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ABSTRACT

Accurately predicting tensile mechanical properties of Engineered Cementitious Composites
(ECC), including tensile strength (TS) and ultimate tensile strain (UTS), remains challenging,
particularly for the ultimate tensile strain, which exhibits high data dispersion that hinders reliable
predictions. While machine learning (ML) has shown significant promise in predicting the mechanical
properties of ECC, it faces several challenges: (1) limited predictive accuracy; (2) complexity and
time-consuming nature of hyperparameter tuning; (3) insufficient research into predicting the UTS of
ECC. To overcome these challenges, this study proposes a fully automated deep learning model
enhanced by Bayesian optimization for predicting the tensile mechanical properties of polyethylene
fiber-reinforced engineered cementitious composites (PE-ECC). First, convolutional neural network
(CNN) model was employed to enhance feature extraction and predictive accuracy. Second, Bayesian
optimization was utilized to automatically construct the network and optimize various

hyperparameters, resulting in an optimized network. This research demonstrates the effectiveness of
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the proposed Bayesian-optimized convolutional neural network (BO-CNN) method in predicting PE-

ECC's TS and UTS, utilizing a dataset of 154 experimental samples from published literature,
achieving coefficients of determination (R?) of 0.911 and 0.775, respectively. The BO-CNN method
not only outperforms CNNs and artificial neural networks (ANNs) optimized through grid search but
also surpasses other eleven traditional ML models. Furthermore, SHapley Additive exPlanations
(SHAP) was employed to interpret input features' contributions in the prediction of tensile mechanical
properties. Overall, the proposed method provides an efficient and reliable solution for predicting the
tensile mechanical properties of ECC.
Keywords: Engineered cementitious composites; polyethylene fiber; deep learning model; tensile
mechanical property; Bayesian optimization
1. Introduction

Engineered Cementitious Composites (ECC) is a high-performance fiber-reinforced concrete
(FRC) that has garnered significant attention due to its unique pseudo strain-hardening behavior and
exceptional multiple-cracking tensile performance [1-3]. Unlike conventional concrete, ECC does not
exhibit brittle fracture under tension. Instead, it demonstrates ductility similar to that of metallic
materials, forming fine cracks throughout the tensile process without complete failure. The
composition of ECC primarily consists of a matrix (cement, sand, water, etc.) and fiber. Recent
studies indicate that the tensile behavior of ECC depends not only on the volume fraction of fiber [4-8]
but also on several other factors: fiber properties (mechanical properties, aspect ratio, etc.) [9, 10],
matrix properties (initial flaw size distribution, inherent mechanical properties, etc.) [11-13], fiber-
matrix interface properties (chemical bonding, frictional interaction, etc.) [14], and concrete admixture
properties (type, volume, etc.) [15]. However, fully understanding the tensile mechanical properties of
ECC under the influence of these various factors relies on extensive experimentation, which is often
uneconomical and time-consuming. Therefore, there is an urgent need to develop methods that can
swiftly, efficiently, and accurately predict the mechanical properties of ECC using available

experimental data.
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Due to its advantages in addressing complex nonlinear problems, machine learning (ML) has
been widely adopted in civil engineering [16], with applications such as structural damage detection
and the prediction of mechanical properties [17-19]. The most commonly used ML methods for
predicting concrete mechanical properties can be categorized into four main groups: empirical risk
minimization (e.g., artificial neural network, ANN), structural risk minimization (e.g., support vector
machine, SVM), ensemble algorithms (e.g., decision tree, DT), and evolutionary algorithms [20]. For
instance, Fan et al. [21] utilized SVM to predict the compressive strength of concrete based on its
constituent materials. Behnood and Golashfani [22] employed the MS5P algorithm to model various
properties of concrete containing waste foundry sand, including compressive strength, modulus of
elasticity, flexural strength, and splitting tensile strength. Nguyen et al. [23] applied ensemble
algorithms such as DT and extreme gradient boosting (XGBoost) to predict the strain at peak tensile
stress and energy absorption capacity of ultrahigh-performance fiber-reinforced concrete (UHPFRC).
Alyami et al. [24] implemented seven ML algorithms, including support vector regression (SVR), DT,
SVR-bagging, SVR-boosting, random forests (RF), gradient boosting (GB), and gene expression
programming (GEP) to predict the compressive strength of 3D-printed fiber-reinforced concrete (3DP-
FRC).

In addition to the aforementioned ML algorithms, neural networks, as a significant class of ML
algorithms, have also begun to be applied in predicting the mechanical properties of concrete. Uddin
et al. [25] employed ANNs to predict the compressive strength and tensile strength of polyvinyl
alcohol fiber-reinforced engineered cementitious composite (PVA-ECC). Malik et al. [26] used an
ANN model that incorporates ten input parameters, including all the ingredients of the mix design and
the properties of the fibers utilized, to predict the complete tensile stress-strain curve of ECC in terms
of a bilinear idealized curve. Furthermore, some researchers have begun to compare the predictive
capabilities of neural networks with other ML models in evaluating the mechanical properties of
concrete. Feng et al. [27] employed backpropagation neural networks (BPNN) alongside three other
ML models, including RF, linear regression (LR), and multiple linear regression (MLR) to predict the

uniaxial compressive strength and corresponding peak strain of rubber-modified recycled aggregate
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concrete (RRAC) [28, 29]. Validation based on a dataset comprising 120 samples revealed that BPNN

exhibited superior predictive performance compared to the other ML algorithms. Lyngdoh et al.
predicted the strength of concrete using various ML approaches, including polynomial regression (PR),
least absolute shrinkage and selection operator (LASSO), SVM, RF, XGBoost, and ANN. They found
that ANN and XGBoost demonstrated excellent predictive efficiency when dealing with datasets
containing a higher degree of missing data [30]. These results underscore the strong capabilities of
neural network models in accurately predicting the mechanical properties of ECC and various other
types of concrete.

Unlike traditional neural networks and other ML algorithms mentioned above, convolutional
neural networks (CNNs) represent an emerging class of deep learning (DL) techniques [31,32]. With
multiple built-in hidden layers, CNN can extract deeper features from input samples and utilize them
effectively, thereby enhancing the network's predictive capabilities in complex nonlinear problems.
Researchers have applied CNN in various fields, including structural engineering, earthquake
prevention, and disaster mitigation. Notably, image-based detection and evaluation of concrete surface
cracks are widely employed [33—-36]. Shaswat et al. [37] optimized CNN to predict concrete slump
values by hybridizing sea lion prediction results. Deng et al. [38] developed a CNN model to estimate
the compressive strength of recycled aggregate concrete, demonstrating that CNN exhibited greater
adaptability and efficacy in learning deeper features from input variables compared to traditional ANN
model. Additionally, Li et al. [39] validated the effectiveness of CNN in predicting concrete
compressive strength while accounting for the influence of coarse aggregate type and gradation. Their
findings indicated that the prediction performance of the CNN model, which considers aggregate
types and gradations, outperformed that of the ANN model. These studies indicate that CNNs can
provide effective feature extraction and improved predictive performance in concrete-property
regression. However, their suitability for predicting the tensile properties of ECC requires further
investigation.

Current research identifies several shortcomings in models that predict the mechanical properties

of ECC and other concrete materials: (1) traditional ML models, such as RF and SVM, face
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limitations in feature extraction and in addressing complex nonlinear relationships, which negatively
impact predictive accuracy; (2) the optimization processes for these ML models often require manual
adjustments or extensive hyperparameter tuning, constraining their optimization potential, reducing
predictive accuracy and efficiency, and prolonging development timelines [40—42]; (3) Furthermore,
there is a scarcity of studies utilizing ML to predict the mechanical properties of ECC, particularly
ultimate tensile strain, due to its higher data dispersion, which complicates predictions [26, 43—46].
Further exploration in this area is warranted.

This study presents an advanced predictive methodology for assessing the tensile properties of
polyethylene fiber-reinforced ECC (PE-ECC), addressing the previously identified limitations. The
approach employed a CNN optimized through Bayesian optimization techniques, referred to as BO-
CNN, to predict the tensile properties of ECC. A dataset consisting of 154 samples, compiled from
existing literature [7, 46—89], was utilized for this purpose. The model incorporated ten input features,
including matrix and fiber properties, and was specifically designed to predict two primary output
targets: tensile strength (TS) and ultimate tensile strain (UTS). The efficacy of the BO-CNN model
was rigorously evaluated using various performance metrics, including the correlation coefficient (R),
standard deviation (SD) and so on. Its superiority was demonstrated through comparative analyses
with other thirteen representative models. Additionally, SHapley Additive exPlanations (SHAP) was
conducted to elucidate the contribution of each input feature to the model’s outputs. The findings of
this study are significant, as they present a fully automated prediction framework for the tensile
strength and ultimate tensile strain of ECC, achieving optimal predictive performance while
functioning independently of human intervention.

