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Abstract

There are many factors that affect the shear capacity of FRP (fiber-reinforced polymer)-
strengthened reinforced concrete (RC) beams, and traditional capacity models based on
empirical or semi-empirical formulas often suffer from insufficient accuracy. To enhance
the predictive accuracy and generalization ability of the shear capacity of FRP-strengthened
RC beams, this study proposes an interpretable machine learning model based on the
Jaya-CNN-LSTM model. A comprehensive database consisting of 315 test data on shear
capacity of FRP-strengthened RC beams, encompassing various FRP reinforcement modes,
has been established. Key feature parameters for predicting the shear capacity of FRP-
strengthened RC beams are selected through Pearson correlation coefficient analysis. Based
on the Jaya algorithm, the hyperparameters of the ensemble CNN-LSTM prediction model
are adaptively optimized. A comparative analysis is conducted between the proposed
method, other machine learning models, and existing empirical formulas to evaluate the
proposed model’s efficacy. The results demonstrate that the proposed model outperforms
other machine learning models and empirical formulas in terms of prediction accuracy
and stability. Furthermore, the machine learning-based predictions align more closely
with experimental values than those derived from empirical formulas. Additionally, the
SHAP method is utilized to quantify the critical parameters’ impact on predicting the
shear capacity of FRP-strengthened RC beams. The results reveal that there is an explicit
mapping relationship between key features such as shear-span ratio, concrete strength, and
yield strength of stirrups and the shear capacity of FRP-strengthened RC beams, providing
technical support for practical applications.

Keywords: interpretable machine learning; reinforced concrete beam; shear capacity; FRP
reinforcement; CNN-LSTM optimization

1. Introduction
RC beams inevitably undergo performance degradation due to environmental cor-

rosion, temperature changes, fatigue loading, and other factors, ultimately jeopardizing
structural safety [1–3]. In practical engineering applications, RC beams are often prone to
brittle shear failure [4,5]. Unlike flexural failure, which is typically ductile and accompanied
by significant deformation and warning signs, shear failure usually occurs suddenly with
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limited prior deformation, posing a serious threat to structural safety. Hence, enhancing
the shear capacity of RC beams through appropriate strengthening measures is essential to
ensure the structural safety and long-term serviceability of engineering structures.

Externally bonded reinforcement technology using fiber-reinforced polymer (FRP)
wraps is widely employed to strengthen RC beams with insufficient shear capacity, owing
to FRP’s high strength, corrosion resistance, and light weight [6–8]. Common methods
for FRP-strengthened RC beams include side bonding, U-shaped bonding, and full wrap-
ping bonding. The main failure mode of RC beams reinforced using side bonding and
U-shaped bonding is debonding at the FRP-concrete interface, which prevents the full
utilization of the FRP’s tensile strength [9,10]. Generally, U-shaped bonding offers superior
reinforcement performance compared to side bonding, as it provides better anchorage
for the FRP at the beam’s bottom. Among these methods, full wrapping allows for the
most effective utilization of FRP material properties. To quantify the enhancement effect of
externally bonded FRP reinforcement technology on the shear capacity of RC beams, many
scholars have analogized the shear contribution of FRP reinforcement to that of steel bars in
concrete structures. Based on experimental studies, numerical simulations, and theoretical
analyses, they have proposed various load-carrying capacity calculation formulas [11–13].
Guo et al. [14] proposed a closed-frame FRP reinforcement method combining U-shaped
bonding and longitudinal side bonding, and established a corresponding shear capacity
calculation model. Mei et al. [15] studied the shear behavior of RC beams reinforced with
full wrapping FRP bonding and established a calculation formula for the shear capacity
after FRP reinforcement. However, the shear capacity of FRP-strengthened RC beams is
influenced by many factors such as beam section dimensions, concrete, steel bars, FRP
material properties, etc. The quantitative impact of these variables on the effectiveness of
shear strengthening remains insufficiently understood [16,17]. Additionally, the mechanical
performance of FRP-strengthened RC beams is subject to the construction standards and
reinforcement methods employed. The existing theoretical models often rely on simplified
mechanical assumptions, resulting in unstable prediction accuracy and limited general-
izability [18,19]. Therefore, further research is imperative to develop more robust and
accurate shear capacity for FRP-strengthened RC beams.

