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Abstract: Accurately estimating the interfacial bond capacity of the near-surface mounted (NSM) carbon fiber-reinforced pol-
ymer (CFRP) to concrete joint is a fundamental task in the strengthening and retrofit of existing reinforced concrete (RC) struc-
tures. The machine learning (ML) approach may provide an alternative to the commonly used semi-empirical or semi-analytical 
methods. Therefore, in this work we have developed a predictive model based on an artificial neural network (ANN) approach, i.e. 
using a back propagation neural network (BPNN), to map the complex data pattern obtained from an NSM CFRP to concrete joint. 
It involves a set of nine material and geometric input parameters and one output value. Moreover, by employing the neural in-
terpretation diagram (NID) technique, the BPNN model becomes interpretable, as the influence of each input variable on the 
model can be tracked and quantified based on the connection weights of the neural network. An extensive database including 163 
pull-out testing samples, collected from the authors’ research group and from published results in the literature, is used to train and 
verify the ANN. Our results show that the prediction given by the BPNN model agrees well with the experimental data and yields 
a coefficient of determination of 0.957 on the whole database. After removing one non-significant feature, the BPNN becomes 
even more computationally efficient and accurate. In addition, compared with the existed semi-analytical model, the ANN-based 
approach demonstrates a more accurate estimation. Therefore, the proposed ML method may be a promising alternative for pre-
dicting the bond strength of NSM CFRP to concrete joint for structural engineers. 
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1  Introduction 
 
Many techniques for strengthening existing 

reinforced concrete (RC) structures with various 
fiber-reinforced polymer (FRP) composites have been 
developed in recent years (Ghasemi et al., 2014; 
Al-Mahaidi and Kalfat 2018; Zhang et al., 2018), and 
externally bonding (EB) an FRP fabric or plate onto 
the surface of the structure is the most commonly 
used technique (Wu et al., 2010; Bilotta et al., 2011). 
In particular, the carbon fiber-reinforced polymer 
(CFRP) strip, is the most popular of various FRP 
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materials due to its high tensile strength and stiffness 
(Chen et al., 2019). However, the cohesive debonding 
of the FRP from the adjacent concrete leading to 
premature failure of the EB strengthening technology 
has become a crucial and persistent problem in 
practical engineering. Against that background, the 
near-surface mounted (NSM) FRP strengthening 
technique, regarded as a promising alternative to the 
EB FRP strengthening method, has developed 
quickly over the past ten years (Ali et al., 2008; Zhang 
et al., 2017). In the NSM strengthening technique, as 
shown in Fig. 1, the FRP laminates are embedded into 
grooves that are first cut in the concrete cover of RC 
structures. The gap between the FRP laminate and the 
groove is filled with adhesive, for example, epoxy 
paste or cement grout (de Lorenzis and Teng, 2007). 
Compared with the EB technology, the RC structures 
strengthened by this NSM method usually have a 
larger bond strength (also referred to as bond capacity 
or bond resistance) at the interface of the FRP lami-
nate and the concrete substrate. Moreover, the dura-
bility and long-term performance of the strengthened 
structure are also improved as the FRPs are protected 
by the concrete cover (Peng et al., 2019). The bond 
strength of the NSM strengthening technique, the 
maximum tensile force which the interface can bear, 
is of fundamental importance in practical engineering 
and needs accurate estimation. Basically, the pull-out 
test (Fig. 1) (sometimes referred to as the push-pull 
test) is carried out to measure it. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Since the bond strength of the NSM strength-
ening method is different from the EB technology for 
FRPs, many researchers have conducted extensive 
experimental (Ceroni, 2010; Zhu et al., 2014; Mahal 

et al., 2016; Sadoun et al., 2020) and theoretical 
studies (Petersen et al., 2010; Chen and Cheng, 2016). 
In these, several reliable bond strength models on the 
NSM CFRP to concrete joint have been proposed in 
recent years, and they can be divided into two cate-
gories. The first is a statistical model regressed on 
experimental data. For example, Seracino et al. 
(2007a) developed a statistical model to predict the 
maximum debonding force of NSM CFRP joint by 
using a nonlinear regression analysis on 36 pull-out 
experimental results. The second is a semi-analytical 
model based on the fracture-mechanics approach, 
such as the generic model that can determine the 
debonding resistance of any adhesive plate-to- 
concrete joint including the EB and NSM techniques 
(Seracino et al., 2007b), and the bond strength model 
based on an existing analytical solution and the frac-
ture energy equation (Zhang et al., 2014), which was 
considered to be more accurate than the generic 
model proposed by Seracino et al. (2007b). 