2. Database
2.1. Overview

The first step in developing a predictive model is data collection. This study utilized a dataset
compiled from published literature on ECC materials, consisting of 154 samples of PE-ECC. The raw
materials included ordinary Portland cement 52.5R (C), fly ash (FA), ground granulated blast-furnace

slag (GGBS), lime powder (LP), silica fume (SF), sand (S), water (W), and polyethylene (PE) fiber.
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Specimens were cured under standard conditions for 28 days and subjected to uniaxial tensile tests to
determine tensile strength and ultimate tensile strain.The dataset encompassed 12 features: 10 input
features and 2 output targets. The input features pertained to matrix and fiber properties, specifically:
the mass ratios of cement to binder materials (C/B), fly ash to binder materials (FA/B), ground
granulated blast-furnace slag to binder materials (GGBS/B), lime powder to binder materials (LP/B),
silica fume to binder materials (SF/B), sand to binder materials (S/B), water to binder materials (W/B),
fiber volume fraction (Vy), fiber length (L,), and fiber diameter (D). Here, the mass of the binder
materials (B) is defined as the sum of C, FA, GGBS, LP and SF. The output targets were tensile
strength and ultimate tensile strain. Table 1 presents the statistical information and range of features in
the dataset, highlighting their variation.

Table 1. Statistical details of the features in the dataset.

Features Unit Min Max Mean SD
C/B / 0.200 0.830 0.509 0.163
FA/B / 0.000 0.800 0.182 0.244
GGBS/B / 0.000 0.590 0.177 0.215
LP/B / 0.000 0.490 0.038 0.083
SF/B / 0.000 0.400 0.095 0.090

Inputs
S/B / 0.059 0.912 0.337 0.114
W/B / 0.131 0.420 0.216 0.065
\Z % 0.500 3.00 1.700 0.500
L, mm 6.000 18.000 15.279 3.069
Dy um 12.000 26.900 23.323 2.118
TS MPa 2.780 18.810 8.447 3.722
Outputs

UTS % 0.990 13.430 5.847 2.497

2.2. Data description
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Fig. 1 illustrates the probability density of the mass ratios of various matrix components to binder
materials. The density distributions of these mass ratios range from 0 to 1, with distinct peaks,
indicating a wide variation in the dataset. This diversity enhances the reliability and generalization
ability of the implemented ML models, suggesting that the samples in this study are both diverse and
representative. Fig. 2 displays the density distributions of fiber properties, including Vi, L. and Dy.
The fiber volume fraction predominantly clusters around 1% and 2%, while the fiber length mainly
concentrates at 12 mm and 18 mm, and the fiber diameter is primarily observed at 18 um and 24 pm.
The statistics presented in Fig. 2 further support the representativeness of the samples, aligning with

practical engineering applications.
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Fig. 1. Density distributions of the mass ratios of various matrix components to binders.
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Fig. 3. Correlation heatmap of the features in the dataset.

Fig. 3 presents a heatmap of the dataset features, where the correlation coefficients indicate the
strength of linear relationships between each feature. Notably, the W/B significantly influences the
tensile strength of PE-ECC, exhibiting a strong negative correlation with a coefficient of -0.73. This
finding is consistent with experimental results, which show that a higher W/B ratio leads to lower
tensile strength in specimens. Conversely, the GGBS/B positively impacts tensile strength, with a
correlation coefficient value of 0.54. For ultimate tensile strain, both V, and L, show positive
correlations, with R values of 0.37 and 0.41, respectively. This suggests that increasing fiber volume
fraction and using longer fibers can enhance ultimate tensile strain. In contrast, the SF/B and Dy
negatively affect ultimate tensile strain, with R values of -0.23 and -0.18, respectively, indicating that
higher SF content and larger fiber diameter may slightly reduce ultimate tensile strain. Overall, Fig. 3
illustrates that W/B and GGBS/B ratios have significant effects on the tensile strength of PE-ECC,
while fiber properties exert a more pronounced influence on ultimate tensile strain performance.

2.3. Data preprocessing
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Before training the models, the input data were normalized using min-max normalization, as
described in Eq. (1). This process transformed all features into the range [0, 1], which can accelerate
and stabilize the training process. Furthermore, min-max normalization reduces the impact of
dimensional diversity, ensuring that all input features contribute equally to the model output.

The normalized value X,,,, is calculated using the following formula:

X_Xmin

X =__—mn
nor
Xmax'Xmin

(1

where X, and X4, denote the minimum and maximum values of the input feature, respectively.
2.4. Cross validation

Cross-validation [90] is an effective technique for mitigating overfitting issues that may arise
from a limited dataset by making use of all available data for both training and testing. In this study, a
9-fold cross-validation (CV) method was employed, as illustrated in Fig. 4. The dataset was initially
divided into a 9-fold CV set (90%) and a test set (10%). The 9-fold CV set was then further split into 9
folds, with 8 folds utilized for training the ML model, while the remaining fold was reserved for
performance validation. During the training phase, the model's hyperparameters were optimized using
a Bayesian optimization technique. After each training iteration, evaluation metrics, such as mean
squared error (MSE), were computed. This process was repeated nine times to complete the 9-fold CV.
Ultimately, the model with the optimal hyperparameters was validated on the test set to assess its
predictive performance. This strategic division of the data ensures a fair evaluation on unseen data and

enhances the model's generalization capability.
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Fig. 4. 9-fold cross validation.
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Additionally, early stopping was implemented on the validation dataset to prevent overfitting of
the current ML model [91]. This technique halts training if the model's performance does not improve
over a specified number of epochs. The predefined threshold for this criterion is referred to as patience.
In this study, the maximum number of epochs was set to 2000, with a performance improvement
threshold of 0.001 and a patience value of 50. Specifically, if the MSE of the validation set does not
decrease by at least 0.001 for 50 consecutive epochs, training will cease, and the weights from the
epoch with the best validation performance will be considered the optimal weights for the model.

3. Methodology

This paper proposes a novel ML model for predicting the tensile mechanical properties of PE-
ECC using CNN and Bayesian optimization. The proposed model incorporated ten input features and
two output targets. The input features included matrix component properties (C/B, FA/B, GGBS/B,
LP/B, SF/B, S/B, W/B) and fiber properties (V, Ly, Dy). The output targets were tensile strength and
ultimate tensile strain. The predictive performance of the model was evaluated using seven evaluation
metrics: R, coefficient of determination (RZ), MSE, root mean square error (RMSE), mean absolute

error (MAE), mean absolute percentage error (MAPE) and SD. Consequently, the proposed BO-CNN
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model was compared with a grid search-optimized CNN (GS-CNN), a grid search-optimized ANN

(GS-ANN), and other eleven conventional ML models, such as RF, SVM, and XGBoost. Fig. 5
illustrates the flowchart of the proposed predictive model for the tensile mechanical properties of PE-
ECC. This section also focuses on the fundamental principles of the two techniques, CNN and
Bayesian optimization, and briefly introduces the principles of other comparative ML methods and the

grid search method.
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Fig. 5. Flowchart of the proposed predictive model for tensile mechanical properties of PE-ECC.
3.1. Convolutional neural network

As a type of feed-forward neural network, CNN excels at extracting features from data with
convolutional structures. Unlike traditional feature extraction methods, CNN eliminates the need for
manual feature selection. The success of CNN is largely attributed to its local connectivity and weight
sharing, which not only reduce the number of weights but also simplify network optimization while
mitigating the risk of overfitting [92].

The most commonly used layers in a CNN include: (1) the input layer; (2) the convolutional
layer; (3) rectified linear units (ReLU); (4) the pooling layer and (5) the fully connected layer, as
illustrated in Fig. 6. The input layer typically receives input data formatted as matrices (e.g., images),
which may have equal dimensions in width and height. Features are extracted by applying

convolutional filters to the input matrix.
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The core structure of a CNN is the convolutional layer, which is characterized by local receptive
fields. In this configuration, each neuron in the convolutional layer connects only to a small region of
the input domain. This design allows the CNN to effectively capture spatial correlations between units,
thereby enhancing the accuracy of classification or regression tasks. The mathematical representation

of the convolution operation is given by:
S@j)=(I*K) (ij)= § 2 I (i+mj+n)-K(m,n) 2)

where S(i,j) is the input to the next layer, I represents the input data, K denotes the 2D kernel function
or filter matrix, i and j are variables, and m and n the indices within the convolution kernel.

