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To prevent debonding failure of FRP- (fiber reinforced polymer-) strengthened RC (reinforced concrete) beams, most codes
proposed models for debonding strain limitation of FRP reinforcements. However, only a few factors that affect debonding failure
are considered in the models. 'e experimental results show that these models cannot accurately evaluate debonding strain and
have a large variability. In order to improve the accuracy of predicting the debonding strain of FRP-strengthened RC beams, a BP
neural network model was developed based on the sparrow search algorithm (SSA). To predict the debonding strain of FRP
reinforcements, the established neural networkmodel was trained and simulated through experimental data.'e results show that
the coefficient of variation of the present SSA-BP neural networkmodel is 13%.'emain factors affecting debonding strain are the
longitudinal reinforcement ratio, stirrup reinforcement ratio, and concrete strength, which are not considered in the code models.
'e present model has better prediction accuracy and more robustness than the traditional BP neural network and the
code models.

1. Introduction

In the past decades, FRP (fiber reinforced polymer) rein-
forcements have been widely used in the rehabilitation and
strengthening of existing reinforced concrete (RC) struc-
tures due to their lightweight, high strength, and good
corrosion resistance [1]. Many researchers have conducted
experimental and numerical studies on the flexural per-
formance of FRP-strengthened RC beams [2–6]. Interme-
diate crack-induced debonding failure is the dominant
failure mode of FRP-strengthened RC beams. Most of the
codes have proposed different models of debonding strain
limitation for prevention of debonding failure [7–10].
ACI440.2R [7] corrected the model of Teng [11] based on the
maximum tensile strain of the FRP-strengthened RC beams
with intermediate crack-induced debonding failure and
proposed a model to limit the debonding strain of FRP
reinforcements. Kim and Harries [12] proposed a statistical
model of FRP effective strain based on the Monte Carlo

method. Oller et al. [13] established the model of FRP-
concrete interface ultimate tensile based on nonlinear
fracture mechanics and the bilinear constitutive relationship
of the FRP-concrete interface. Lu et al. [14] proposed a
model of FRP ultimate tensile strain based on the shear test
and finite element analysis. Bilotta et al. [15] established the
standard value and design value calculation model of the
maximum tensile strain of FRP reinforcements. However,
the experimental results and statistical analysis [13, 16–18]
show that these models cannot evaluate debonding strain
accurately and have a large coefficient of variation as only a
few factors that affect the debonding strain are considered in
these models.

In the recent decades, the BP neural network has been
applied in various fields of civil engineering, including the
assessment of compressive strength of ultrahigh-perfor-
mance concrete [19], the study of material intrinsic model
[20], and prediction of shear strength and behavior of RC
beams strengthened with externally bonded FRP sheets [21],
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but the research on the debonding strain of FRP-
strengthened RC beams is still relatively rare [22]. Since
many factors are affecting the debonding failure, such as the
mechanical properties of materials, the geometry of the
member, deformation and cracks of the specimen, etc., and
there are complex nonlinear relationships between the
debonding strain and each parameter, the calculation for-
mulas established based on theoretical and experimental
results usually have low accuracy and large variability, which
cannot prevent the debonding failure of FRP-strengthened
beams. 'e BP neural network has the characteristics of
nonlinear mapping theoretically and can provide a better
simulation of complex nonlinear relationships. However, in
the determination of weights and thresholds using the
gradient descent method, the BP neural network is easy to
lead the model into the local optimum and make conver-
gence speed slow; it needs to be improved by a better al-
gorithm [23]. 'is paper introduced the sparrow search
algorithm (SSA) to optimize the weights and thresholds of
the network [24] and the nonlinear mapping relationship
between each parameter and the debonding strains of FRP-
strengthened RC beams.

2. BP Neural Network and Sparrow
Search Algorithm

2.1. BP Neural Network. BP (backpropagation) neural net-
work is a multilayer forward neural network trained
according to the error backpropagation algorithm, including
the input layer, hidden layer, and output layer. It uses
gradient descent to adjust the weights and thresholds for
each layer of the neuron to reduce errors in the network
output until the errors reach a given error convergence level
before training the network. 'e BP neural network can
perform arbitrary nonlinear mapping of input and output
and realize self-learning and simple structure, but the dis-
advantage of the BP neural network is that it is easy to drop
to a local minimum and has poor stability [22–24]. 'e basic
structure of the BP neural network is shown in Figure 1.

