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Abstract

To address the challenge of detecting damage in a large number of in-service small and medium-span bridges, this study proposes 

a damage identification method based on a multi-branch convolutional neural network (CNN) under moving loads. Two CNN 

architectures—a dual-branch model and a multi-branch model—are developed for structural damage identification. The sensitivity 

of damage identification to sensor location is also investigated. First, various damage scenarios are simulated using a finite element 

model of a bridge. The structure is excited by a moving vehicle load, and the resulting structural vibration responses are extracted 

through transient analysis. These responses are then used as input to train and validate the established CNN models. Finally, the 

effectiveness and accuracy of the proposed method are verified through a laboratory-scale model test. The results demonstrate that 

both the dual-branch and multi-branch CNN models exhibit higher computational efficiency and better identification performance 

than a single-branch CNN model under multiple damage scenarios. Furthermore, the identification results show no obvious difference 

among sensors placed at different locations for the same damage case.
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1 Introduction
During the long-term service of bridge structures, various 
factors such as design and construction defects, overload-
ing, environmental corrosion, and material aging can lead 
to progressive damage and, in severe cases, structural col-
lapse. To monitor operational conditions and assess structural 
performance, structural health monitoring systems (SHMS) 
have been installed on many critical long-span bridges [1, 2]. 
However, due to high implementation costs, the vast majority 
of small and medium-span simply supported bridges remain 
unequipped with SHMS. Consequently, the development of 
rapid and cost-effective damage diagnosis techniques rep-
resents a critical and urgent research priority.

Conventional damage identification methods predomi-
nantly rely on dynamic testing and can be categorized into 
model-based and data-driven approaches. Model-based 
methods diagnose structural damage by comparing changes 

in dynamic parameters—such as natural frequencies, mode 
shapes, modal strain energy, frequency response functions, 
and flexibility matrices before and after damage occurs [3, 4]. 
Although these methods are physically well-founded, their 
accuracy heavily depends on the precision of the finite ele-
ment model and can be significantly affected by various dis-
turbances. Therefore, their application in real-world engineer-
ing remains challenging and requires further investigation.

In contrast, data-driven methods directly analyze struc-
tural response data to establish correlations between the 
response and damage indicators. Techniques in this category 
include various wavelet transforms [5], Hilbert–Huang trans-
forms [6], and time-series model methods [7]. Most dynamic 
testing based approaches employ ambient vibrations as exci-
tation, which typically exhibit low signal-to-noise ratios and 
can thereby degrade damage identification performance.  
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In response, some researchers have explored damage identi-
fication techniques utilizing structural responses under mov-
ing loads. For instance, Kong et al. [8] derived the relation-
ship between the response transfer ratio of a vehicle-bridge 
coupled system and bridge condition parameters, propos-
ing a damage identification method based on this ratio. 
Nie  et al. [9] introduced a moving principal component anal-
ysis method for bridge condition monitoring under moving 
vehicle loads. Similarly, Chen et al. [10] and Zheng et al. [11] 
developed damage identification techniques based on 
bridge influence lines extracted from vehicle-induced 
structural responses. A persistent challenge across these 
conventional methods, however, is the extraction of dam-
age indicators that are sensitive to structural damage while 
remaining robust against noise.