The activation function endows the CNN model with nonlinear capabilities, enabling it to
establish a nonlinear relationship between input features and output values. In this study, various
activation functions were utilized to enhance the model's ability to fit nonlinear relationships. For
example, the ReLU activation function was employed due to its advantages in conserving
computational resources and reducing issues like gradient vanishing and overfitting because of its
sparse characteristics.

The pooling layer, also known as the subsampling layer, typically follows the convolutional layer
and does not involve weights or activation functions. Its primary purpose is to reduce the spatial
dimensions of the feature maps through downsampling, thereby decreasing computational complexity.
The most prevalent pooling algorithm is max pooling, which selects regions from the input feature
map, retaining the maximum value within each region while discarding the other values.

Finally, the output from the last convolutional or pooling layer is transformed into a one-
dimensional vector. This vector is then connected to fully connected layers containing learnable
weights, linking the input and output vectors. The feature vectors generated by the convolutional or
pooling layers are mapped to the final output of the model through a subset of fully connected layers,
which yield either classification probabilities or regression values for different learning tasks. In

regression tasks, the final fully connected layer typically has a single output node with an activation
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function, allowing the model to predict continuous values. The activation function is applied after
each hidden layer to enhance the model's capacity to capture nonlinearities.

Input Layer Conv-Pooling Layer Conv-Pooling Layer n Full Connected Layer Output Layer

Input 1 |
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Fig. 6. Architecture of CNN model.

3.2. Bayesian Optimization

When employing CNN for regression tasks, configuring hyperparameters such as the number of
hidden layers, the number of neurons, and the learning rate is critical before training. Typically,
researchers establish these hyperparameters based on empirical evidence, which, while cost-effective,
can often result in suboptimal model performance. Bayesian optimization is a powerful global
optimization algorithm designed to identify the optimal solution within the parameter space [93, 94].
Mathematically, this process involves seeking the global optimum of an unknown objective function
[95]:

F_argmax A2)
z€Z

3)

where z* denotes the parameters being optimized, Z represents the set of all parameters under
consideration, f{z) is the objective function to be optimized, and z is a parameter vector in the
parameter space Z. Bayesian optimization typically requires two key components to function
effectively.

First, the prior function's form is established based on the assumed distribution of the objective
function. A Gaussian process is commonly selected for this purpose due to its flexibility and
tractability. Second, the construction of an acquisition function is crucial, as it determines the next

point to explore in the parameter space, utilizing the updated posterior distribution to guide the

decision-making process.
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In practice, the selection of subsequent sampling points in Bayesian optimization considers both
exploitation and exploration. Exploitation focuses on searching around the currently identified optimal
solution to refine it, while exploration targets regions of the parameter space that have not yet been
assessed, thus avoiding entrapment in local optima. Common acquisition functions include the
Expected Improvement (EI), Upper Confidence Bound (UCB), and Probability of Improvement (PI)
functions. For this research, the UCB function was chosen as the primary sampling strategy due to its
effectiveness in balancing exploitation and exploration. The mathematical formulation of the UCB
function is given by:

UCB(z)=u(z)*&(2) “
where u(z) and &(z) are the mean and standard deviation of the joint posterior distribution of the
objective function obtained using a Gaussian process, respectively.

From Eq. 4, it is evident that by adjusting the magnitude of the parameter &, the trade-off between
exploration and exploitation can be controlled effectively, thus guiding the selection of sampling
points in the parameter space.

3.3. Grid search and other comparative ML models

To evaluate the effectiveness of CNNs and Bayesian optimization techniques within the BO-
CNN framework for predicting the tensile mechanical properties of PE-ECC, we also employed the
classic grid search (GS) technique and compared the results with those of eleven other ML models.

GS is a widely utilized global optimization technique designed to search for optimal solutions within
the hyperparameter space [96]. A key advantage of GS lies in its simplicity and intuitiveness, which
facilitates straightforward implementation. It ensures that each parameter combination is evaluated
fairly, thereby guaranteeing the identification of optimal solutions. However, this approach can be
particularly time-consuming when dealing with a large hyperparameter space or when training each
model is costly. Despite its limitations in efficiently managing high-dimensional hyperparameter
spaces, GS remains a prevalent parameter optimization technique in the field of ML, especially

suitable for scenarios with a relatively small number of hyperparameters.
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For comparative analysis, the comparison set comprised eleven conventional ML models,
including LR, ridge regression (RR), LASSO, DT, RF, SVR, k-nearest neighbors (kNN), GB,
XGBoost, Light Gradient Boosting Machine (LightGBM), and Categorical Boosting (CatBoost),
together with GS-ANN and GS-CNN. All tunable comparison models were optimized using grid
search, whereas the proposed BO-CNN was optimized using Bayesian optimization. Thus, the
benchmark covers a progressive range of models from conventional machine learning to ANN and
CNN architectures. In particular, GS-ANN provides a grid-search-optimized MLP benchmark, while
XGBoost, LightGBM, and CatBoost provide strong modern gradient-boosting benchmarks. The
theoretical foundations and algorithmic details of these models can be found in the relevant literature
[97-103].

3.4. Model performance evaluation metrics

Seven evaluation metrics were selected to assess the performance of the ML model. These
metrics are R, R?, MSE, RMSE, SD, MAE and MAPE. The values of R and R? indicate how well the
predicted values align with the observed outputs, with higher values signifying a better goodness of fit.
Conversely, MSE, RMSE, MAE, and MAPE quantify the discrepancies between predicted and

experimental values, with lower values indicating higher prediction accuracy.
o Z T} (e Vo)
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1 n
MAE=—Z Y Y 10
n i=l| pre exp| (10)
I |7,
MAPE=—Z e Yew 0 )
n =1 Yexp

where n represents the total number of samples, Y,,, denotes the experimental values, and Y,,,, refers

to the predicted values.
3.5. Hyperparameter tuning

To fully leverage the advantages of Bayesian optimization for network construction and
automatic hyperparameter tuning, this study meticulously defined the model's search space to enhance
the predictive performance of the BO-CNN. Specifically, Bayesian optimization was employed to
explore key architectural and training hyperparameters, including the number of convolutional layers,
the number of kernels per layer, and the kernel sizes, thereby facilitating more effective feature
extraction. Furthermore, hyperparameters such as the dropout rate were adjusted to mitigate
overfitting and enhance the model's generalization capabilities. The optimized hyperparameters for
this model are summarized in Table 2, while the optimal parameters identified through Bayesian
optimization are detailed in Appendix A and B.

Table 2. The Bayesian optimized hyperparameters in the BO-CNN model.

Hyperparameter Range Hyperparameter Range

Number of neurons of
Convolutional layer
1to5 each fully connected 1 to 256
number

layer

Number of filters of
each convolutional

layer

Size of filters in each

convolutional layer

Activation function of

1 to 256 each fully connected
layer
Regularization type
1to 10 for each fully

connected layer

ReLU; Leaky ReLLU

L1;L2; L1 and L2;

None
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Activation function of Activation function of

each convolutional ReLU; Leaky ReLU each fully connected ReLU; Leaky ReLU

layer layer
Batch normalization Batch normalization
for each convolutional Yes; No for each fully Yes; No
layer connected layer

Pooling layer;
Spatial down sampling

Transposed Dropout rate of each 0 to 0.5 (step size
type of each
convolution layer; fully connected layer 0.05)
convolutional layer
None
Transformation layer Flatten layer; Global Adam; RMSprop;
Optimizer type
type pooling layer SGD
Number of fully Learning rate for
1 to 5 layers 0.0001 to 1
connected layers optimizer

Using the BO-CNN model to predict tensile strength as an example, the optimization process is
illustrated in Fig. 7. The model's initial performance was unstable. However, as the optimization
progressed, the performance gradually improved and eventually stabilized. As shown in Fig. 7, the
best performance was achieved at the 137™ trial, where the test set attained a R* value of 0.911 and an
MSE value of 0.500. Furthermore, the cumulative mean of R* converged and remained stable after
approximately 800 to 1000 trials, indicating that Bayesian optimization had successfully identified the
optimal hyperparameter configuration and that further exploration of the parameter space ceased to
yield additional improvements.