In recent years, with the rapid advancement of computer technology and machine
learning, the application of artificial intelligence has garnered increasing attention in
civil engineering [20–25]. In particular, machine learning algorithms have been exten-
sively employed to predict the shear strengthening performance of FRP-strengthened
RC beams [26–30]. Naderpour et al. [31] employed an artificial neural network (ANN)
model to estimate the shear strength of FRP-strengthened RC beams and examined the
impact of each individual input parameter on shear strength. Wang et al. [32] applied six
different machine learning models to investigate the key factors affecting shear strength
and to predict the shear contribution of FRP reinforcement, comparing the results with
those obtained from empirical formulas. Tang et al. [33] utilized various machine learning
models to predict the failure modes and the contribution of shear capacity of RC beams
reinforced with FRP, subsequently applying the SHAP method to quantify the influence
of different input features. Consequently, the integration of machine learning algorithms
in predicting the shear capacity of RC beams strengthened with externally bonded FRP
has become a mainstream method. However, several challenges persist in this field. For
instance, the predictive accuracy of existing machine learning models depends on the
setting of hyperparameters [34]. In high-dimensional parameter spaces, the efficiency
of parameter adjustment through trial and error is low, leading to significant computa-
tional costs [35]. Although some progress has been made in developing interpretable
machine learning models, research on the local interpretability of such models remains

https://doi.org/10.3390/buildings16091815

https://doi.org/10.3390/buildings16091815


Buildings 2026, 16, 1815 3 of 23

limited. Hence, enhancing the generalization capacity of machine learning models to
predict the shear capacity of FRP-strengthened RC beams holds practical significance for
engineering applications.

To improve the generalization capability and accuracy in predicting the shear capacity
of FRP-strengthened RC beams, this study proposed a deep learning-based prediction
model that leverages the Jaya algorithm to optimize the hyperparameters of an ensemble
convolutional neural network (CNN)–long short-term memory (LSTM) network. The CNN
component is employed to extract local feature interactions among input variables, while
the LSTM component is used to capture implicit dependencies between features, thereby
enhancing the nonlinear representation capability of the model. Furthermore, the Jaya
algorithm is introduced to adaptively optimize the hyperparameters of the CNN-LSTM
model, reducing the dependence on manual tuning and improving model robustness.
First, a comprehensive dataset encompassing the shear capacity of FRP-strengthened RC
beams with various types of externally bonded FRP reinforcement is compiled. Then, the
Pearson correlation coefficient is extensively utilized to identify crucial features as input
parameters for predicting the shear capacity of FRP-strengthened RC beams. Subsequently,
the prediction accuracy and generalization performance of the proposed method for the
shear capacity of FRP-strengthened RC beams are evaluated through comparative analyses
with multiple existing empirical theoretical formulas and machine learning models. Finally,
the SHAP method is employed to interpret the input parameter of the Jaya-CNN-LSTM
model, conduct a quantitative analysis of the influence of different design parameters,
and elucidate the role of each critical parameter in the shear capacity of FRP-strengthened
RC beams.

2. Methodology
2.1. Existing Empirical Methods

The existing calculation model of shear capacity for FRP-strengthened RC beams is
usually defined as:

Vu = Vc + Vs + Vf (1)

where Vu represents shear capacity, Vc, Vs, and Vf denote the shear contributions of con-
crete, stirrups, and FRP reinforcement, respectively. Among them, Vc and Vs are the existing
concrete beam calculation models, and can be expressed as:

Vc + Vs = acv ftbh0 + fsyρsvh0 (2)

where acv denotes the shear coefficient of the inclined cross-section; b and h0 are the width
and effective height of the section; ft represents the tensile strength of the concrete; fsy is
the yield stress of the stirrups, and ρsv is the stirrup ratio.

The shear contribution of FRP-strengthened RC beam is influenced by various factors,
leading to the existence of distinct calculation models for Vf. The theoretical calculation
formulas for the shear contribution of six typical FRP-strengthened RC beam are as follows:

(1) The calculation formula for Vf recommended by ACI 440.2R [36] is given as:

Vf =
A f v f f e(sin α + cos α)d f v

S f
(3)

A f v = 2nt f w f (4)

f f e = ε f eE f (5)

ε f e = 0.004 ≤ 0.75ε f e full wrapping (6)
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
ε f e = Kvε f u ≤ 0.004

Kv =
k1k2Le

11900ε f u
≤ 0.75 U-wrapping or side bonding (7)

Kv =
k1k2Le

11900ε f u
≤ 0.75 (8)

Le =
23300(

nt f E f

)0.58 (9)

k1 =

(
fc

27

)2/3
(10)

k2 =


d f v − Le

d f v
U-wrapping

d f v − 2Le

d f v
side bonding

(11)

where A f v is the total cross-sectional area of the FRP strips, f f e is the effective stress of
the FRP, α is the angle between the direction of the FRP fibers and the longitudinal axis
of the beam, d f v is the bonding length of the FRP, S f is the center-to-center spacing of
the FRP strips, n is the layers of the FRP, t f represents the thickness of a single FRP
strip, w f is the width of the FRP strip, E f is the elastic modulus of the FRP fibers,
ε f e is the effective strain of the FRP, Kv is the correction coefficient for the effective
strain of the FRP, ε f u is the ultimate strain of the FRP, Lε is the effective anchorage
length of the FRP, fc is the compressive strength of the concrete, and K1 represents the
correction coefficient related to the compressive strength of concrete, and K2 denotes
the correction coefficient related to the bonding length of FRP.