However, the raw data for the existing statistical 
model is limited, and the determination of the critical 
bond length of the model lacks both theoretical and 
experimental bases. In addition, the establishment of 
the semi-empirical model often needs many assump-
tions, including the forms of the interfacial fracture 
energy and maximum bond stress, which can be seen 
from the description in Section 2. Recently, machine 
learning (ML) methods have been reported to have 
many successful applications for composite struc-
tures. For instance, Vu and Hoang (2016) used the 
support vector machine (SVM) to estimate the 
punching shear capacity of FRP reinforced slabs; 
Karaci et al. (2019) used deep neural network (DNN) 
and artificial neural network (ANN) to predict mate-
rial properties of ground-waste-brick mortars. Later, 
Hoang (2019) employed piecewise multiple linear 
regression (PMLR) and ANN to predict the properties 
of steel fiber reinforced slabs. Yang et al. (2019) used 
the random forest (RF) and the firefly algorithm to 
predict the dynamic increase factor of steel fiber RC 
structures. Shishegaran et al. (2020) predicted the 
maximum deflection of reinforced concrete panels by 
regression models. Godoy et al. (2020) adopted sev-
eral ML algorithms to classify quick and highly sen-
sitive clays from measurements. Quite recently, the 
authors successfully applied ML techniques to iden-
tify and predict the properties of FRP composite 

Fig. 1  Pull-out test of near-surface mounted (NSM)
carbon fiber-reinforced polymer (CFRP) to concrete joint
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structures (Su et al., 2021a, 2021b). By using 
self-learning, ML is a very powerful artificial intel-
ligence (AI) method. It extracts the complicated rela-
tionship between input and output sampling data and 
then uses that relationship to make predictions or 
identifications without being explicitly programmed; 
it provides another method for the evaluation of bond 
strength. 

Among the various ML methods, the ANN is 
one of the most robust. In this work, we have devel-
oped an experimental data-driven back propagation 
neural network (BPNN) model to predict the bond 
strength of an NSM CFRP to concrete joint. In addi-
tion, the neural interpretation diagram (NID) tech-
nique is employed to help interpret the contributions 
and importance of the input variables in the neural 
network (NN) due to its black-box nature. NID has 
been applied in many studies related to the ANN 
model. For instance, Olden and Jackson (2002b) used 
it to identify and demonstrate the minor connection 
weights in the ANN. Abuodeh et al. (2020) combined 
NID with the ANN to predict the shear strength of 
FRP strengthening RC beams and to identify the in-
fluential input parameters. Hait et al. (2020) adopted 
NID to visualize the interaction among input varia-
bles in the ANN prediction model of damage index of 
RC buildings.  

Inspired by the recent development of ML 
methods in composite structures, the objective of this 
paper is to develop an interpretable ANN model with 
quantized feature importance based on the collected 
extensive experimental database, to accurately and 
directly predict the bond strength of the NSM CFRP 
to concrete joint. The paper contains six sections. 
Section 2 briefly presents the calculation process of 
the bond strength of NSM CFRP to concrete joint 
according to the existing semi-analytical model. This 
is followed by Section 3 where an extensive experi-
mental database of 163 samples with 10 variables, 
compiled from the author’s research group and from 
published literature, is collected. In Section 4, the ML 
methods used in this work are introduced, including 
the BPNN model and the NID technique. Section 5 
outlines the implementation process of the BPNN 
model employing the NID technique. The prepro-
cessing of the raw data and the searching of the op-
timal hyperparameters of the ML model are de-
scribed. Particularly, the relative importance and 

contributions of the input variables of the proposed 
BPNN model are quantified by Garson (1991)’s al-
gorithm and the connection weight approach. Then, 
Section 6 analyzes the prediction performances of the 
BPNN model and compares the results with the semi- 
analytical model. A parametric study using the de-
veloped BPNN model is also conducted. Lastly, 
conclusions are summarized. 
 