In recent years, deep learning techniques have been 
increasingly applied to structural damage detection [12], as 
they can automatically extract damage-related features from 
raw input data. For example, Abdeljaber et al. [13] trained 
a CNN model using simulated damage data to identify bolt 
loosening, with training data generated from measured accel-
eration responses under various simulated damage scenarios. 
Lin et al. [14] trained a CNN based on a finite element model 
of a simply supported beam, demonstrating that frequency 
bands, vibration modes, and their combinations could be 
effectively learned as key features for damage identification. 
Yu et al. [15] developed a one-dimensional convolutional 
neural network (1D-CNN) to localize and quantify structural 
damage in a five-story benchmark building. However, when 
damage occurs simultaneously at multiple locations, the clas-
sification labels required for a single-branch network increase 
substantially, often leading to a significant decline in identifi-
cation accuracy. To address this, Azimi and Pekcan [16] pro-
posed a dual-branch CNN model that processes time-domain 
data through a 1D-CNN branch and time–frequency-do-
main data through a 2D-CNN branch, enhancing robust-
ness in damage identification. Li et al. [17] further demon-
strated the superiority of multi-label CNNs combined with 
recurrence plots for diagnosing structural damage under 
nonstationary excitation. Nevertheless, 2D-CNNs gener-
ally demand large datasets and considerable computational 
resources. Zhang et al. [18] implemented damage detection 
in T-beam bridges using a deep convolutional neural net-
work, while Xue  et  al.  [19] conducted a three-layer frame 
model experiment by applying nodal excitation and using 
structural deflection as input to a 1D-CNN, achieving high 
identification accuracy. However, for actual bridge struc-
tures, responses are typically obtained under ambient exci-
tation with low signal-to-noise ratios, and nodal excitation is 
often impractical in real-world applications.

In this context, the present study proposes a multi-branch 
convolutional neural network-based methodology for iden-
tifying multi-location and multi-level damage in bridges 
under moving load excitation. Moving loads provide stron-
ger excitation with higher signal-to-noise ratios and enable 
faster field testing compared to ambient vibration methods. 
Two CNN architectures-a dual-branch and a multi-branch 
model are developed and compared with a conventional 
single-branch CNN for structural damage identification.  
The sensitivity of damage identification to the distance 
between the damage location and the measurement point is 
also examined. The proposed approach uses a moving inspec-
tion vehicle to excite the bridge, and the vertical acceleration 
response of the structure is recorded. The collected data are 
then fed into single-branch, dual-branch, and multi-branch 
CNN models for training and testing. First, finite element 
analysis is performed to generate various damage samples 
under multiple damage scenarios. The three CNN models are 
constructed and iteratively trained and validated. Their iden-
tification performances are subsequently compared. Finally, 
the method is validated through numerical simulations and 
experimental tests on simply supported beams.

2 Damage identification method based on CNN
2.1 Convolutional neural network(CNN)
CNN is a supervised multi-layer feed-forward deep neural 
network capable of automatically extracting damage-sen-
sitive features through supervised training to distinguish 
various structural conditions. A typical deep CNN architec-
ture comprises input, convolution, pooling, dropout, fully 
connected, and output layers. The input layer receives the 
raw test data. The convolution layer, as the core component 
of a CNN model, extracts local features by convolving the 
previous layer's output with a set of learnable kernels; the 
resulting feature maps then serve as input to the subsequent 
layer. Smaller-sized convolution kernels are employed to 
capture detailed characteristic of the signal, whereas larg-
er-sized kernels are used to extract global features. The spe-
cific operation is described as follow:
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where Py
l  is the yth element in the lth layer, and Py

l−1  is the 
yth element in the (l − 1)th layer, fl(·) is the activation func-
tion in the lth layer, K iy

l  represents the convolution kernel, * 
denotes the convolution operation, N is the  number of input 
channels, by

l  denotes the bias with the convolution kernel.
In this study, the leaky rectified linear unit (ReLU) func-

tion shown in Eq (2) is utilized as the activation function:
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After the convolution layer operation, the size of the fea-
ture matrices of the model will increase. In order to enhance 
the efficiency of the model and to prevent it from overfitting, 
a max pooling layer downsamples the output feature obtained 
from the previous convolution layer. It can be expressed as
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where Dl is the output of the current pooling layer, Di j
l
,

−1  
represents the output of the previous convolution layer, 
the superscripts i and j denote the rows and columns of 
the matrix, M and N is the number of rows and columns 
of the pooling filter.

To enhance model generalization and mitigate overfit-
ting, a dropout regularization layer is typically itroduced 
after the final pooling layer by randomly discarding some 
output features with a certain probability.