(2) European standards of International Federation for Structural Concrete (fib) [37] for
Vf calculation is as follows:

Vf = 0.9ε f eE f ρ f bwd(sin θ + cos θ) sin α (12)

ρ f =
2t f w f

bwS f
(13)

ε f e = min

0.65

(
f 2/3
c

E f ρ f

)0.56

× 10−3, 0.17

(
f 2/3
c

E f ρ f

)0.3

ε f u

 (14)

where ρ f denotes the reinforcement ratio of the FRP, bw and d are the web width and
effective depth of the RC beam, respectively.

(3) The calculation formula for Vf in the design specifications of the Canadian Standard
Association CSA-S806 [38] is as follows:

Vf =
A f v f f ed f (sin α + cos α)

S f
(15)

A f v = 2nt f w f (16)

f f e = ε f eE f (17){
ε f e = 0.006 full wrapping
ε f e = Kvε f e ≤ 0.004 U-wrapping, two-side bonding

(18)

Kv =
k1k2Le

11900ε f u
≤ 0.75 (19)
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Le =
23300(

nt f E f

)0.58 (20)

k2 =
d f − Le

d f
(21)

where d f denotes the effective beam height associated with shear contribution to FRP.
(4) The recommended calculation formula for Vf in China Association for Engineering

Construction Standardization-CECS146-2003 [39] is as follows:

Vf =
ϕ f A f E f ε f ed f

s f
(22)

ε f e =
2(0.2 + 0.12λ)ε f u

3
, If λ > 3, then λ = 3; if λ < 1.5, then λ = 1.5 (23)

ϕ f =


1.0 for full wrapping

0.85 for U-wrapping

0.7 for side bonding

(24)

where ϕ f is the strengthening form factor of FRP, and λ is the shear-span ratio.
(5) Tan [40] fitted the experimental results of U-shaped stirrups reinforcement, and

proposed a shear capacity formula as:

Vf = Rdbhρ f E f ε f u (25)

Rd =
883(λ + 8.16)

(
λε f u

)−0.3

ε f u
(26)

λE =
ρ f E f

ft
(27)

η =
w f

w f + s f
(forU-jackets) (28)

where Rd represents the strain reduction factor of FRP, h denotes the beam height,
λE is the reinforcement quantity coefficient of FRP, and η is the coefficient of spacing
ratio of FRP strips.

(6) Lu et al. [41] presented a shear capacity formula as:

Vf =
K f τω f h2

f e(sin β + cos β)

s f
(29)

K f =
φ sin β

sin β +
0.3h f e ft√

E f t f

(30)

φ =

1.0 for side plates

1.3 for U-jackets
(31)

τ = 1.2βw ft (32)
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βw =


2.25 −

w f

s f

1.25 +
w f

s f


1/2

(33)

where K f represents the shear contribution coefficient of FRP, τ denotes the shear
stress coefficient of FRP, h f e is the effective height of FRP, β represents the angle-
related coefficient of FRP, φ is the reinforcement form coefficient, and βw represents
the width-thickness ratio coefficient of FRP strips.

2.2. Existing Machine Learning Models
2.2.1. ANN Model

The basic unit of ANN [42] is a neuron, which contains weights and initial parame-
ters. During the iterative training process, the values of weights and parameters will be
continuously adjusted to achieve the convergence of the loss function, thus obtaining a
well-trained model. Figure 1 illustrates the structure of the ANN, which consists of an
input layer, several hidden layers, and an output layer. The number of hidden layers and
the number of neurons in each hidden layer are key hyperparameters of the model. In this
study, the activation functions for the hidden layer and the output layer are poslin function
and purelin function, respectively. Specifically, the model incorporates 3 hidden layers
with 17, 9, and 5 neurons in each layer. The model performance is evaluated based on
mean squared error optimization. The learning rate is set to 0.01, the maximum iterations
is 10,000, and an early stopping mechanism is introduced with a penalty value of 50.

Figure 1. The network structure of ANN model.

2.2.2. RF Model

Random Forest (RF) [43] model is an ensemble learning approach based on decision
trees, in which the core structure is a classifier composed of multiple decision trees, as
illustrated in Figure 2. The algorithm first bootstraps multiple sample subsets, and then
uses the Bagging technique to train multiple diverse decision trees in parallel, with each
tree using only a subset of samples and features. During the prediction phase, the final
output is obtained through collective voting or mean aggregation. This unique mechanism
enables the RF model to have both strong resistance to overfitting and high robustness,
which can effectively handle high-dimensional data. The hyperparameter configuration of
the RF model for predicting the shear capacity of FRP-strengthened RC beams is as follows:
500 decision trees; a maximum tree depth is limited to 7; the maximum number of features
equal to the square root of the total number of features; a minimum sample number for
internal node split set at 5; and a minimum sample number for leaf node set at 3.
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Figure 2. The principle of RF model.