 
2  Semi-analytical model of bond strength 
 

In this part, the semi-analytical model, that is the 
calculation process of the bond strength (Pu) of the 
NSM CFRP to concrete joint proposed by Zhang et al. 
(2013, 2014), is given, with the basic equation as 
follows: 
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where Gf is the interfacial fracture energy, Lb and Le 
are the bond length and effective bond length, re-
spectively, Ef and Af are the elastic modulus and the 
cross-sectional area of the CFRP strip, respectively, 
Cfailure is the dimension of the failure plane in the 
direction perpendicular to the loading and is taken to 
be the total length of the three sides of the groove 
surrounding the concrete, and βL is a reduction factor 
to reflect the effect of bond length. 

The interfacial fracture energy that is obtained 
through a regression analysis of numerical results 
from a finite element model (Zhang, 2012) is deter-
mined by 

 
0.422 0.619

f c0.4 ,G f                          (2) 

 
where  is the groove height-to-width ratio, and fc is 
the cylinder compressive strength of the concrete. The 
reduction factor βL is a function of the bond length, 
which is determined by 
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The effective bond length can be calculated through 
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where η is the coefficient of the governing differential 
equation for the relationship between the NSM CFRP 
and concrete, and τmax, which has a similar form with 
the interfacial fracture energy, is the maximum in-
terfacial shear stress of the NSM CFRP to concrete 
joint. 

 
 
3  Data collection 
 

Experimental studies on the bond strength of the 
NSM CFRP to concrete joint have been conducted, 
providing an extensive database of pull-out test re-
sults of the bonded joints for training and testing the 
BPNN model. The statistical characteristics of the 
variables in the database are outlined in Table 1, 
where tf is the FRP thickness, mm, hf is the height of 
FRP, mm, hc is the height of concrete block, mm, wg is 
the groove width, mm, hg is the groove height, mm, 
and ae is the edge distance, mm. 

The details of the raw data are given in Table S1 
in the electronic supplementary materials. The data-
base includes 163 testing samples, of which 112 were 
conducted by the authors’ research group in recent 
years and 51 are collected from the published litera-
ture and have been summarized by Zhang (2012). In 
the database, the material and geometric information 
of the CFRP strip, the concrete substrate, as well as 
the groove are considered as the input features, and 
the bond strength is considered as the target value to 
be predicted. We randomly divided the whole 
 

 
 
 
 
 
 
 
 
 

database into two parts: a training dataset (80%), and 
a testing dataset (20%). 

 
 

4  Numerical models 

4.1  Back propagation neural network 

A main objective of this work is to efficiently fit 
the relationship between the input features, i.e. the 
related material and geometric parameters of the 
pull-out test, and the target variable, that is to say the 
bond strength of the NSM CFRP to concrete joint. 
Thus, the ANN model or, more precisely, the BPNN 
model, is employed to learn the complex patterns in 
the training data and to make predictions based on 
new data. The BPNN, regarded as an ensemble of 
input, output, and hidden layers that transforms the 
input layer into useful information for the output layer, 
is a popular ML technique. Each layer of the NN 
consists of neurons, and each neuron is a mathemat-
ical equation expressed as the sum of the weighted 
inputs: 

 
( ),y a b wx                           (7) 

 
where y is the output, a is the activation function, x is 

a vector of n inputs, 1 nw  is the weight vector, 
and b is the bias. In each epoch, the weight vector is 
updated using the following rule: 
 

0: , where ( ),w w w w J w               (8) 

 
where η0 is the learning rate, and J(w) is the objective 
function, namely, the cost function (sometimes called 
the loss function). In order to find the optimal weights 
of the model, the cost function needs to be globally 
minimized. Back propagation is a very computation-
ally efficient approach for computing the partial  
 
 
 
 
 
 
 
 
 
 