The fully-connected layer is generally placed at the end 
of the CNN architecture, functioning as a classifier that 
maps the features extracted by the preceding convolution 
and pooling layers onto the label space of the samples. 
Each element of the output denotes the probability that the 
input sample corresponds to the associated label. It can be 
calculated by Eq. (4):

F X Cl l l lf� �� ��� 1 ,	 (4)

where Fl is the output of fully-connected layer, ωl is the 
weighting coefficients, Xl−1 is the features learned from the 
previous layers, Cl is the bias vector. The f(·) represents the 
active function of Softmax [20].

2.2 Single-branch CNN model
For comparison, a single-branch CNN (SB-CNN) model 
is also adopted and presented in this paper. Within the 
CNN-based framework, the problem of structural dam-
age identification is formulated as a classification task. 
The bridge is usually discredited into multiple segments, 
with various damage severities considered for each seg-
ment. The total number of potential damage scenarios 
thus corresponds to the number of classification labels 
required for SB-CNN model. Specifically, structural 
acceleration responses under different damage cases 
are labeled to construct training and testing dataset.  
These dataset are then fed into the SB-CNN model 
for training and subsequent damage classification.  
The architecture of the SB-CNN model used in this study 
is designed as shown in Fig. 1.

To train the weighting coefficients of the CNN model, 
a cross entropy error loss function is adopted, which is 
defined as: 
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where Fk is the output of model, tk= 1 with correct classifi-
cation and tk= 0 with error classification, N is the length of 
output vector of FC layers.

The adaptive moment estimation (Adam) algorithm [21] 
is used to train the CNN model. After the optimally trained 
has been finished, the new structural response data under 
unknown damage cases can be inputted the trained CNN 
model for damage classifying. Therefore, the structural 
damage location and degree can be achieved. 

Fig. 1 Architecture of the single branch CNN model
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When there is single location damage in a structure, 
the number of structural damage cases including the dam-
age location and the degree of damage is small. For exam-
ple, if one damage location and five damage levels are 
involved for a structure with 10 segments, there will be 
totally 51 damage cases and classification labels includ-
ing intact status. However, when the structural damage 
occurs at multiple locations simultaneously, the dam-
age cases will be greatly increased, resulting in a sharp 
increase of the classification labels. The total damage 
classification labels can be calculated by Eq. (6):
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1
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where K is the maximum number of damaged segments, M 
is the number of beam segments, D is the number of dam-
age degree, C is Permutation combination operator. 

For example, if the same damage occurs at two loca-
tions and five levels are considered at each damage loca-
tion, there are total 276 damage classification labels. If the 
different damages at two locations are taken into account, 
the damage cases will reach 1176. 

If a single branch network model is still adopted, a large 
number of damage cases will need a complex classification 
model with more learnable parameters, which will induce a 
heave computation consume and even degradation of dam-
age identification accuracy. 

2.3 Dual-branch CNN model
To overcome the limitations of the SB-CNN model in iden-
tifyin simultaneous multi-locations damage, this study 

proposes an improved method useing a dual branch CNN 
(DB-CNN) model. This architecture decomposes the identi-
fication task into two parallel sub-tasks: damage localization 
and damage quantification. The input data is assigned two 
distinct label sets, corresponding to damage location and 
damage severity. Every brance is trained to extract features 
relevant to its specific label set. Consequently, the fully-con-
nected layer yield two independent outputs: the predicted 
damage location and the predicted damage degree. The final 
damage state of the structure is then determined by integrat-
ing the outputs from both brances. The architecture of the 
proposed DB-CNN model is shown in Fig. 2.

Similar to the SB-CNN model, the DB-CNN model 
includes eight convolution layers, four polling layers, one 
dropout layer. After that, the model is split into two input 
and output branches, which will be trained separately using 
damage location label dataset and damage degree label 
dataset. Instead of a FC layer that convert the feature maps 
into a one-dimensional vector in single branch CNN mod-
els, a global average pooling (GAP) layer is introduced in 
each branch. The GAP layer outputs a fixed-length vector 
by averaging each feature map output from the previous 
layer. Compared with the fully connected layer, the training 
parameters are greatly reduced, therefore, the complexity of 
the model is reduced and the risk of overfitting is reduced. 
Only  the average value of each feature map is needed to 
feed into the softmax layer, and the calculation consump-
tion is much less than that of the fully connected layer, which 
improves the efficiency of the model. It averages each feature 
map globally and retains global spatial information, while 

Fig. 2 Architecture of the dual branch CNN model
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the fully connected layer loses this information, therefore 
it makes the model is more robust and adapt to the varia-
tion of input. Finally, a fusion layer is added to combine 
the outputs of two branches to identify structural damage 
location and degree.