Using the BO-CNN model for tensile strength as an example, Fig. 7 illustrates the

hyperparameter optimization process. For each trial, the validation R* values were calculated for the
nine folds and then averaged. The hyperparameter configuration obtained at the 137th trial achieved

the highest mean validation R* and was therefore selected as the optimal configuration. Using this
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configuration, the resulting BO-CNN models achieved an average test-set R> of 0.911 and an average
MSE of 0.500. Fig. 7 presents the cumulative average of the nine-fold mean validation R* over the
optimization trials. This cumulative average gradually stabilized after approximately 800 to 1000 trials,

indicating that the overall performance of the optimization process had become stable.

0.82F

0.80

0.78 |-

R2

0.76

0.74 |

1 1 1 1
0 200 400 600 300 1000
Trials

Fig. 7. Bayesian optimization process of cumulative average of nine-fold mean validation R*.

The optimization process for selected hyperparameters is depicted in Fig. 8. As shown in Figs.
8(a) and 8(c), the number of convolutional layers converged towards 2, while the number of fully
connected layers approaches 5, indicating these configurations yield higher R* values compared to
other settings. For the transformation layer type, Fig. 8(b) illustrates that the model ultimately selected
the flatten layer, which demonstrated stable performance within the CNN architecture and retains the
features processed by the convolutional layers more effectively than global pooling layers. Regarding
the optimizer, Fig. 8(d) shows that the model favors RMSProp, as it consistently provides excellent
and stable performance while minimizing computational resources in most scenarios.Overall, it is
evident from Fig. 8 that the hyperparameter values were relatively dispersed during the initial trials.
However, in subsequent trials, these values gradually converged in the region that maximized the
objective function. As an informed search method, Bayesian optimization continuously learns from
prior optimizations, facilitating the rapid identification of an optimal base ML model with enhanced

predictive accuracy while reducing human intervention and computational costs.
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Fig. 8. Bayesian optimization process of each hyperparameter: (a) convolutional layer number; (b)
transformation layer type; (c) fully connected layer number; (d) optimizer type.

4. Results and discussions
4.1. BO-CNN model performance evaluation

This section provides a comprehensive analysis of the prediction results from the optimized BO-
CNN model on each set of the ninth fold, aimed at evaluating its predictive accuracy and
generalization capabilities. During training, both the training loss and validation loss steadily
decreased and converged toward zero, indicating that the model was free from underfitting.
Meanwhile, the validation loss remained consistently above the training loss without divergence,
confirming the absence of overfitting. Early stopping was adopted to terminate training once the
validation loss failed to improve for 50 consecutive epochs, which effectively mitigated overfitting

risk and conserved computational resources.
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Figs. 9(a) and 9(b) compare the experimental values with the predicted values obtained from the

BO-CNN models. Table 3 demonstrates that the model predicts PE-ECC tensile strength with a high
degree of accuracy (R2 = 0.914, MAPE = 0.074). However, the model's accuracy for ultimate tensile
strain is lower, with an R? value of 0.759 and a MAPE value of 0.279. Ultimate tensile strain is more
sensitive to factors such as fiber distribution and orientation, fiber — matrix interfacial behavior,
microcrack evolution, and variations in casting and loading processes, and consequently exhibits
greater data dispersion. Compared with the model developed by Altayeb et al. [104], which achieved

an R* value of 0.61 for ultimate tensile strain, the BO-CNN model can therefore be regarded as

reliable in predicting the ultimate tensile strain of ECC.
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Fig. 9. Performance of the BO-CNN model in predicting PE-ECC: (a) tensile strength; (b) ultimate

tensile strain.

Table 3. R* and MAPE values of the BO-CNN model for the test set predictions.

Output feature R? MAPE
Tensile strength 0.914 0.074
Ultimate tensile strain 0.759 0.279

To further evaluate the reliability of the BO-CNN predictions, Fig. 10 presents the error
distributions for the training, validation, and test subsets. For tensile strength, most prediction errors
are concentrated near zero, and the training and test subsets exhibit similar error standard deviations of
0.685 and 0.695 MPa, respectively. Although the validation subset has a relatively larger standard
deviation of 1.085 MPa, the overall standard deviation remains 0.737 MPa. For ultimate tensile strain,
the prediction errors are also predominantly distributed around zero, with an overall standard
deviation of 0.753 percentage points. Despite some variation among the three subsets, the
concentrated error distributions and limited overall standard deviations demonstrate that the BO-CNN
model maintains stable error characteristics and reliable predictive performance for both tensile
strength and ultimate tensile strain, supporting its application in predicting the tensile mechanical

properties of PE-ECC.
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Fig. 10. Error distribution histograms for BO-CNN model predictions: (a) tensile strength; (b) ultimate
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tensile strain.
4.2. Comparative assessment of the BO-CNN model and other neural network models optimized
by GS techniques

This section evaluates the effectiveness of CNN and Bayesian optimization technique within the
BO-CNN framework for predicting the tensile mechanical properties of PE-ECC. For comparison, the
classic GS method and ANN were introduced. The GS method is a widely used hyperparameter
optimization technique, while ANN is a model commonly employed for predicting the mechanical
properties of concrete. In this study, the GS-CNN and GS-ANN were used as comparative models to
assess the prediction accuracy of three models, including BO-CNN, for both tensile strength and
ultimate tensile strain.

The predicted values generated by the BO-CNN model closely align with the experimental values,
indicating superior predictive performance. Fig. 11 presents the evaluation metrics (R>, RMSE, MAE)
for predicting tensile strength and ultimate tensile strain across the models. For tensile strength, as
shown in Fig. 11(a), the R? values for BO-CNN, GS-CNN, and GS-ANN are 0.91, 0.86 and 0.81,
respectively, demonstrating that BO-CNN achieves the highest accuracy, followed by GS-CNN and
GS-ANN. The RMSE values for these models are 0.71, 0.95 and 1.08, while the MAE values are 0.59,
0.69 and 0.86, indicating that BO-CNN exhibits the smallest prediction bias and error, with GS-CNN
following and GS-ANN lagging behind.

These results indicate that, in predicting the tensile properties of PE-ECC, the CNN architecture
was more effective than the ANN architecture in processing the ten input features and capturing local
relationships among them, thereby achieving better predictive performance.

Furthermore, the findings indicate that Bayesian optimization techniques outperform traditional
grid search methods, which is particularly significant for neural network models, where
hyperparameters greatly influence performance. Exhaustive searches within limited hyperparameter
spaces may fail to fully exploit the model’s potential. In contrast, Bayesian optimization allows for the
identification of optimal hyperparameters within a vast search space, thereby enhancing predictive

performance.
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Similar conclusions can be drawn for ultimate tensile strain, as illustrated in Fig. 11(b). Notably,

predicting ultimate tensile strain involves a higher degree of data dispersion, further emphasizing the

advantages of the proposed BO-CNN model. The BO-CNN model improves R? by 5.12% and 7.20%

compared to GS-CNN and GS-ANN, respectively.
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Fig. 11. Evaluated metrics of BO-CNN, GS-CNN, and GS-ANN models on the test set for PE-ECC:

(a) tensile strength; (b) ultimate tensile strain.

4.3. Comparative assessment of the BO-CNN model and other ML models

This section explores the advantages of the BO-CNN model compared to other ML models. The

benchmark follows a progressive hierarchy from grid-search-optimized conventional ML models to
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GS-ANN and GS-CNN, allowing BO-CNN to be evaluated against representative traditional machine-

learning, ANN, and CNN configurations. Table 4 summarizes the predictive performance of various
models for predicting tensile strength on the test set, evaluated using three metrics: R?, RMSE, and
MAPE. As shown in Table 4, among all evaluated ML models, the BO-CNN achieves the highest
accuracy, with an R? value of 0.911. Additionally, it exhibits the lowest RMSE and MAPE values,
recorded at 0.701 and 0.066, respectively, indicating that this model has the smallest prediction bias
and error. The CNN architecture employed in the BO-CNN framework serves as a representative DL
model, adept at extracting intricate features related to target outputs and effectively capturing complex
nonlinear relationships between multiple input features and tensile strength in PE-ECC. The Bayesian
optimization technique applied in the BO-CNN model automates hyperparameter tuning, enhancing
the network's performance and achieving optimal predictive accuracy.