2.2.3. LSSVM Model

A least square support vector machine (LSSVM) is a variant of the support vector
machine that uses equality constraints instead of inequality constraints [44]. It models the
hysteretic behavior by approximating the autoregressive function and employs a nonlinear
function to map the input into a high-dimensional space, as shown in Figure 3. The LSSVM
model selects the radial basis function as the kernel function, with a function order of 3,
and automatically calculates the kernel coefficient. In addition, the penalty parameter is set
to 180, the maximum iteration is 3000, and the tolerance coefficient is set to 0.6.

Feature parameter

Input x1

Input x2

Input x3

K(x,xn)

K(x,x1)

K(x,x2)

K(x,x3)

K(x,x4)

Input xn

∑ Output

b

a1

a2

a3

a4

an

Kernel 
functionsInput space Weights Bias Results

NuShear strength 

F.M

R.M

fsy

fc

Shape

 
Figure 3. The architecture of LSSVM model.
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2.2.4. CNN Model

Convolutional Neural Network (CNN) [45] is extensively utilized for analyzing time
series data owing to their robust feature extraction capabilities. A typical CNN architecture,
as illustrated in Figure 4, consists of an input layer, convolutional layers, pooling layers,
fully connected layers, and an output layer. The convolutional layer, which forms the
core of the CNN, processes data through sliding windows and extracts features using
convolutional kernels. The pooling layer is designed to downsample the convolutional
layer’s output via max pooling or average pooling, thereby reducing feature dimensions
and enhancing model robustness. In this study, the CNN is trained for 300 epochs, with
an initial learning rate of 0.01, a learning rate decay factor of 0.9, a learning rate decay
period of 30, and the number of mini-batch training epochs of 30. The fully connected
layer connects each neuron with neurons before and after, and computes the weights and
biases of the features to obtain the output of the feature information. The output data can
be represented as:

Hi,CNN = max{ReLU(WCNN · xi,CNN) + bCNN} (34)

where ReLU represents the activation function, xi,CNN denotes the current input informa-
tion for CNN, WCNN and bCNN are the weight matrix and bias matrix.

In
pu

t f
ea

tu
re

 p
ar

am
et

er
s

Input layer Convolution layer

Pooling layer Pooling layer

Convolution layer Flatten layer

Fully connected layers

Output

 

Figure 4. The network structure of CNN model.

2.2.5. CNN-LSTM Model

CNN possess strong spatial feature extraction capabilities, whereas LSTMs excel at cap-
turing temporal dependencies. By constructing an ensemble CNN-LSTM prediction model,
spatial features can be extracted from multiple dimensions of the data, while temporal
variations can be effectively captured along the longitudinal dimension. Figure 5 shows the
structure of an LSTM unit, which incorporates input gates, forget gates, output gates, and
cell state mechanisms, enhancing its ability to effectively manage long-term dependencies
within sequences [46]. The forget gate determines how much past information should be
retained, the input gate controls how the current input affects the cell state, and the output
gate determines which information will be the current output. Subsequent to the output
HCNN from the CNN layer, the time series HCNN serves as the input to the LSTM layer, and
the output ht at time t can be represented as:

ht = LSTM(HCNN,t−1, HCNN,t) (35)
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Figure 5. The network structure of LSTM.

Figure 6 illustrates the framework of the CNN-LSTM model [47] utilized in this study
to predict the shear capacity of FRP-reinforced RC beams. Initially, the CNN extracts spatial
features from the input parameters, followed by the LSTM, which captures the temporal
dependencies within the sequence. Subsequently, a fully connected network within the
CNN-LSTM architecture integrates the features extracted from the previous layers and
maps them into a unified representation space to capture complex nonlinear relationships.
The hyperparameters of the CNN-LSTM model are as follows: convolutional kernel size
1, 64, and 32 neurons in the first and second LSTM layers, 300 training epochs, an initial
learning rate of 0.01, a learning rate decay factor of 0.9, a learning rate decay period of 30,
and 30 mini-batch training epochs.

full warpping

U warpping

 two side bonding
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tensile strength of 
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LSTM
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...
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LSTM
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FC layer Output  

Figure 6. The framework of CNN-LSTM model for shear capacity prediction.