The DB-CNN model splits the damage identification task 
into damage location detection and damage severity evalua-
tion through two branches with different classification labels. 
Now the total classification labels can be calculated as sum of 
two types of labels of damage location and degree:
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where Nl is the number of damage location label, Nd is the 
number of damage degree label.

Similar to the SB-CNN model, if the different dam-
ages at single and two locations with five levels are taken 
into account, the number of location labels Nl is 56, and 
that of the damage degree labels Nd is 31. It has greatly 
reduces the number of classification labels and computa-
tional complexity of the model, and it improves training 
and computational efficiency. 

2.4 Multi-branch CNN model
Although the dual-branch CNN (DB-CNN) reduces the 
complexity compared to a single-branch model, it still 
requires 87 classification labels for scenarios involving 
single- or dual-location damage. To overcome this lim-
itation, this study further proposes a multi-branch CNN 
(MB-CNN) model based on the dual-branch concept.  
The MB-CNN partitions the network into multiple input 
and output branches, corresponding to the number of struc-
tural segments. Each branch is dedicated to identifying 

the damage degree of a specific segment and is trained 
using datasets associated with damage in that segment. 
Consequently, each branch independently extracts features 
relevant to the damage condition of its corresponding seg-
ment. The final structural damage identification is achieved 
by fusing the outputs from all branches. The architecture of 
the proposed MB-CNN model is shown in Fig. 3.

Here the total damage classification labels can be cal-
culated as sum of labels of damage degree of all branches:

Nc M D� � �� �1 	 (8)

where M is the number of beam segments, D is the number 
of damage degree. 

As mentioned in Section 2.4, if a structure containing ten 
segments occurs damage at a single or two locations with 
five levels, there are only 6 damage labels (including struc-
tural intact status) for each branch. The total number of clas-
sification labels would be 60, and it does not change with the 
increase of the number of damage location. 

2.5 Model training and damage identification
Given the scarcity of real-world structural damage data, 
numerical analysis is employed to simulate various dam-
age scenarios. First, a finite element model of the bridge is 
established. The main girder is longitudinally discretized 
into multiple segments, and different damage severities 
are simulated and analyzed for each segment. To address 
the low signal-to-noise ratio associated with conventional 
ambient excitation, a known inspection vehicle is modeled 
to traverse the bridge. A transient analysis is then con-
ducted for each damage case to extract the vertical accel-
eration of the end nodes of each segment, thereby generat-
ing a comprehensive set of damage samples.

Fig. 3 Architecture of the multi-branch CNN model
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The resulting dataset is partitioned into training, 
validation, and test sets according to a specified ratio.  
The training set is fed into the established CNN model 
for optimized training, while the validation set is used to 
evaluate the loss and accuracy after each epoch. By min-
imizing the loss function, the CNN model continuously 
adjusts its parameters during training, enhancing its abil-
ity to accurately predict unseen data. 

Upon the completion of optimal trained, the trained CNN 
model can be deployed to classify new structural response 
data corresponding to unknown damage cases, thereby iden-
tifying both the location and severity of structural damage.

3 Experimental validation
3.1 Exprerimental model
Experimental test was carried out on a simply supported 
T-beam model with various damage cases in the laboratory to 
verify the applicability of the proposed method. The T-beam 
model was made of acrylic board, the density and mass of the 
beam was 1070 kg/m3 and 3.852 kg. It consisted of a 14 cm 
wide flange plate and a 5 cm high web plate, and the thick-
ness of flange and web was 1 cm. The whole length of the 
T-beam is 200 cm. Two holes were drilled at the centroid of 
the section 2 cm away from the ends of the web, and two steel 
bars were inserted into the holes and fixed on the two bear-
ing, respectively. Therefore, the span of the model is 196 cm. 