Other ML models, such as GS-CNN and RF, also demonstrate commendable predictive

accuracies, with R? values exceeding 0.8. Conversely, models such as kNN, SVR and LR exhibit

poorer performance, with R? values falling below 0.7. Specifically, the kNN determines output values
based on distances to the k nearest samples, which may not be appropriate for this particular problem.
Moreover, the selected SVR configuration may not fully capture the complex nonlinear relationships
in the present dataset, and training SVR can be computationally intensive. LR, by assuming a linear
relationship between variables, limits its ability to model nonlinear problems.

As indicated in Table 4, the prediction performance for ultimate tensile strain is generally inferior
to that for tensile strength across all models. This discrepancy can primarily be attributed to the
sensitivity associated with the casting and loading processes of ECC, resulting in higher data
variability for ultimate tensile strain and consequently increasing the difficulty of model predictions.
Nonetheless, in the context of predicting ultimate tensile strain, which is characterized by high data
dispersion and more complex nonlinear relationships, the BO-CNN model achieves the highest
predictive accuracy (R> = 0.775) and the lowest prediction errors (RMSE = 1.174, MAPE = 0.238)

compared to other ML models.
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These figures also clearly demonstrate that BO-CNN consistently delivers superior predictive
performance, whether predicting tensile strength or ultimate tensile strain. From a modeling
perspective, BO-CNN exhibits more pronounced advantages over traditional models (such as kNN,
LR and SVR) than over neural networks (like GS-ANN and GS-CNN), as evidenced by the greater
increase in the R? metric and the smaller reductions in RMSE and MAPE. Notably, the advantages of
BO-CNN are particularly evident in predicting ultimate tensile strain, which is characterized by higher
data variability. This implies that as problem complexity increases, the suitability of the BO-CNN

model becomes increasingly apparent.

Table 4. Performance evaluation metrics of models for tensile properties on the test set.

Tensile Tensile Tensile Ultimate Ultimate Ultimate
Models
strength strength strength tensile strain  tensile strain  tensile strain
Models R? RMSE MAPE R? RMSE MAPE
BO-CNN 0911 0.701 0.066 0.775 1.174 0.238
GS-CNN 0.811 1.024 0.110 0.715 1.307 0.257
GS-ANN 0.773 1.120 0.124 0.698 1.364 0.248
Linear
0.694 1.309 0.147 0.105 2.366 0.511
Regression
Ridge 0.694 1.309 0.160 0.133 2.330 0.518
Lasso 0.605 1.487 0.186 0.158 2.297 0.526
Decision Tree 0.722 1.229 0.120 0.250 2.153 0.417
Random
0.805 1.039 0.102 0.534 1.705 0.371
Forest
SVR 0.578 1.536 0.156 0.302 2.088 0.472
KNeighbors 0.209 2.103 0.238 0.223 2.206 0.518

Gradient 0.751 1.166 0.110 0.268 2.127 0.416
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Boosting

XGBoost 0.814 1.015 0.098 0.588 1.603 0.338
LightGBM 0.825 0.988 0.087 0.578 1.623 0.386
CatBoost 0.826 0.985 0.103 0.504 1.763 0.397

Note: The proposed BO-CNN was optimized using Bayesian optimization, whereas all tunable

comparison models were optimized using grid search.
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Fig. 12. Taylor diagrams of BO-CNN and other ML models for PE-ECC property prediction: (a)
tensile strength; (b) ultimate tensile strain.
4.4. Interpretability of the BO-CNN models
As a neural network model, the BO-CNN often features more complex and non-linear
architectures, resulting in its classification as a black-box model. The hierarchical structure of models
makes visual interpretation challenging. To address this, SHAP [105] was employed to elucidate the
workings of models, especially DL architectures with numerous parameters. SHAP uses Shapley
values to quantify the contribution of each feature across all possible feature combinations, thereby
identifying the features that influence specific model predictions and assisting users in understanding
the decision-making process. Given that the BO-CNN demonstrates superior performance in
predicting both the tensile strength and ultimate tensile strain of PE-ECC, we focused our
interpretation on these metrics using SHAP.
Fig. 13 presents the SHAP values associated with various features for the predictions of tensile
strength and ultimate tensile strain as derived from the BO-CNN model. In the SHAP summary plots,
features are ordered by their mean absolute SHAP magnitude. The horizontal position indicates the

direction and magnitude of the SHAP value, while the color gradient represents the normalized feature
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value, with red and blue denoting high and low feature values, respectively. As shown in Fig. 13(a),
W/B has the largest global SHAP magnitude in tensile strength predictions. Specifically, an increase
in W/B is associated with a decrease in predicted tensile strength, while lower W/B values correspond
to higher tensile strength, indicating a negative correlation between W/B and tensile strength. This
finding is consistent with previous experimental studies [106]. Physically, this trend is consistent with
the denser and stronger matrix generally formed at a lower water-to-binder ratio. These results affirm
that the BO-CNN model effectively captures the critical impact of W/B on tensile strength, yielding

predictions that closely match empirical data. Similarly, Fig. 13(b) shows that V, and fiber length L,

have the largest mean absolute SHAP magnitudes for ultimate tensile strain, followed by GGBS/B and
W/B. Their relatively broad SHAP distributions indicate that the predicted ultimate tensile strain is
particularly sensitive to variations in fiber content, fiber geometry, and matrix composition. This trend
is physically consistent with the roles of fiber content and fiber length in fiber bridging and multiple
cracking. This observation aligns with prior research [107], highlighting the significance of fiber
properties in determining the tensile mechanical properties of fiber-reinforced ECC.

Overall, SHAP visualizations provide valuable insights into the features driving model
predictions. By comparing the magnitude and direction of the feature contributions, the analysis
clarifies how individual input variables are associated with the predicted tensile properties of PE-ECC.
These findings enhance the interpretability of the model and may provide useful guidance for future

material-design and optimization studies.
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Fig. 13. SHAP values for the BO-CNN model's predictions of PE-ECC: (a) tensile strength; (b)

ultimate tensile strain.

5. Conclusions

This study aimed to develop a high-precision, fully automated prediction model for the tensile
strength and ultimate tensile strain of PE-ECC, eliminating the need for manual intervention. The
proposed model was based on a CNN architecture and combining with Bayesian optimization to
automate the modeling process and optimize hyperparameters, thereby enhancing both modeling
efficiency and prediction accuracy. The model's performance was evaluated by comparing its accuracy
and generalization capabilities against GS-CNN, GS-ANN, and other eleven traditional ML models
across multiple evaluation metrics. Additionally, SHAP was employed to enhance the interpretability
of the BO-CNN model's predictions. The main conclusions of this study are as follows:
The proposed BO-CNN model outperforms other thirteen models, achieving the highest prediction
accuracy and the lowest prediction error. For tensile strength prediction, the R?, RMSE, and MAPE
values are 0.911, 0.701, and 0.066, respectively. For ultimate tensile strain prediction, these values are
0.775, 1.174, and 0.238. Notably, the BO-CNN model shows significant advantages in predicting
ultimate tensile strain, which is characterized by higher data dispersion, compared to other models.

The BO-CNN model also surpasses traditional GS-optimized neural network models, including
GS-CNN and GS-ANN. For tensile strength prediction, the accuracy of the BO-CNN model improves
by 12.28% over GS-CNN and by 17.82% over GS-ANN. For ultimate tensile strain prediction, it
shows an accuracy improvement of 8.32% compared to GS-CNN and 10.99% compared to GS-ANN.
Since hyperparameters significantly influence neural network performance, exhaustive searches
within limited hyperparameter spaces may not fully exploit the model's potential. Utilizing Bayesian
optimization allows for the identification of optimal hyperparameters within a virtually infinite search
space, ensuring optimal model performance.

SHAP analysis of the BO-CNN model revealed the contribution of each input feature to the
model’s predictions, illustrating how output values vary with changes in each feature. The analysis

indicates that the W/B, V, and L,have the most significant impacts on PE-ECC tensile mechanical
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properties, aligning with existing experimental findings. This interpretability enhances the model's
practical applicability and provides valuable insights for material design and optimization.

Overall, the proposed BO-CNN framework provides an accurate, automated, and interpretable
approach for predicting the tensile properties of PE-ECC. Future work will extend the framework to
mixture proportion optimization to facilitate the performance-based design of PE-ECC with desired
tensile properties.
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Appendix

Appendix 1. Optimal hyperparameters of the BO-CNN model for tensile strength.