2.3. The Proposed Method

The ensemble CNN-LSTM model necessitates expert fine-tuning of hyperparameters to
achieve accurate predictions, which is often inefficient. To improve the CNN-LSTM model’s
generalization ability and prediction accuracy, this study proposes to use the Jaya algorithm
to adaptively optimize its hyperparameters. The Jaya algorithm is a metaheuristic algorithm
proposed by Rao [48], which requires fewer parameters compared to other metaheuristic
algorithms, is easy to implement and understand, and is characterized by its approach
of seeking improvement while avoiding deterioration. During the optimization process,
the Jaya algorithm demonstrates straightforward and non-trapping methods for solving
optimization problems. The initialization of individuals is a prerequisite for employing
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the Jaya algorithm, with initial values randomly selected within specified boundaries, as
expressed in the following:

Xi = Xmin + rand · (Xmax − Xmin) (36)

where Xi represents the initial individual, Xmax and Xmin are the lower and upper bounds
of the search space, and rand denotes a random value between [0, 1].

The updated formula for the individual values in the parameter iterative optimization
process is as follows:

X′
j,k,i = Xj,k,i + r1,j,i(Xj,best,i −

∣∣∣Xj,k,i

∣∣∣)− r2,j,i(Xj,worst,i −
∣∣∣Xj,k,i

∣∣∣) (37)

where Xj,k,i represents the value of the kth variable of the jth individual in the ith iter-
ation, r1,j,i and r2,j,i are two random numbers in the range [0, 1], Xj,best,i and Xj,worst,i

represent the best and worst solution values of the jth variable in the ith iteration. Here,
r1,j,i(Xj,best,i −

∣∣∣Xj,k,i

∣∣∣) indicates the trend of the current population’s solution approach-

ing the optimal solution, and r2,j,i(Xj,worst,i −
∣∣∣Xj,k,i

∣∣∣) indicates the trend of the current
population’s solution moving away from the worst solution.

Figure 7 illustrates the proposed framework for predicting the shear capacity of FRP-
strengthened RC beams based on the optimization theory of the Jaya algorithm, mainly
including the following steps:

(1) An experimental database for the shear capacity of FRP-strengthened RC beams
is established, encompassing key parameters such as different FRP strengthening
schemes, cross-sectional dimensions, and failure modes. The Pearson correlation
coefficient method is employed to select key parameters for the shear capacity model.
Subsequently, the dataset is randomly divided into a training set (80%) and a test
set (20%)

(2) The CNN-LSTM model is constructed with two convolutional layers, two LSTM
layers, and two fully connected layers. The parameters to be updated include the
number of convolution kernels in the first convolutional layer 16–128, the number of
convolution kernels in the second convolutional layer 8–64, the number of neurons in
the first LSTM layer 16–128, the number of neurons in the second LSTM layer 8–64, the
number of neurons in the first fully connected layer 8–64, the number of neurons in
the second fully connected layer 4–32, and the learning rate [0.0001–0.01]. The initial
values of the Jaya algorithm are set according to the aforementioned theory, and the
popsize and maxgen are set as 5 and 100. With the seven parameters to be optimized
defined as the seven dimensions of the population. Upper and lower boundaries are
specified for each hyperparameter.

(3) The root mean square error (RMSE) generated by the CNN-LSTM model on the
training set is employed as the fitness function. The fitness value is calculated to
determine the optimal and worst solutions based on the minimization criteria. The
fitness function can be represented as:

fitness =

√
∑n

i=1 (Vtest,i − Vpre,i)

n
(38)

where Vtest,i and Vpre,i are the experimental and predicted shear capacity, and n
represents the total number of the training set.

(4) The current individual is updated according to the Jaya algorithm’s updating
Formula (37). Utilizing the best and worst solutions derived in step (3), the individual
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is steered away from the worst solution towards the optimal solution. The position of
each individual in the 7-dimensional space represents the optimal hyperparameter
combination for the CNN-LSTM model to be solved.

(5) The Jaya optimization process is iterated until the maximum number of iterations
is reached. The optimal solution obtained at this stage represents the best hy-
perparameter combination for the CNN-LSTM model. Finally, the optimal CNN-
LSTM prediction model is established using this hyperparameter combination after
the training process concludes, to predict the shear capacity of FRP-strengthened
RC beams.

(6) The predicted shear capacity of FRP-strengthened RC beams is compared with
the experimental data, and the prediction accuracy is evaluated using several
performance indicators.

(7) An interpretability analysis of the proposed model’s input parameters is conducted
using the SHAP method to elucidate the influence of individual parameters on the
predicted shear capacity of FRP-strengthened RC beams.

Figure 7. The flowchart of the proposed interpretable Jaya-CNN-LSTM model.