Table 1  Statistical characteristics of the variables 

Item Lb (mm) tf (mm) hf (mm) Ef (MPa) fc (MPa) hc (mm) wg (mm) hg (mm) ae (mm) Pu (kN)

Min   30.0   1.2 10.0 129 837.0 11.9 150.0   3.0 11.0   20.0   14.8 

Max 450.0 20.6 40.0 173 000.0 71.1 220.0 35.0 51.0 226.0 205.1 

Mean 257.1   3.4 15.7 137 925.2 34.2 179.9 11.1 26.7   90.9   65.7 

Standard 
deviation 

  72.7   2.1   3.4   12 711.1   9.4   29.7   5.9   6.9   41.6   27.8 
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derivatives of the complex cost function in multilayer 
NNs (Raschka and Mirjalili, 2017). The goal of back 
propagation is to use these derivatives to determine 
how changing the weights impacts the overall cost in 
the NNs and to learn the weight coefficients for pa-
rameterizing the NNs (Rumelhart et al., 1986; Nielsen, 
2015). The basic steps of back propagation include (1) 
performing forward propagation and computing the 
cost error, (2) propagating backward to reduce the 
error by changing the values of weights and biases, 
and (3) putting all the weight values together and 
updating them. 

4.2  Neural interpretation diagram 

The black box dilemma is the main downside of 
ANNs, as we are unable to know how specific input 
variables influence its decision after approximating 
accurate outputs (Olden and Jackson, 2002b). There-
fore, this work combines the NID with the BPNN to 
analyze the relationship between the input variables 
and the output based on the experimental dataset of 
the NSM CFRP to concrete joint. The NID, first 
presented by Özesmi and Özesmi (1999), aims to 
provide a visual interpretation of the connection 
weights among neurons. Researchers can then iden-
tify individual and interacting effects of the input 
features on the output by tracking the magnitude and 
sign of weights between neurons. Generally, the NID 
changes the color and thickness of the weight con-
nections in the standard conceptual illustration of the 
NN to reflect the effect of the input feature, as shown 
in Fig. 2, where x1, x2, x3 denote input values, y


 de-

notes the target value, and a1, a2, …, a5 denote acti-
vation units. This figure shows a typical single-layer 
NID where the red line represents a positive weight 
and the green line represents a negative weight. 
Moreover, the line thickness is proportional to the 
absolute magnitude of each weight (Beck, 2018). In 
Fig. 2, the final effect of each input variable on the 
output is dependent on the multiplication of the two 
connection weight directions. For example, positive 
input-hidden and positive hidden-output connection 
weights, or negative input-hidden and negative  
hidden-output connection weights, will result in a 
positive effect on the output.  

However, the interpretation of connection 
weights is difficult, especially for NNs with many 
hidden layers and neurons. In this work, we adopt 

Garson (1991)’s algorithm and a connection weights 
approach (Olden and Jackson, 2002a) to quantify the 
relative importance of each individual input variable. 
Garson (1991)’s algorithm is one of the best-known 
methods for accessing that importance based on the 
final weights of the trained NN, and it is still being 
used. The relative importance of each input feature 
for a single-layer NN with n input features and m 
hidden neurons (Ibrahim, 2013; Siu, 2017) is calcu-
lated by 

 

1

1

RI ,
m

ij jk

i n
j
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w w

w w
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                         (9) 

 

where RIi is the relative importance of the input fea-

ture i, 
1

n

ij jk
i

w w

  is the sum of the product of the final 

weights of the connection from an input neuron to 
hidden neurons with the connection from hidden 
neurons to an output neuron, j indicates the serial 
number of hidden neurons, and k indicates the serial 
number of output neurons. Since Garson (1991)’s 
algorithm uses the absolute values of the connection 
weights to calculate the contributions of the input 
features, it cannot reflect the direction of the weights 
in the NID. 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

In contrast, the connection weights approach 
uses the product of the raw input-hidden and hidden- 
output connection weights and sums the products 
across all hidden neurons (Olden and Jackson, 2002a). 
Olden et al. (2004) also indicated that the connection 
weights approach is better for quantifying feature 


y

x1

x2

x3

a1

a2

a3

a4

a5

Fig. 2  Example of a neural interpretation diagram (NID)
References to color refer to the online version of this figure
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importance compared with other commonly used 
approaches. According to this approach, the relative 
importance of a given input feature is defined as  

 

1

RI .
m

i ij jk
j

w w


                          (10) 

 
In Section 5.3, we will demonstrate the results of 
using the two methods to calculate the feature im-
portance of the NID. 
 