Optimal
Hyperparameter Optimal value Hyperparameter
value
Spatial transformation type of Transposed Batch normalization for the
No
the first convolutional layer convolution layer second fully connected layer
Activation function of the first Regularization type of the
Leaky ReLU L2
convolutional layer second fully connected layer
Batch normalization for the first Number of neurons of the
Yes 49
convolutional layer second fully connected layer
Number of filters of the first Activation function of the third
17 ReLU
convolutional layer fully connected layer
Filter size of the first Batch normalization for the
2 No
convolutional layer third fully connected layer
Filter stride of the first Regularization type of the third
1 None
convolutional layer fully connected layer
Spatial transformation type of Number of neurons of the third
None 128
the second convolutional layer fully connected layer
Activation function of the Activation function of the
ReLU ReLU
second convolutional layer fourth fully connected layer
Batch normalization for the Batch normalization for the
Yes No
second convolutional layer fourth fully connected layer
Number of filters of the second 91 Regularization type of the L2
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convolutional layer
Filter size of the second
convolutional layer
Filter stride of the second
convolutional layer
Activation function of the first
fully connected layer
Batch normalization for the first
fully connected layer
Regularization type of the first
fully connected layer
Number of neurons of the first
fully connected layer
Dropout rate of the first fully
connected layer
Activation function of the

second fully connected layer

ReLLU

L1

55

ReLLU

fourth fully connected layer
Number of neurons of the
fourth fully connected layer
Activation function of the fifth
fully connected layer
Batch normalization for the
fifth fully connected layer
Regularization type of the fifth
fully connected layer
Number of neurons of the fifth

fully connected layer

Optimizer type

Optimizer learning rate

43

ReLU

L2

24

RMSProp

0.000187

Appendix 2. Optimal hyperparameters of the BO-CNN model for ultimate tensile strain.

Hyperparameter

Optimal value

Hyperparameter Optimal value
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Activation function of
the first convolutional
layer
Batch normalization
for the first
convolutional layer
Number of filters of
the first convolutional

layer

Filter size of the first

convolutional layer

Filter stride of the first

convolutional layer

Spatial transformation
type of the first

convolutional layer

Type of the first

pooling layer

Kernel size of the first

pooling layer

Kernel stride of the

first pooling layer

ReLU

125

Pooling layer

Max pooling

Batch normalization
for the first fully
connected layer

Regularization type of
the first fully
connected layer
Number of neurons of
the first fully
connected layer
Dropout rate of the
first fully connected
layer
Activation function for
the second fully
connected layer

Batch normalization

for the second fully
connected layer

Regularization type of
the second fully
connected layer

Number of neurons of
the second fully
connected layer

Activation function of

the third fully

Lland L2

226

ReLU

None

163

Leaky ReLU
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Activation function of
the second
convolutional layer
Batch normalization
for the second
convolutional layer
Number of filters of
the second
convolutional layer
Filter size of the
second convolutional
layer
Filter stride of the
second convolutional
layer
Spatial transformation
type of the second
convolutional layer
Number of filters of
the second transposed
convolutional layer
Kernel size of the
second transposed
convolution layer

Kernel stride of the

connected layer
Batch normalization
ReLU for the third fully
connected layer
Regularization type of
Yes the third fully
connected layer
Number of neurons of
205 the third fully
connected layer
Activation function of
3 the fourth fully
connected layer
Batch normalization
1 for the fourth fully
connected layer
Regularization type of

Transposed
the fourth fully

convolution layer
connected layer
Number of neurons of

123 the fourth fully

connected layer

3 Optimizer type

2 Optimizer learning

L2

114

ReLU

Yes

L1

65

RMSProp

0.000187
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second transposed rate
convolution layer
Activation function of
the first fully Leaky ReLU

connected layer

Appendix C. Database used in this study.

C FA GGBS LP SF S W V. Lf D TS UTS

% mm pum MPa %

Y. Huo
0.450 0450 0.000 0.000 0.100 0.890 0.180 1.50 18 20 10.89 442

[7]

Chen  0.700 0.300 0.000 0.000 0.000 0.300 0.270 2.00 18 21 574 7.40

[46]

Chen  0.700 0.300 0.000 0.000 0.000 0300 0.270 2.00 12 25 6.50 6.85

[46]

Chen  0.700 0.300 0.000 0.000 0.000 0.300 0.270 2.00 18 25 841 8.71

[46]

Chen  0.700 0.300 0.000 0.000 0.000 0.300 0270 2.00 18 27 635 633
[46]

W. 0.700 0.300 0.000 0.000 0.000 0.300 0.270 1.00 12 21 6.19 5.14
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C FA GGBS LP SF S W V. Lf D

TS

UTS

% mm um
Chen

[46]

Chen  0.700 0.300 0.000 0.000 0.000 0.300 0.270 150 18 24

[46]

Chen  0.700 0.300 0.000 0.000 0.000 0.300 0.270 150 12 25

[46]

Chen  0.700 0.300 0.000 0.000 0.000 0300 0.270 1.50 18 25

[46]

Chen  0.200 0.800 0.000 0.000 0.000 0.190 0.270 1.00 18 27

[46]

Chen  0.200 0.800 0.000 0.000 0.000 0.190 0.270 1.00 12 27

[46]

Chen  0.200 0.800 0.000 0.000 0.000 0.190 0.270 0.75 18 24

[46]

Chen  0.200 0.800 0.000 0.000 0.000 0.190 0.270 0.75 18 21
[46]

W. 0.200 0.800 0.000 0.000 0.000 0.190 0.270 1.00 18 25

MPa

5.77

6.48

8.66

3.77

3.31

4.33

3.13

5.17

%

13.43

9.25

8.40

6.55

3.68

2.48

6.70

6.73
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C FA GGBS LP SF S W V. Lf D

TS

UTS

% mm um
Chen

[46]

Chen  0.200 0.800 0.000 0.000 0.000 0.190 0.270 1.00 12 24

[46]

Chen  0.200 0.800 0.000 0.000 0.000 0.190 0270 0.75 18 27

[46]

Chen  0.200 0.800 0.000 0.000 0.000 0.190 0.270 0.75 12 27

[46]

Chen  0.700 0.300 0.000 0.000 0.000 0.300 0.270 1.00 18 21

[46]

Chen  0.700 0.300 0.000 0.000 0.000 0.300 0.270 1.00 18 24

[46]

Chen  0.700 0.300 0.000 0.000 0.000 0300 0.270 1.00 18 25

[46]

Chen  0.700 0.300 0.000 0.000 0.000 0300 0.270 1.00 18 27
[46]

W. 0.700 0.300 0.000 0.000 0.000 0.300 0.270 150 12 21

MPa

3.14

3.29

2.78

6.66

6.62

6.70

6.09

5.94

%

2.58

4.55

1.78

7.28

6.21

6.24

5.87

11.78
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C FA GGBS LP SF S \ V. Lt D, TS UTS
% mm pum MPa %
Chen
[46]
W.
Chen  0.700 0.300 0.000 0.000 0.000 0.300 0.270 150 18 21 6.71 1043
[46]
W.
Chen  0.700 0.300 0.000 0.000 0.000 0.300 0.270 2.00 12 21 559 6.95
[46]
W.
Chen  0.700 0.300 0.000 0.000 0.000 0.300 0.270 2.00 18 25 6.60 6.50
[46]
L
Curosu  0.830 0.000 0.000 0.000 0.170 0.080 0.180 2.00 6 20 7.60 3.90
[47]
B.-Y.
Deng  0.461 0.433 0.000 0.000 0.106 0912 0320 1.00 18 24 554 1.34
[48]
Z.
Zhang 0.506 0.404 0.000 0.000 0.090 0303 0.204 200 12 26 8.01 3.27
[49]
Z.
Zhang 0327 0.586 0.000 0.000 0.087 0.293 0.197 2.00 12 26 6.11 448
[49]
A. Sheta 0.453 0.000 0.460 0.000 0.087 0355 0302 200 12 12 7.00 7.00
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C FA GGBS LP SF S w V. Lt D, TS UTS
% mm pum MPa %

[50]

W.
Zhou  0.470 0.440 0.000 0.000 0.090 0.290 0.240 150 12 24 7.84 573

[51]

Z. Feng
0.412 0.000 0.443 0.058 0.087 0.364 0303 2.00 18 25 574 8.39

[52]

Q. Qiu
0.455 0.545 0.000 0.000 0.000 0.164 0.260 200 13 17 563 792

[53]

Z.
Zhang  0.505 0.404 0.000 0.000 0.091 0303 0.202 2.00 18 26 9.76 4.16

[54]

