning Rate 0.05
Maximum Depth 4
Minimum Samples per Leaf 3
Minimum Samples Split 3

Maximum Features Logarithmic (log2)
Subsample Ratio 0.79

In machine learning model development, standard practice involves partitioning the da-
taset into a training set for model training and a testing set for performance evaluation. In
this study, the data was divided using a 70/30 split, with 70% allocated for training and
30% for testing. The results presented in Table 3 and Figure 4 demonstrate that the Gradi-
ent Boosting algorithm achieves superior accuracy compared to the empirical equations.
Specifically, the model exhibits a higher coefficient of determination (R?) and a lower Root
Mean Square Error (RMSE), underscoring its strong predictive capability for the bond
strength of GFRP bars. Furthermore, the Goodness-of-Fit Assessment (as shown in Figure
5) reveals a normal distribution centered at zero, indicating that the Gradient Boosting
model is unbiased and that the prediction errors are random rather than systematic. It
should also be noticed that the testing dataset shows a decrease in R? and an increase in
RMSE compared to the training phase. This disparity suggests that while the current
model is effective, further investigation into alternative algorithms could potentially yield
even better generalization results.

Table 3. Performance of the Machine Learning Model

Performance Gradient Boosting Model Gradient Boosting Model Gradient Boosting Model

Indicators (Training dataset) (Testing dataset) (Complete dataset)
R2 0.90 0.81 0.87
RMSE 2.00 3.06 2.37
Training Testing
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Figure 4. Assessment of the developed model's predictive accuracy against experimental

data
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139
140 Figure 5: Goodness-of-Fit assessment for the ML model
141 5. Conclusions
142 On the basis of above study, following conclusions are formulated:
143 1. Statistical analysis reveals that the empirical formulas from ACI440.1R-15 [5] and
144 Lee et al. [7] failed to provide precise estimates of GFRP bond strength for the
145 collected dataset. The models exhibited substantial deficiencies, evidenced by low
146 coefficients of determination (R2) and high Root Mean Square Error (RMSE) val-
147 ues. This finding is consistent with previous studies [8-9].
148 2. The developed machine learning model based on Gradient Boosting algorithm,
149 trained with Optuna hyperparameter optimization incorporating K-fold cross-
150 validation, demonstrated superior predictive accuracy for estimating the bond
151 strength of GFRP bars with concrete. The developed model outperformed existing
152 empirical formulas, yielding improved statistical metrics, specifically a higher R2
153 value alongside a lower RMSE.
154 3. The observed marginal discrepancy between the training and testing results
155 points to the possibility of mild overfitting within the model. Therefore, the
156 model’s generalization should be further validated using independent datasets.
157 Future work could explore alternative machine learning algorithms, such as Ran-
158 dom Forest, XGBoost, and AdaBoost, with Optuna optimization and K-fold cross-
159 validation.
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