 
5  Implementation of BPNN employing NID 

5.1  Data preprocessing 

Feature scaling that brings the input variables 
onto the same scale is a crucial step in the data pre-
processing as the BPNN algorithm will behave much 
better with a noise reduction after this procedure. 
There are two commonly used techniques to complete 
the feature scaling procedure: normalization and 
standardization. Normalization rescales the feature to 
a range of 0 to 1, such as the min-max scaling. In 
contrast, standardization centers the feature columns 
at a mean of zero with a standard deviation of 1 to 
give them a standard normal distribution; this can be 
more practical for many ML algorithms such as gra-
dient descent (Raschka and Mirjalili, 2017). The 
standardization approach is thus used in this study to 
handle the raw data. For example, x(i) in the input 

features will have a corresponding new value, ( )
std
ix , 

calculated by the standardization procedure: 
 

( )
( )
std ,

i
i x

x

x
x





                           (11) 

 
where μx is the sample mean of a particular feature 
column, and σx is the corresponding standard  
deviation. 

5.2  Tuning of hyperparameters 

The architecture of the BPNN model is defined 
by the number of hidden layers and neurons, which 
can be regarded as the hyperparameters that need to 
be tuned in the ML. Fig. 3 shows the tuning process 
for selecting the optimum number of neurons to pre-
dict the most accurate outputs for the BPNN models 

with different hidden layers. In order to avoid under-
fitting or overfitting the training dataset, a 10-fold 
cross-validation (Jung, 2018) is used to assess the 
model performance in the tuning process. We ran-
domly split the training dataset into 10 groups, and 
use nine groups for the model training and the re-
maining group for validation. Moreover, this proce-
dure is repeated 10 times on the training dataset dur-
ing each tuning process. It is worth mentioning that 
the average root mean square error (RMSE) of the 10 
folds is adopted as the model score for evaluating the 
performance of the configuration of the hyperparam-
eters. RMSE is defined as follows: 

 

2

1

1
RMSE ( ) ,

n

i i
i

y y
n 

  
                (12) 

 
where n is the number of samples, yi is the ith pre-

dicted value, and iy


 is the ith ground truth value. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3  RMSE during hyperparameter tuning process 
(a) BPNN with one hidden layer; (b) BPNN with two hidden
layers; (c) BPNN with three hidden layers 
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Thus, the BPNN models with one hidden layer, 
two hidden layers, and three hidden layers are tuned 
and tested (Fig. 3). The BPNN models with four or 
more hidden layers are not considered as they may 
cause overfitting problems for a database of the size 
in this study. For the single-hidden-layer BPNN, the 
maximum number of neurons is capped at 300. 
However, it is observed that the average RMSE does 
not decrease with increase of neurons. On the contrary, 
the hidden layer with two neurons has the lowest 
RMSE with a value of 12.14 kN, indicating that the 
single-hidden-layer BPNN is not suitable for the da-
tabase in this study. 

For the BPNN models with two and three layers, 
the optimization process becomes extremely compu-
tation costly if the grid search technique is adopted. 
Therefore, a more efficient method, that of the ran-
dom search, is employed. Random search sets up a 
grid of hyperparameter combinations and selects 
random ones to train and score the model instead of 
doing this for every combination of hyperparameters 
(Padierna et al., 2017). Its chosen candidates are 
based on the fly following a random search strategy 
(Bergstra and Bengio, 2012). Hence, if the random 
search and the grid search explore exactly the same 
space of parameters, the run time of a random search 
to find the optimal hyperparameters is much less. The 
number of neurons of each hidden layer for the two- 
or three-layer BPNN models is limited to 100. Then, 
in the tens of thousands of neuron combinations, we 
set the trial number in the random search to 2000 for 
the BPNN model with two layers and 5000 for the 
model with three hidden layers. These numbers of 
trials are considered large enough to find the best 
hyperparameters. It can be found that the BPNN with 
25 neurons in the first hidden layer and 20 neurons in 
the second hidden layer has the lowest RMSE 
(9.125 kN) for the two-hidden-layer model (Fig. 3b), 
while the BPNN with 15 neurons in the first hidden 
layer, 31 neurons in the second hidden layer, and 22 
neurons in the third hidden layer has the lowest 
RMSE (8.433 kN) for the three-hidden-layer model 
(Fig. 3c). 