'e rules for the collection of experimental data are as
follows:

2.2. Sparrow Search Algorithm. 'e sparrow search algo-
rithm (SSA) is a novel swarm intelligence optimization al-
gorithm proposed in 2020, mainly inspired by the foraging
and antipredatory behavior of sparrows [25, 26].

In the sparrow search algorithm, the priority to obtain
food is the sparrow with a higher fitness value. Besides, the
sparrow as a discoverer searches for a target for the whole
population and directs the joiners to search for food (target),
i.e., the sparrow as a discoverer has a larger search range
compared with the joiners. As the iteration proceeds, the
location of the sparrow as a discoverer is described in the
following equation:

X
t+1
i,j �

X
t
i,j · exp

−i

α · itermax
 , if R2< ST,

X
t
i,j + Q · L, if R2 ≥ ST,

⎧⎪⎪⎪⎪⎪⎨
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(1)

where t is the current number of iterations and itermax is a
constant representing the maximum number of iterations.
Xi,j is the position information of the i-th sparrow in the j-th
dimension. α∈(0,1] is a random number. R2 (R2∈[0,1]) and
ST (ST∈[0.5,1]) represent the warning value and safety value,
respectively. Q is a random number that obeys the normal
distribution. L is a 1× dmatrix; each element in the matrix is
1.When R2< ST, it means that there are no predators around
the foraging environment at this time, and the discoverer
can perform extensive search operations. When R2≥ ST, it
means that some sparrows in the population have found a
predator and have issued an alarm to other sparrows in the
population. At this time, all sparrows need to fly to other safe
places quickly for food.

'e update of the joiner’s position is shown in the
following equation:
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(2)

where Xp is the best position currently occupied by the
discoverer while Xworst is the current worst position globally.
A is a 1× dmatrix, where each element is randomly assigned
a value of 1 or −1, and A+ �AT(AAT)− 1. When i> n/2, this
indicates that the i-th joiner with a lower fitness value has no
food and is in a very hungry state. At this time, it needs to fly
to other places to find food to obtain more energy.

When it is aware of the danger, the sparrow population
will make antipredation behavior. 'e mathematical ex-
pression is shown in the following equation:

Hidden layer

Output layer

Input layer

Figure 1: Structure diagram of neural network.
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whereXbest is the current global optimal position. As the step
control parameter, β is a random number that obeys the
normal distribution with a mean value of 0 and a variance of
1. K∈[−1,1] is a random number; fi is the fitness value of the
current individual sparrow; and fg and fw are the current
global best and worst fitness values, respectively. ε is the
smallest constant to avoid zero in the denominator.

For the sake of simplicity, when fi>fg, it means that the
sparrow is at the edge of the population and is extremely
vulnerable to predators. When fi � fg, this indicates that the
sparrows in the middle of the population are aware of the
danger and need to be close to other sparrows to minimize
their risk of predation. K is the direction in which the
sparrow moves and is also a parameter to control the step
length.

'e flow chart of the BP neural network optimized by
SSA is shown in Figure 2.

3. Determination of Parameters and
Collection of Experimental Data

3.1.Determinationof Parameters. 'e FRP-strengthened RC
beams mainly consist of FRP sheets, concrete, and steel bars.
According to codes and related experimental studies [8–18,
27], the parameters affecting the debonding strain are
concrete strength (f’c), FRP stiffness (Eftf ), the ratio of FRP to
the length of the strengthened beam (Lf/L), the ratio of FRP
to the width of the strengthened beam (bf/b), the ratio of
shear span to the depth of the strengthened beam (λ),
longitudinal reinforcement ratio (ρs), stirrup reinforcement
ratio (ρv), and yield strain of steel bars (εsy).

3.2. Collection of Experimental Data. In order to study the
debonding strain of FRP-strengthened RC beams and train
the neural network better, this study has collected 60 ex-
perimental data from different literatures. 'e literatures are
shown in Table 1.