2.4. Evaluation Indicators

To accurately evaluate the predictive performance of the proposed method for shear
capacity prediction, four evaluation indicators are employed, namely RMSE, average value
(Avg), coefficient of variation (Cov), and integral absolute error (IAE). Among them, RMSE
quantifies the prediction errors produced by the model, assigning higher weights to larger
deviations; Cov is an indicator of the relative dispersion degree of prediction values; Avg
represents the overall predictive average performance compared with the experimental
data; and IAE is used to determine the overall accuracy of the model. Together, these
indicators collectively provide insights into the errors, dispersion, and accuracy of the
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predictive results, thereby facilitating a comprehensive evaluation of the different models.
The mathematical expressions for the evaluation indicators are detailed below:

RMSE =

√
1
n

n
∑

i=1

(
Vpre,i − Vtest,i

)2

Avg =
∑n

i=1 Vpre,i/Vtest,i

n

Cov =

√
1
n

n
∑

i=1

(
Vpre,i/Vtest,i − Avg

)2

Avg
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∑n
i=1 Vtest,i

∣∣∣∣

(39)

where n denotes the total number of the test set, i represents the ith test sample; Vpre,i

and Vtest,i represent the predicted and experimental results of the shear capacity of the ith
FRP-strengthened RC specimen, respectively.

3. Database for the Shear Capacity of FRP-Reinforced Concrete Beams
3.1. Database Construction

There exist various reinforcement modes for strengthening the shear capacity of FRP-
strengthened RC beams, including full wrapping, U-wrapping, and two-side bonding.
According to the method of FRP paste, the reinforcement is divided into intermittent
pasting and continuous pasting. With different reinforcement pasting forms, there will
be significant differences in the shear capacity. Therefore, to accurately establish a pre-
dictive model for the shear capacity of FRP-strengthened RC beams, it is necessary first
to establish a complete experimental database. Database of FRP reinforced RC beams
were collected [27–32,49–59], outliers were identified and removed based on data con-
sistency and physical plausibility, and a database comprising 315 experimental results
of the shear capacity of FRP-strengthened RC beams was established in this study. The
data includes several typical FRP-strengthened specimens, which are representative, as
shown in Figure 8. Prior studies have highlighted numerous factors influencing the shear
capacity of FRP-strengthened RC beams, encompassing not only beam cross-sectional di-
mensions, reinforcement strength, and reinforcement ratio, but also critical factors such as
FRP material characteristics and reinforcement modes. Consequently, the database includes
23 statistically relevant feature parameters that affect the shear capacity of FRP-strengthened
RC beams.

Figure 8. The common RFP reinforcement modes for RC beams.
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3.2. Statistics Analysis of Database Feature Parameters

The Pearson correlation coefficient algorithm is utilized to select input features for ma-
chine learning models, aiming to identify crucial influencing factors, eliminate redundant
features, and improve both the physical interpretability and generalization ability of the
proposed model. Figure 9 illustrates the results of the Pearson correlation coefficient matrix
analysis of the database statistical parameters, where a correlation coefficient approaching
1 indicates a strong positive correlation between the two variables under consideration.
The analysis demonstrates significant correlations among several feature parameters; for
instance, strong positive correlations exist between hf, bw, h, and d, as well as between sf

and wf. The presence of highly correlated variables may introduce multicollinearity, which
can adversely affect the stability and generalization performance of machine learning
models. Therefore, redundant features with strong linear relationships were removed to
reduce model complexity and improve prediction robustness. Consequently, seven critical
input parameters are retained: the shear-span ratio λ, reinforcement ratio of stirrups ρsv,
compressive strength of concrete fc, steel tensile strength fsy, cross-sectional shape, FRP
external bonding reinforcement mode (R.M), and failure mode (F.M). Figure 10 presents
the relationships between input parameters in the dataset and the shear capacity of FRP-
strengthened RC beams. It can be observed that the feature parameter exhibits a wide
distribution range and significant dispersion, indicating that the samples cover diverse
structural configurations and material properties. This diversity is beneficial for training
a robust data-driven model and enhances its generalization capability. Moreover, the
absence of strong clustering or bias in the feature parameter distribution further supports
the reliability of the constructed dataset.

Figure 9. Pearson correlation coefficient matrix of the feature parameters.
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Figure 10. Variation in the shear capacity with the input parameters after FRP strengthened.