Thus, by this systematic tuning process of the 
hyperparameters, a three-hidden-layer BPNN with a 
neuron architecture of (15, 31, 22) is chosen as the ML 
model used in this work, as shown in Fig. 4. In this 
figure, the aforementioned NID is employed in the 

model to show the contribution of each input feature on 
the output. As shown in Fig. 4, the red line represents a 
positive weight, and the green line represents a nega-
tive weight. In addition, the thicker the line, the greater 
the weight. The implementation of the BPNN model is 
carried out on Scikit-learn and coded by Python lan-
guage (Pedregosa et al., 2011). For other important 
hyperparameters, the rectified linear unit (ReLu) acti-
vation function is applied in the model that is opti-
mized by using the limited-memory Broyden–Fletcher 
–Goldfarb–Shanno (LBFGS) method. 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

5.3  Feature importance 

Garson (1991)’s algorithm and the connection 
weight approach (described in Section 4.2) are used to 
interpret the complex relationship of the weights of the 
NID-BPNN model. It should be noted that the final 
weights vary slightly with the changes of the initial 
weights used for the start of the training process of the 
ANN. To be statistically representative, the BPNN 
model was executed 10 times and the average results 
were used as the final weights. Fig. 5 shows the relative 
importance of input features based on the average final 
weights of 10 runs of the model. For the experimental 
database of the NSM CFRP to concrete joint, it is ob-
served that the evaluations of the feature importance 
are basically consistent whether adopting Garson 
(1991)’s algorithm or the connection weight approach. 
Since Garson (1991)’s algorithm uses the absolute 

Fig. 4  Architecture of NID-BPNN model with three hid-
den layers 
References to color refer to the online version of this figure 
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connection weights to calculate variable contributions, 
it does not give the effect of directions for incoming 
and outgoing weights in the ANN. However, identi-
fying the feature with negative importance is important 
because it allows the loss function to rise. That means 
that the model is not getting good use from the features 
with negative importance, so removing them can ac-
tually improve its performance. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

Then, according to the analysis results of the 
connection weight approach, the groove width (wg) 
and the height of concrete (hc) demonstrate a negative 
relative importance (Fig. 5b). Otherwise, the rest of 
the features have a positive relative importance in the 
model, and the bond length (Lb) has the largest con-
tribution to the NID-BPNN model. These analysis 
results indicate that the connection weight approach is 
more accurate than Garson (1991)’s algorithm. Par-
ticularly, for the height of concrete, the absolute 
magnitude of its negative importance is relatively 

large, but this parameter is considered as an influen-
tial feature (rank 4th of the nine input features, Fig. 5a) 
according to the calculation results of Garson 
(1991)’s algorithm. In the next section, we will 
compare the model performance by using the default 
nine features and the selected features where the 
feature of the height of concrete is removed. 
 
 
6  Results and discussion 

6.1  Prediction error analysis 

In this part, the performance of the proposed 
BPNN model with default input features and selected 
features is presented. Again, the model was executed 
10 times and the average results were used as the 
outcomes so as to reliably assess the model prediction 
error. In addition to the RMSE, the coefficient of 
determination (R2), the mean absolute error (MAE), 
and the mean absolute percentage error (MAPE) are 
used and defined as follows: 
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where y  denotes the mean of the ground truth values. 