(1) 'e failure mode of the strengthened beams is in-
termediate crack-induced debonding

(2) 'e strengthened beams are under four-point
loading

(3) 'e end of the FRP is not anchored, and there is no
preload before bonding FRP

(4) 'e geometric characteristics of the strengthened
beams and FRP reinforcements are determined

(5) 'ematerial properties of the test beam and FRP are
determined

(6) 'e FRP bonding on the soffit of the RC beam is
continuous
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Figure 2: Flow chart of SSA-BP.

Table 1: Sources of the data.

Reference Number
[28] 10
[29] 6
[30] 1
[31] 1
[32] 3
[33] 2
[34] 4
[35] 2
[16] 2
[36] 2
[37] 9
[38] 4
[39] 4
[40] 1
[41] 3
[42] 6
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'e detailed proportion of each parameter is shown in
Figure 3.

From Figure 3, the following information can be found:

(1) 'e concrete strength (f’c) is distributed in the range
of 10–70MPa; most of them are 40–50MPa. 'e
proportion of concrete strength greater than 40MPa
is 73%.

(2) 'e FRP stiffness (Eftf ) is between 40 and 210 kN/
mm; the distribution of each interval is relatively
uniform.'e largest segment interval is 150–200 kN/
mm that accounts for about 33%.

(3) 'e ratio of FRP to the length of the strengthened
beam (Lf/L) is between 0.4 and 1.0; most of them are
in the range of 0.8–0.9, which accounts for about
70%. 'is indicates that in most tests, the length of
the FRP sheet is close to the length of the beam.

(4) 'e ratio of FRP to the width of the strengthened
beam width (bf/b) is between 0.1 and 0.9. 'ere are
about 63% of all the beams with ratios greater than
0.7. Most of the sheet width is close to the width of
the beam.

(5) 'e interval of the ratio of shear span to depth (λ) is
2–5.'e ratios are greater than 4, which accounts for
78%, which indicates that most of the test beams
have large spans.

(6) 'e longitudinal reinforcement ratio (ρs) is between
0.3% and 1.8%; the distribution in each interval is
relatively even.

(7) 'e stirrup reinforcement ratio (ρv) is between 0.1%
and 1.6%; the distribution in each interval is rela-
tively even.

(8) 'e yield strains of steel bars (εsy) are between
0.0016% and 0.0032; the strains are 0.0024–0.0028
accounting for 84%.

4. Model Design and Simulation

4.1. Design of the Model. Considering the parameters af-
fecting the debonding strain of FRP-strengthened RC beams
and the characteristics of neural networks, the design of the
model of debonding strain of FRP-strengthened RC beams is
as follows:

(i) Firstly, the concrete strength (f’c), FRP stiffness (Eftf ),
the ratio of FRP to the length of the strengthened
beam (Lf/L), the ratio of FRP to the width of the
strengthened beam (bf/b), the ratio of shear span to
depth (λ), longitudinal reinforcement ratio (ρs),
stirrup reinforcement ratio (ρv), and the yield strain
of steel bars (εsy) are taken as the input layer of the
neural network, and the hidden layer is selected as
one layer.'e number of neurons in the hidden layer
is determined through trials according to the em-
pirical formula. 'e empirical formula is shown in
the following equation:

L �
�����
m + n

√
+ a, (4)

where L is the number of neurons in the hidden
layer; m is the number of neurons in the input layer;
n is the number of neurons in the output layer; a
takes an integer between 1 and 10. Considering the
over- and underfitting problems, L is taken as 10
after repeated debugging.

(ii) Secondly, the debonding strain is taken as the output
layer. 'e topology of the SSA-BP model is shown in
Figure 4.

4.2. Model Training and Simulation. 'e number of samples
is 60. 'e distributions of the training set, validation set, and
testing set are freely controlled by the neural network. 'e
results of the SSA-BP neural network and BP neural network
are shown in Figures 5–8.

It can be seen from Figures 5 and 6, the SSA-BP model
has a higher regression coefficient than BP in the training
and testing sets. Also, the overall regression coefficient of the
SSA-BP is greater than 0.96, indicating that the present
model has high accuracy. Besides, it can be seen from
Figures 7 and 8 that the best root-mean-square error of the
SSA-BP is 0.0061269 that is greatly lower than that of the BP
(0.014484). However, the SSA-BP needs eight iterations to
achieve convergence, and the BP only needs six times. 'is
indicates that the SSA-BP needs to be improved in terms of
the rate of convergence. To further compare the robustness
of SSA-BP and BP, the models were trained and simulated
twenty times, and the error comparison is shown in Figure 9.