4. Evaluation and Comparison
4.1. Performance Verification

To verify the prediction performance of the machine learning models, Figure 11 com-
pares the predicted shear capacity of FRP-strengthened RC beams by the machine learning
models with the experimental results. The results indicate that machine learning-based
models generally exhibit satisfactory performance in predicting the shear capacity of FRP-
strengthened RC beams, with most predicted values showing good agreement with the
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experimental results. However, the single prediction models, including ANN, RF, LSSVM,
and CNN, perform poorly in capturing the peak shear capacity of the test samples and tend
to significantly underestimate the maximum shear resistance. The comparison between
the CNN-LSTM and Jaya-CNN-LSTM models further confirms that hyperparameter opti-
mization plays a critical role in enhancing model performance. Although the CNN–LSTM
model achieves a certain degree of improvement, its overall prediction accuracy does not
demonstrate a substantial enhancement compared with the single models. It can be clearly
observed that the proposed model provides the most accurate predictions for the shear
capacity of FRP-strengthened RC beams. The results demonstrate that, by incorporating
the Jaya optimization algorithm, the proposed approach is capable of adaptively adjust-
ing hyperparameters according to the inherent characteristics of the training set, thereby
effectively improving the prediction accuracy of the shear capacity of FRP-strengthened
RC beams.

Figure 11. Comparison of shear capacity prediction results for different machine learning models.
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To comprehensively evaluate the accuracy of the machine learning methods in predict-
ing the shear capacity of FRP-strengthened RC beams, the prediction results are evaluated
using RMSE, Avg, Cov, and IAE indicators. A radar chart is utilized to compare the eval-
uation indicators of five existing models with the proposed Jaya-CNN-LSTM model, as
depicted in Figure 12. Among them, smaller values of these evaluation indicators indicate
better predictive performance of the prediction model. The results are generally consistent
with the previous analysis. Specifically, the RMSE, Avg, Cov, and IAE of the proposed Jaya-
CNN-LSTM model are 88.11 kN, 0.90, 0.44, and 0.27, respectively. Overall, the proposed
Jaya-CNN-LSTM model achieves superior performance in most evaluation metrics, indicat-
ing its strong predictive accuracy. Although slight variations exist in certain indicators, the
proposed model demonstrates a better balance between accuracy and stability compared
to other machine learning models. Moreover, the proposed Jaya-CNN-LSTM model opti-
mized the hyperparameters of the CNN-LSTM model through the Jaya algorithm, leading
to a significant improvement in the prediction performance of the Jaya-CNN-LSTM model
compared to the CNN-LSTM model. The proposed Jaya-CNN-LSTM model can adaptively
adjust the hyperparameters based on different training samples, thereby strengthening
the generalizability of the prediction model. In addition, the prediction performance of
the CNN-LSTM model is roughly the same as that of the CNN model. This indicates
that blindly stacking deep learning networks does not necessarily lead to significant im-
provements in predictive ability. This highlights the critical importance of hyperparameter
optimization in machine learning models for improving prediction accuracy.

Figure 12. Comparison of evaluation indicators for machine learning models.
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4.2. Comparison Analysis with the Existing Empirical Models

Figure 13 presents the predicted shear capacity of FRP-strengthened RC beams in the
database using six typical existing theoretical models. The red line represents the ideal
model line without prediction errors. The results indicate that most empirical theoretical
models tend to underestimate the shear capacity, reflecting their conservative nature and
limited adaptability to complex conditions. In contrast, the data-driven approach provides
predictions that are closer to experimental values, highlighting its advantage in capturing
nonlinear interactions among variables. Such discrepancies may arise because different
theoretical models employ distinct mathematical formulations and consider different key
parameters, resulting in varying prediction outcomes. Moreover, the development of these
empirical theoretical models is often limited by the size and scope of their experimental
datasets. Evaluating these models with an extensive database incorporating a broader range
of parameters can lead to notable fluctuations in their predicted results. Therefore, despite
the explicit physical interpretations of existing theoretical models, many still grapple with
challenges related to prediction accuracy and generalization capabilities.

 

Figure 13. The shear capacity prediction results using different empirical theoretical formulas.
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5. SHAP-Based Interpretability Analysis
The SHAP explanation method demonstrates the global interpretation of how input

feature parameters impact the shear capacity of FRP-strengthened RC beams, revealing
the contribution of the seven selected input feature parameters to the shear capacity. This
approach clarifies the key input feature parameters that play a crucial role in model pre-
diction and quantifies their impact on shear capacity. Figure 14a presents the distribution
of SHAP values for the input feature parameters in relation to the proposed model pre-
dictions. Each data point corresponds to the SHAP value of an individual feature for a
single sample. The sign of the SHAP value reflects the direction of the feature parameter’s
contribution (positive or negative) to the predicted results, whereas the color scale repre-
sents the magnitude of the absolute SHAP value, with red indicating higher contributions
and blue indicating lower contributions. Figure 14b presents the mean SHAP values of
each input feature parameter for shear capacity prediction. The results demonstrate that
the average SHAP value of FRP R.M. is the highest, reaching approximately 75, indicating
that the reinforcement mode is the most critical feature parameter for the shear capacity
of FRP-strengthened RC beams. Additionally, the feature parameters fsy, λ, and F.M, with
mean absolute SHAP values of these three feature parameters accounting for over 80% of
the parameter R.M, highlighting their importance. It is noteworthy that the mean absolute
SHAP value of the cross-sectional shape is the lowest, indicating its relatively minor impact
on the shear capacity of FRP-strengthened RC beams. Overall, these results imply that
the influence of cross-sectional shape is minimal, whereas the material properties have
a significant impact, and the reinforcement mode has the greatest influence on the shear
capacity of FRP-strengthened RC beams.