Z.
Zhang 0.510 0.400 0.000 0.000 0.090 0300 0.200 2.00 18 26 9.73 4.16

[54]

K.-Q.
0.400 0.000 0.429 0.057 0.114 0.286 0.131 2.00 12 24 1279 335

Yu [55]

K.-Q.
0.400 0.000 0.429 0.057 0.114 0.286 0.131 200 18 24 1810 592

Yu [55]

K.-Q.
0.400 0.000 0.429 0.057 0.114 0.286 0.131 2.00 18 20 1881 6.13

Yu [55]

Y. Ding
0.400 0.000 0.429 0.057 0.114 0.286 0.131 200 18 24 1646 8.00

[56]

J. Luo
0.357 0.000 0.446 0.107 0.090 0.298 0.149 2.00 18 24 946 9.08

[57]
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C FA GGBS LP SF S W Ve Lf Dy TS UTS
% mm pum MPa %

H. Zhu
0.625 0.375 0.000 0.000 0.000 0.300 0.250 2.00 12 20 7.00 6.80

[58]

H. Zhu
0.455 0.545 0.000 0.000 0.000 0.300 0250 200 12 20 7.70 6.60

[58]

H. Zhu
0.313 0.688 0.000 0.000 0.000 0.300 0.250 2.00 12 20 530 540

[58]

K. Yu
0.357 0.536 0.000 0.000 0.107 0429 0.200 2.00 18 24 849 1729

[59]

K. Yu
0.357 0.536 0.000 0.000 0.107 0428 0250 200 18 24 632 6.6l

[59]

K. Yu
0.357 0.536 0.000 0.000 0.108 0.429 0300 200 18 24 480 7.28

[59]

K. Yu
0.357 0.536 0.000 0.000 0.108 0.429 0.350 2.00 18 24 415 6.36

[59]

K. Yu
0.357 0.536 0.000 0.000 0.108 0.429 0.420 2.00 18 24 338 6.35

[59]

H. Zhou
0.438 0.562 0.000 0.000 0.000 0.059 0.280 200 12 24 880 5.30

[60]

Y. Zhou
0.412 0.000 0.441 0.088 0.059 0.294 0.135 200 18 25 1510 7.80

[61]

K. Yu
0.455 0.545 0.000 0.000 0.000 0.364 0240 200 18 25 6.52 7098

[62]

K. Yu
0.823 0.177 0.000 0.000 0.000 0.528 0.278 2.00 18 25 6.07 1198

[62]
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C FA GGBS LP SF S w V. Lt D, TS UTS
% mm pum MPa %

K. Yu
0.385 0.000 0.500 0.000 0.115 0.538 0.177 200 18 25 17.84 849

[62]

H. Gou
0.545 0.436 0.000 0.000 0.019 0.327 0.158 200 18 22 1140 6.01

[63]

Z.Xu
0.550 0.350 0.000 0.000 0.100 0.400 0.180 1.50 18 20 6.30 4.69

[64]

Y. Li
0.600 0.300 0.000 0.000 0.100 0.650 0.160 2.00 18 19 11.88 5.94

[65]

Y. Li
0.800 0.000 0.000 0.000 0.200 0.300 0.180 2.00 18 24 11.70 4.10

[65]

Y. Li
0.600 0.000 0.000 0.400 0.000 0.360 0.230 2.00 12 24 489 248

[65]

Y. Li
0.600 0.000 0.000 0.300 0.100 0.360 0.230 2.00 12 24 566 3.09

[65]

Y. Li
0.600 0.000 0.000 0.200 0.200 0.360 0.230 2.00 12 24 589 3.23

[65]

Y. Li
0.600 0.000 0.000 0.000 0.400 0.360 0.230 2.00 12 24 6.55 4.71

[65]

Y. Li
0.600 0.000 0.000 0.000 0.400 0.360 0.210 200 12 24 6.74 6.06

[65]

Y. Li
0.600 0.000 0.000 0.000 0.400 0.360 0.190 2.00 12 24 7.00 6.53

[65]

Y. Li
0.600 0.000 0.000 0.000 0.400 0.360 0.170 2.00 12 24 6.65 498

[65]
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C FA GGBS LP SF S \ V. Lt D, TS UTS
% mm pum MPa %
Y. Li
0.600 0.000 0.000 0.000 0.400 0.360 0.150 2.00 12 24 632 4.18
[65]
D.-Y.
0.600 0.000 0.000 0.100 0.300 0.360 0.230 2.00 12 24 635 442
Lei [66]
Q.
Zhang 0320 0.000 0.590 0.000 0.090 0300 0.200 2.00 18 20 10.52 3.20
[67]
B.-T
Huang 0.800 0.000 0.000 0.000 0.200 0.300 0.180 2.00 12 24 8.00 5.30
[68]
B.-T.
Huang 0.800 0.000 0.000 0.000 0.200 0.300 0.180 2.00 12 24 8.14 5.14
[69]
B.-T.
Huang 0.800 0.000 0.000 0.000 0.200 0.300 0.180 1.00 12 24 6.09 1.65
[69]
B.-T.
Huang 0.800 0.000 0.000 0.000 0.200 0.300 0.180 150 12 24 823 4.73
[69]
B.-T
Huang 0.800 0.000 0.000 0.000 0.200 0.300 0.180 2.00 12 24 7.69 2.38
[69]
B.-T
0.800 0.000 0.000 0.000 0.200 0.300 0.180 2.00 12 24 742 7.00

Huang



This is a Just Accepted version, keep updated with https://doi.org/10.26599/LLES.2026.9660020

C FA GGBS LP SF S \ V. Lt D, TS UTS
% mm pum MPa %
[69]
B.-T.
Huang 0.800 0.200 0.000 0.000 0.000 0.640 0.370 1.00 12 24 4.18 2.28
[69]
B.-T.
Huang 0.800 0.200 0.000 0.000 0.000 0.640 0370 150 12 24 4.65 292
[69]
B.-T.
Huang 0.800 0.200 0.000 0.000 0.000 0.640 0370 2.00 12 24 531 4.64
[69]
B.-T.
Huang 0.800 0.200 0.000 0.000 0.000 0.640 0370 250 12 24 486 3.20
[69]
L. Sui
0.410 0.000 0.440 0.060 0.090 0.300 0.140 2.00 12 25 11.13 6.71
[70]
W.-H.
Mao 0.420 0.000 0.000 0.490 0.100 0.420 0.180 2.00 18 24 930 830
[71]
W.-H.
Mao 0.420 0.000 0.000 0.490 0.100 0.520 0.180 2.00 18 24 9.60 840
[71]
W.-H.
Mao 0.420 0.000 0.000 0.490 0.100 0.620 0.180 2.00 18 24 1040 8.80

[71]
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C FA GGBS LP SF S w V. Lt D, TS UTS
% mm pum MPa %

Y.
Wang 0.700 0.300 0.000 0.000 0.000 0300 0.250 0.75 18 24 4.06 1.59

[72]

Y.
Wang 0.700 0.300 0.000 0.000 0.000 0300 0.250 1.00 18 24 451 3.04

[72]

Y.
Wang 0.700 0.300 0.000 0.000 0.000 0300 0.250 150 18 24 357 938

[72]

Y.
Wang 0.700 0300 0.000 0.000 0.000 0300 0.250 2.00 18 24 3.00 11.99

[72]

J.Ye
0.560 0.340 0.000 0.000 0.100 0.360 0.310 2.00 12 24 8.08 6.95

[73]

K.-Q.
0.550 0.350 0.000 0.000 0.100 0.400 0.180 150 18 20 9.08 442

Yu [74]

K.-Q.
0.412 0.000 0.441 0.059 0.088 0.290 0.135 1.50 12 24 1029 220

Yu [74]

K.-Q.
0.412 0.000 0.441 0.059 0.088 0.290 0.135 1.75 12 24 10.68 3.52

Yu [74]

K.-Q.
0.412 0.000 0.441 0.059 0.088 0.290 0.135 225 12 24 1356 6.40

Yu [74]

K.-Q.
0.412 0.000 0.441 0.059 0.088 0.290 0.135 250 12 24 1373 6.56

Yu [74]
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C FA GGBS LP SF S W Ve Lf Dy TS UTS
% mm pum MPa %

K.-Q.
0.412 0.000 0.441 0.059 0.088 0.290 0.135 3.00 12 24 1442 6.60

Yu [74]