Fig. 6 shows the predicted output versus actual 
output of the bond strength for the NSM CFRP to 
concrete joint, where all the input variables are con-
sidered in the model. It is clearly observed that the 
predictions agree well with the ground truth. More-
over, the R2 values for the training set, testing set, and 
all sets are 0.983, 0.900, and 0.957, respectively. 
Since the R2 values of the training and testing sets are 
roughly similar, it is concluded that the BPNN does 
not overfit the data sample. After removing the input 
variable of negative feature importance (i.e. the 
height of the concrete), the prediction performance of 
the BPNN model using the same configuration of 
hyperparameters is shown in Fig. 7. There is no ob-
vious change regardless of the prediction errors in the 

Fig. 5  Feature importance for all input parameters of the 
experimental database: (a) Garson (1991)’s algorithm; (b) 
connection weights algorithm 
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training process, but the R2 value slightly increases 
from 0.900 to 0.915 for the testing set. Therefore, in 
this case, removing the redundant parameters by in-
corporating feature importance analysis into the 
NID-BPNN model can improve its computation effi-
ciency without decreasing its prediction accuracy. 

Furthermore, other error indicators including the 
RMSE, MAE, and MAPE before and after the input 
feature selection process are calculated, as shown in 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Table 2. For the testing set, the performances of the 
BPNN with selected input features (RMSE=10.11 kN, 
MAE=7.27 kN, MAPE=12.23%) are better than those 
of the BPNN with default features (RMSE=10.93 kN, 
MAE=7.47 kN, MAPE=12.86%). 

6.2  Comparison with semi-analytical model 

The predictions on bond strength of the NSM 
CFRP to concrete joint produced by the BPNN with 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 6  Prediction results using default input variables: (a) 
training set; (b) testing set; (c) all sets 

60
90

120
150
180
210

30

             
 

0

Actual data
Predicted data

Data sample
0 20 40 60 80 100 120 160140

All: R2=0.957

 
 

60

90

120

150

180

210

30

0

Data
Perfect fit

Actual output (kN)

0 30 60 90 120 150 180 210

Training phase: R2=0.983

 
 

Data
Perfect fit

Actual output (kN)

0 30 60 90 120 150 180 210

Testing phase: R2=0.900

60

90

120

150

180

210

30

0

(a)

(c)

(b)

Fig. 7  Prediction results using selected input variables: (a)
training set; (b) testing set; (c) all sets 

60

90

120

150

180

210

P
re

di
ct

ed
 o

ut
pu

t 
(k

N
)

30

0

Data
Perfect fit

Actual output (kN)

0 30 60 90 120 150 180 210

Training phase: R2=0.983

 

Data
Perfect fit

Actual output (kN)

0 30 60 90 120 150 180 210

Testing phase: R2=0.915

60

90

120

150

180

210

P
re

di
ct

ed
 o

ut
pu

t (
kN

)

30

0

 
 

60
90

120
150
180
210

P
re

di
ct

ed
 o

ut
pu

t 
(k

N
)

30
0

              
 

Actual data
Predicted data

Data sample
0 20 40 60 80 100 120 160140

All: R2=0.961

(a)

(c)

(b)



Su et al. / J Zhejiang Univ-Sci A (Appl Phys & Eng)   2021 22(6):427-440 
 

436

selected input features are compared with those given 
by the semi-analytical model presented in Section 2. 
All the samples in the database listed in Table S1 are 
evaluated by the two methods, and their predictions 
versus the experimental data plots are shown in Fig. 8. 
As a result, the semi-analytical model and the BPNN 
yield R2 values of 0.761 and 0.961, respectively. In 
the light of other indicators, the BPNN model also 
demonstrates a more accurate prediction (RMSE= 
5.45 kN, MAE=3.11 kN, MAPE=5.23%) than does 
the semi-analytical model (RMSE=13.52 kN, MAE= 
9.68 kN, MAPE=16.73%), as shown in Table 3. It is 
worth noting that the proposed ML model need not 
use any theoretical assumptions but maps the rela-
tionship between the input variables and the output 
based on the experimental database. Therefore, the 
developed ML method in this study is more direct, 
simple, and efficient than the existing semi-analytical 
model. 