Figure 14. SHAP interpretable analysis for the input feature parameters.

SHAP analysis can further reveal the dependency relationships between input feature
parameters and the predicted results, indicating that SHAP values vary with changes in the
input variables. Figure 15 presents the feature dependency analysis results of seven input
feature parameters, aiming to elucidate their influence trends on the prediction of the shear
capacity of FRP-strengthened RC beams. As shown in Figure 15, the shear span ratio λ

exhibits the strongest influence on shear capacity, with increasing λ leading to higher SHAP
values and a more pronounced negative contribution, indicating increased susceptibility to
shear-dominated failure. When λ ranges from 2 to 3, the beams predominantly exhibit F.M 1
and 2, as illustrated in Figure 15b. Figure 15c,d demonstrate that fsy has a notable influence
on the shear capacity. For beams without stirrups, increasing the concrete compressive
strength fc can lead to a certain enhancement in shear capacity; however, the improve-
ment remains limited. As shown in Figure 15e, when the concrete compressive strength
fc > 40 MPa, it exerts a significant effect on the shear capacity, whereas for fc < 40 MPa, the
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influence becomes relatively minor. Under this condition, increasing the stirrup’s fsy does
not effectively improve the shear capacity. The contribution of ρsv to the shear capacity
exhibits considerable dispersion, indicating that it is not a critical factor governing the shear
capacity of FRP-strengthened RC beams, as shown in Figure 15f. Compared with rectangu-
lar cross-section beams, T-beams exhibit higher sensitivity in terms of shear capacity when
strengthened with FRP (in Figure 15g). Among the different FRP strengthening schemes,
full wrapping provides the highest contribution to shear capacity, followed by U-wrapping,
while two-side bonding offers the lowest contribution, as shown in Figure 15h. These
results demonstrate that SHAP analysis is capable of providing interpretable insights into
the influence of different feature parameters on the shear capacity of FRP-strengthened RC
beams, thereby offering theoretical support for the design of FRP strengthening systems.

Figure 15. Cont.
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Figure 15. Effect of input variables on output variables.

6. Conclusions
This study has proposed a deep learning-based approach that integrates interpretable

machine learning with the Jaya-CNN-LSTM model to enhance the prediction accuracy and
generalization capability of the shear capacity of FRP-strengthened RC beams. The main
conclusions are summarized as follows:

(1) Seven critical feature parameters have been selected to predict the shear capacity
of FRP-strengthened RC beams based on Pearson correlation coefficient analysis.
This selection process involved the exclusion of highly correlated feature parameters,
leading to a significant reduction in redundancy within the input feature parameters
for the prediction machine learning model.

(2) The accuracy and variability of six empirical theoretical models reported in the litera-
ture and design codes have been evaluated. Although these models are theoretically
grounded, they exhibit limitations in both accuracy and practicality. The prediction
results mostly tend to be conservative, easily underestimating the shear capacity of
FRP-strengthened RC beams. The proposed Jaya-CNN-LSTM model demonstrates
superior predictive performance compared to the empirical theoretical models, which
can contribute to more reliable assessments of shear capacity. This improvement may
help reduce excessive conservatism in traditional design approaches while maintain-
ing structural safety, thereby enhancing the efficiency of engineering design.

(3) The proposed Jaya-CNN-LSTM model can adaptively adjust the model’s hyperparam-
eters based on training data, demonstrating high accuracy and strong generalization
ability in predicting the shear capacity of FRP-strengthened RC beams. Compared
with the other machine learning models, the Jaya-CNN-LSTM model exhibits superior
predictive performance.

(4) The SHAP method provides both global and local interpretability for the predicted
shear capacity based on input feature parameters. SHAP values quantify the relative
importance of these parameters, clearly revealing their contributions to the model’s
predictions for FRP-strengthened RC beams. Among the input features, key parame-
ters such as shear-span ratio, concrete compressive strength, and reinforcement mode
exhibit a particularly significant influence on shear capacity.

Although the proposed Jaya-CNN-LSTM model outperforms the benchmark models,
the relatively limited dataset size, constrained by data availability in the studied scenario,
remains a potential limitation. While the results suggest that the model can capture
meaningful patterns, its generalization capability requires further validation on larger
and more diverse datasets. Future work will therefore focus on expanding the dataset
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and adopting more comprehensive validation strategies to enhance the robustness and
generalizability of the proposed approach.
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