It can be seen from Figure 9 that the coefficient of
variation of SSA-BP is between 13% and 25%, and the co-
efficient of variation of BP is between 15% and 45%. 'is
indicates that compared with the traditional BP neural
network, the neural network optimized by SSA does not only
have a relatively small error but also has stronger robustness.

4.3. Correlation Analysis of Parameters. 'e influence of
each parameter on debonding strain is derived by the
connection weights between neurons in each layer, where
the input layer neurons are represented by X1∼X8; implied
layer neurons are represented by H1∼H10; and output layer
neurons are represented by Y. 'e connection weights of
interlayer neurons are shown in Tables 2 and 3, and the
degree of influence of X1∼X8 on Y is calculated in Equation
(2), and the calculation results are shown in Figure 10:

Px � 
10

i�1
wxi × hi, (5)

where Px is the degree of influence of the parameter of the X-
th on the debonding strain; wxi is the connection weight
between X-th parameter and the i-th implied layer; and hi is
the connection weight between the i implied layer and the
output layer, respectively.
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Figure 3: Continued.
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From Figure 10, it can be seen that X1, X5, and X6, which
are the concrete strength, shear-to-span ratio, and longi-
tudinal reinforcement ratio, respectively, have a greater
effect on the debonding strain; they can make the debonding
strain of the strengthened beams increase. However, the FRP
stiffness, X2, is negatively correlated with the debonding
strain, indicating that the increase of FRP stiffness will
accelerate the debonding of the strengthened beams.

5. Model Evaluation

To further study the effectiveness of the SSA-BP model, the
SSA-BP regression value was compared with several current
international codes.

'e ACI440.2R modified the maximum tensile strain of
the FRP reinforcements of flexurally strengthened speci-
mens with intermediate crack-induced debonding failure [7]
and proposed the debonding strain limitation of FRP-
strengthened RC beams:

εfd � 0.41

�����
fc
′

nEftf



≤ 0 · 9εfu, (6)

where εfd is the debonding strain of FRP-strengthened RC
beams; f’c is the compressive strength of concrete; n is the
number of layers of FRP reinforcements; Ef is the elastic
modulus of FRP; tf is the thickness of the single layer of FRP;
and εfu is the ultimate tensile strain of FRP.

'e JSCE [8], according to the model proposed by Wu
[27], taking into account the degree of crack propagation
after the debonding failure of the FRP and concrete inter-
face, recommended that the debonding strain of FRP-
strengthened RC beams is calculated as follows:

εfd ≤

����
2Gf

Eftf



, (7)

where Gf is the fracture energy of the bonding interface
between FRP and concrete; it should be determined by
testing the strengthened members; and the value is generally
taken as 0.5N/mm.

'e debonding strain of FRP-strengthened RC beams in
the “Guidelines for the Design of Reinforced Concrete
Structures with Fiber Composite Materials” [9] (TR55)
issued by the Advisory Committee of Building Technical
Regulations of the Italian National Research Council is
calculated as follows:
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Figure 3: Distribution of each parameter: (a) the distribution of concrete strength, (b) the distribution of FRP stiffness, (c) the ratio of sheet
length to beam length, (d) the ratio of sheet width to beam width, (e) the shear-to-span ratio, (f ) longitudinal reinforcement ratio, (g) stirrup
reinforcement ratio, and (h) the yield strain of steel bars.
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εfd � 0.484

��������

kb

�����

fc
′fct



nEftf




, (8)

where kb is the width coefficient of FRP reinforcements.
'e formula for the debonding strain of FRP-

strengthened RC beams recommended by the “Fiber
Reinforced Materials Reinforced Concrete Structures” [10]
(CNR) issued by the British Concrete Association is given in
the following equation:

εfd � 0.5kb

����
fct

Eftf



, (9)

'e calculated values by the code models and the pre-
dicted value by SSA-BP are shown in Figure 11.