 
 
 
 
 
 
 
 
 
 
 

6.3  Parametric study 

Since the BPNN model cannot directly show the 
influence of each input variable as the semi-analytical 
model of bond strength can, a parametric study using 
the developed BPNN model is described here. Com-
bining the analysis results of the feature importance, a 
total of six significant parameters are considered, that 
is, the bond length, the thickness, the height, and the 
elastic modulus of the CFRP strip, as well as the 
height and width of the groove. To obtain a reliable 
result, the values of these parameters are limited 
within the minimum to maximum ranges of experi-
mental data shown in Table 2. 

The bond length has the largest contribution to 
the prediction of the BPNN according to the research 
results of Section 5.3. Then, Fig. 9a shows the influ-
ence of the variation of the bond length on the bond 

strength of the NSM CFRP to concrete joint. It can be 
seen that the bond strength obviously increases with 
the bond length. Moreover, the larger the cross- 
sectional area of the CFRP, the larger the bond 
strength. The effect of the geometric dimensions (i.e. 
the thickness and the height) and the material prop-
erties (i.e. the elastic modulus) of the CFRP on the 
bond strength are shown in Figs. 9b–9d. Similarly, the 
three parameters also have a proportional relationship 
with the bond strength. Besides, when the three pa-
rameters are kept constant, the longer the bond 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 2  Performance of BPNN with default input vari-
ables and selected input variables 

BPNN process 
Indicator 

RMSE MAE MAPE

Default  
Training  3.26 1.85 2.97%

Testing  10.93 7.47 12.86%

Selected 
Training 3.36 2.05 3.29%

Testing 10.11 7.27 12.23%

Table 3  Performance of semi-analytical model and 
BPNN model 

Model 
Indicator 

RMSE MAE MAPE 

Semi-analytical 13.52 9.68 16.73% 

BPNN   5.45 3.11   5.23% 

Fig. 8  Prediction results comparison between semi-
analytical model (a) and BPNN model (b) 
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length, the greater the bond strength. As shown in 
Figs. 9e and 9f, the height of the groove demonstrates 
a proportional contribution to the bond strength, 
whereas the bond strength slightly decreases with the 
increasing width of the groove. Nevertheless, the  
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

effect of the variation of the width of the groove is not 
obvious, which is in consistent with the analysis re-
sults of the feature importance where the width of the 
groove shows a small relative importance among the 
input features. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 9  Parametric study on input variables: (a) bond length; (b) thickness of CFRP; (c) height of CFRP; (d) elastic mod-
ulus of CFRP; (e) height of groove; (f) width of groove 
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7  Conclusions 
 

In this study, we have developed an ANN-based 
model, i.e. the BPNN model, for predicting the bond 
strength of an NSM CFRP to concrete joint. An ex-
tensive experimental database consisting of 163 test 
samples is collected from the authors’ research group 
and from the published literature, and is valuable for 
the research on the NSM CFRP composites. The 
proposed BPNN model relies on a large experimental 
database to capture the complex pattern between a set 
of nine material and geometric input variables and 
one output value. The prediction error analysis proves 
that the BPNN can give accurate predictions on the 
bond strength of the NSM CFRP to concrete joint. 

In particular, the NID technique employing 
Garson (1991)’s algorithm and the connection weight 
approach is successfully used to quantify the relative 
importance of the input features, which makes the 
BPNN model interpretable. The results show that the 
connection weight approach is more reasonable in 
determining the feature contribution. After removing 
one non-significant input feature of the BPNN, the 
model becomes more computationally efficient, and 
the R2 between the predicted values and the ground 
truth values slightly increases from 0.900 to 0.915. 
Furthermore, the performance of the BPNN model is 
compared with the existed semi-analytical model 
proposed by Zhang et al. (2014) and the developed 
BPNN approach demonstrates a more accurate pre-
diction (R2 =0.961, RMSE=5.45 kN) than that of the 
semi-analytical model (R2=0.761, RMSE=13.52 kN). 

A significant advantage of the proposed ML ap-
proach is that it need not use any theoretical assump-
tions and, therefore, it is more direct, simple, and 
efficient than the traditional semi-empirical or 
semi-analytical methods. Moreover, if we keep ex-
tending its data samples in the future, it can be ex-
pected that the developed BPNN model will become 
more reliable and powerful. 
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