K.-Q.
0.412 0.000 0.441 0.059 0.088 0.290 0.135 150 18 24 1379 5.57

Yu [74]

K.-Q.
0.412 0.000 0.441 0.059 0.088 0.290 0.135 1.75 18 24 1455 6.70

Yu [74]

K.-Q.
0.412 0.000 0.441 0.059 0.088 0.290 0.135 225 18 24 1775 1.78

Yu [74]

K.-Q.
0.412 0.000 0.441 0.059 0.088 0.290 0.135 125 18 20 1223 4.74

Yu [74]

K.-Q.
0.412 0.000 0.441 0.059 0.088 0.290 0.135 150 18 20 14.61 490

Yu [74]

K.-Q.
0.412 0.000 0.441 0.059 0.088 0.290 0.135 1.75 18 20 14.33 6.11

Yu [74]

Y. Guo
0.730 0.000 0.000 0.000 0.270 0450 0.160 2.00 12 24 8.17 396

[75]

Y. Guo
0.660 0.000 0.060 0.000 0.270 0460 0.160 200 12 24 886 334

[75]

Y. Guo
0.600 0.000 0.130 0.000 0.280 0460 0.160 200 12 24 934 3.18

[75]

Y. Guo
0.530 0.000 0.190 0.000 0.280 0470 0.160 200 12 24 852 394

[75]

Y. Guo
0.460 0.000 0.260 0.000 0.280 0470 0.160 2.00 12 24 794 485

[75]
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C FA GGBS LP SF S Y V. Lt D, TS UTS
% mm pum MPa %

Y. Guo
0.380 0.000 0.330 0.000 0.290 0.480 0.160 2.00 12 24 726 547

[75]

Q. Liao
0.480 0.440 0.000 0.000 0.080 0.300 0.260 0.50 18 24 471 0.99

[76]

Q. Liao
0.480 0.440 0.000 0.000 0.080 0.300 0.260 1.00 18 24 9.56 3.36

[76]

Q. Liao
0.480 0.440 0.000 0.000 0.080 0.300 0.260 1.50 18 24 11.87 5.76

[76]

J. Wei
0.800 0.000 0.000 0.000 0.200 0.300 0.200 2.00 12 24 10.00 3.50

[77]

L. Liang
0.500 0.400 0.000 0.000 0.100 0.300 0.220 2.00 18 24 9.71 8.15

[78]

Z. Cai
0.470 0.000 0.440 0.000 0.090 0.290 0.140 2.00 18 24 15.16 6.11

[79]

Z. Cai
0.470 0.000 0.440 0.000 0.090 0.290 0.150 2.00 18 24 13.86 827

[79]

Z. Cai
0.360 0.000 0.440 0.110 0.090 0.290 0.140 2.00 18 24 1583 829

[79]

Z. Cai
0.240 0.000 0.440 0.220 0.090 0.290 0.140 2.00 18 24 14.83 7.64

[79]

J. Yu
0.450 0.550 0.000 0.000 0.000 0.360 0.280 2.00 18 25 427 4.76

[80]

J. Jiang
0.450 0.550 0.000 0.000 0.000 0.360 0.230 2.00 18 24 625 7.79

[81]
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C FA GGBS LP SF S w V. Lt D, TS UTS
% mm pum MPa %
Z.-W.
0.440 0.000 0.370 0.100 0.090 0.310 0.180 200 12 24 6.50 3.58
Cai [82]
Z.-W.
0.410 0.000 0.440 0.060 0.090 0.300 0.250 200 12 24 578 4.24
Cai [82]
Z.-W.
0.410 0.000 0.440 0.060 0.090 0.350 0.320 2.00 12 24 4.61 3.58
Cai [82]
Y.
Jiangtao 0.440 0.480 0.000 0.000 0.090 0.400 0.190 2.00 18 24 11.73 7.14
[83]
P. Men
0.510 0.400 0.000 0.000 0.090 0.300 0.200 2.00 12 26 647 3.55
[84]
L. Li
0.412 0.000 0.441 0.059 0.088 0.294 0.135 1.00 18 24 1030 220
[85]
L. Li
0.412 0.000 0.441 0.059 0.088 0.294 0.135 1.00 18 20 10.70 3.52
[85]
L. Li
0.412 0.000 0.441 0.059 0.088 0.294 0.135 200 12 24 12,10 5.11
[85]
L.Li
0.412 0.000 0.441 0.059 0.088 0.294 0.135 200 18 24 16.50 8.00
[85]
L. Li
0.412 0.000 0.441 0.059 0.088 0.294 0.135 200 18 20 17.80 849
[85]
L. Li
0.413 0.000 0.443 0.058 0.087 0.349 0.320 1.00 12 24 430 3.01
[85]
L. Li 0.413 0.000 0.443 0.058 0.087 0.349 0.320 1.00 18 24 450 540
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C FA GGBS LP SF S W V, Lf D TS UTS

% mm pum MPa %

(85]
L.Li

0.413 0.000 0.443 0.058 0.087 0.349 0320 1.00 18 20 4.80 6.03
[85]
L.Li

0.413 0.000 0.443 0.058 0.087 0.349 0320 2.00 12 24 510 6.18
(83]
L.Li

0.413 0.000 0.443 0.058 0.087 0.349 0320 2.00 18 24 620 10.64
(85]
L. Li

0.413 0.000 0.443 0.058 0.087 0.349 0320 2.00 18 20 6.50 11.28
(85]
L.Li

0.413 0.000 0.442 0.058 0.087 0304 0220 1.00 12 24 540 2.59
[85]
L.Li

0.413 0.000 0.442 0.058 0.087 0.304 0220 1.00 18 24 6.00 591
(83]
L.Li

0.413 0.000 0.442 0.058 0.087 0.304 0220 1.00 18 20 640 6.13
(83]
L. Li

0.413 0.000 0.442 0.058 0.087 0.304 0.220 200 12 24 650 6.88
(85]
L.Li

0.413 0.000 0.442 0.058 0.087 0.304 0220 2.00 18 24 950 11.14
(85]
L.Li

0.413 0.000 0.442 0.058 0.087 0304 0.220 2.00 18 20 1040 12.00
[85]
L.Li

0.413 0.000 0.442 0.058 0.087 0.292 0.180 1.00 18 24 730 431
(83]

L.Li 0413 0.000 0.442 0.058 0.087 0.292 0.180 1.00 18 20 7.70 5.11
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C FA GGBS LP SF S W V, Lf D TS UTS

% mm pum MPa %

[85]
L.Li

0413 0.000 0442 0.058 0.087 0292 0.180 2.00 12 24 890 5.82
[85]
L.Li

0413 0.000 0442 0.058 0.087 0292 0.180 2.00 18 24 1140 9.02
[85]
L.Li

0413 0.000 0442 0.058 0.087 0292 0.180 2.00 18 20 1190 9.60
[85]
L. Li

0413 0.000 0442 0.058 0.087 0292 0.180 1.00 12 24 6.60 3.36
[85]
L.Li

0413 0.000 0443 0.058 0.090 0292 0.160 1.00 12 24 750 2.6l
[85]
L.Li

0413 0.000 0443 0.058 0.090 0292 0.160 1.00 18 24 8.10 3.66
[85]
L.Li

0413 0.000 0443 0.058 0.090 0292 0.160 1.00 18 20 840 4.59
[85]
L. Li

0413 0.000 0443 0.058 0.090 0292 0.160 2.00 12 24 1140 6.69
[85]
L.Li

0413 0.000 0443 0.058 0.090 0.292 0.160 2.00 18 24 1320 10.13
[85]
L.Li

0413 0.000 0443 0.058 0.090 0.292 0.160 2.00 18 20 14.80 10.11
[85]
L.-S.

0.580 0.090 0.150 0.000 0.180 0.530 0.170 2.00 12 24 10.88 4.39
Wu [86]

Z.Lu 0.800 0.000 0.000 0.000 0200 0.300 0.200 2.00 12 24 713 3.75
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C FA GGBS LP SF S \ V. Lf D TS UTS
% mm pum MPa %
[87]
K.-Q.
0.470 0.000 0.440 0.000 0.090 0.294 0.135 2.00 18 20 1742 8.17
Yu [88]
B.-T.
Huang 0.800 0.000 0.000 0.000 0.200 0.300 0.180 1.00 12 24 6.00 1.80
[89]
B.-T.
Huang 0.800 0.000 0.000 0.000 0.200 0.300 0.180 1.50 12 24 8.00 4.60

[89]

Data availability

Data will be made available on request.
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