It can be seen from Figure 11 that the model calculation
value distribution proposed by the codes is relatively dis-
crete, and SSA-BP is significantly better than JSCE, ACI,
CNR, and TR55 in terms of model fit. In addition, Table 4
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Figure 5: Simulation results of SSA-BP.
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further analyzes the prediction accuracy and robustness of
the model built in this study and national codes.

From Table 4, the model values of JSCE, ACI, CNR,
TR55, and SSA-BP are 0.22–1.63, 0.50–4.24, 0.24–1.48,
0.20–1.42, and 0.35–1.17 times of the experimental value,
respectively. 'e coefficient of variation of all the code
models is greater than 45%. However, the coefficient of

variation of SSA-BP is only 13%. Compared with the codes,
SSA-BP has a smaller degree of dispersion. 'e JSCE, TR55,
and CNR models are very conservative with an average less
than 0.55; there are about 92%, 93%, and 95% of all the
specimens with the predicted value underestimated. 'e
ACI model is significantly overestimated the debonding
strain with an average of 1.39, and about 68% of all the
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Figure 6: Simulation results of BP.
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Table 2: Connection weights of the input layer and the hidden layer.

X1 X2 X3 X4 X5 X6 X7 X8

H1 −0.39 0.20 −0.53 0.34 −0.46 0.62 −0.37 0.44
H2 0.61 −0.66 0.41 −0.77 0.00 −0.46 −0.34 −0.31
H3 −0.57 0.49 −0.19 −1.37 −0.70 −1.04 −0.88 −0.10
H4 −0.16 −0.28 0.11 0.66 0.11 0.02 −0.36 −0.37
H5 −0.52 −0.58 −0.01 −0.63 0.19 −0.68 −0.08 −0.25
H6 0.10 −0.49 0.11 −0.21 −0.05 0.26 0.09 −0.45
H7 −0.60 −0.67 −1.33 0.59 −0.24 0.02 −0.92 −0.22
H8 −0.22 −0.28 0.01 0.13 0.09 −0.59 −0.04 0.02
H9 −0.35 −0.13 −0.01 0.03 0.52 −0.18 −0.55 −0.69
H10 0.14 0.06 −0.44 0.05 0.13 0.06 −0.17 −0.03

Table 3: Connection weights of the hidden layer and the output layer.
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Figure 10: Effect of parameters on debonding strain.
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Figure 11: Continued.
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specimens are overestimated. However, the conservative and
nonconservative values calculated by the SSA-BP model
account for 50%; the SSA-BP is more stable than the codes.

6. Conclusions

(1) 'e SSA-BP model is better than the traditional BP
neural network in terms of its accuracy and ro-
bustness. 'e concrete strength, shear-to-span ratio,
and longitudinal reinforcement ratio have a great
effect on the debonding strain of FRP-strengthened
RC beams; the debonding strain of FRP-strength-
ened RC beams can be improved with the increase of
them. 'e FRP stiffness is negatively correlated with
the debonding strain; the debonding strain will be
reduced with the increased FRP stiffness.

(2) 'e present model developed based on the SSA-BP
neural network has a coefficient of variation of 13%.
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Figure 11: Predicted values and experimental values: (a) ACI, (b) JSCE, (c) TR55, (d) CNR, and (e) SSA-BP.

Table 4: Statistical results of each model.

JSCE ACI CNR TR55 SSA-BP
Min 0.22 0.5 0.24 0.2 0.35
Max 1.63 4.24 1.48 1.42 1.17
AV 0.52 1.39 0.55 0.45 0.99
STD 0.29 0.75 0.24 0.24 0.13
CV 55% 54% 45% 54% 13%
C 92% 32% 93% 95% 50%
N-C 8% 68% 7% 5% 50%
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Compared with JSCE, ACI, TR55, CNR, and other
codes, it has higher accuracy and robustness.

(3) 'ere are still some shortcomings in experimental
data collection and model convergence speed. In the
future, these two aspects need to be improved to
establish a better prediction model of debonding
strain of FRP-strengthened RC beam.

Data Availability

'e data for the study were collected from articles by dif-
ferent researchers and have been marked in the article.

Additional Points

Research Highlights.'e influence of different parameters on
debonding strain of FRP-strengthened RC beams is com-
prehensively considered. 'e sparrow search algorithm has
been used to optimize the weights and thresholds of the BP
neural network and establish a more accurate prediction
model.
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