The beam model was divided into 10 segments, and 
total of 9 acceleration sensors (numbered as A1~A9) were 
deployed at the lower edge of the web at the end nodes 

of each segments. A two-axle test vehicle was designed.  
The front and rear axle weights were 0.626 and 0.374 kg, 
and the wheelbase was 10 cm. A leading beam and tailing 
beam were installed at the both sides of the main beam to 
ensure that the test vehicle could pass through the model at 
constant speed. Two limit holes were set at the both end of 
the vehicle, and a steel wire was fixed above the beam model 
through the hole to ensure that the vehicle could pass the 
main beam in a straight line. A motor was installed at the end 
of the tail beam, which would pull the test vehicle through 
the main beam at constant speed. As derived in Section 2, 
the proposed damage identification method is based on the 
acceleration response of the bridge over the entire process 
of a vehicle entering and exiting the bridge. To accurately 
determine the moments when the vehicle enters and leaves 
the bridge, two strain sensors that were denoted as S1 and 
S2 were installed on leading and trailing beam at 2 cm away 
from the ends of the main beam. The measured stress peaks 
when the wheel passes the strain sensor position are used 
to evaluate the moment when the vehicle cross the bridge.  
The detail dimension of the model and the layout of measure-
ment points were shown in Fig. 4.

For calibrating the elastic modulus of model to ensure 
building accurate finite element model, a static load test 
was carried out as follows:

•	 Firstly, the model was installed with simply sup-
ported form, and a mass block was placed at the mid-
span of the beam as initial load.

Fig. 4 The whole experimental model and the layout of measurement points
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•	 Secondly, five mass blocks with mass of 0.224, 0.138, 
0.251, 0.157, and 0.196 kg were gradually applied on 
the beam, each test added one mass block on the basis 
of the previous test, and then the structural deflection 
at the mid-span under each level of loading would be 
measured. The collected data were analyzed and fit-
ted by the least-squares method to obtain the load-de-
flection relationship curve, as shown in Fig. 5.

•	 Finally, the elastic modulus of model could be 
deduced as E  = 2.28  GPa based on the theoretical 
relational between load and deflection.

It should be noted that this study mainly focuses the 
extracting features of structure before and after damage and 
damage diagnosis by the proposed method, and the absolute 
mechanical response of the structure is not our primary objec-
tive. Therefore, the similarity principle is not strictly consid-
ered, however this does not affect the validation results.

3.2 Damage tests
To validate the efficient of the proposed method for dif-
ferent damage cases, five same model beams were made. 
Firstly, a single-location damage with different damage 
level was simulated at different segment locations on 
each beam. After testing was finished, new location dam-
age was added to every beam model for testing of mul-
tiple-location damage cases. The structural damage was 
simulated by cutting part of the web of a given beam seg-
ment, and the degree of damage was defined by the ratio of 
the sectional moment of inertia before and after damaged. 
Web sections with length of 1 cm and height of 0.3 cm, 
0.4 cm, 0.5 cm, 0.6 cm and 1 cm were cut at the mid-span 
of beam segments to simulate different degrees of damage, 
which damage degree were 14.7%, 22.1%, 27.1%, 31.8% 

and 48.7%, respectively. The damage degree labels were 
divided into 5 levels as listed in Table 1.

A total of 25 damage cases including single and multi-lo-
cation damage with different damage levels were simu-
lated, the detail damage cases were listed in Table 2.

After the whole experimental model was assembled, the 
motor switch is turned on to pull the test vehicle through 
the main beam. The strain and acceleration response of the 
main beam would be measured with sampling frequency of 
2000 Hz. Repeat the test for 3 times under each damage cases. 
Take Case 9 as an example, the collected stain and accelera-
tion response of measurement point A1 was shown in Fig. 6. 

Fig. 5 Tested deflection under various level of loads

Table 1 Damage degree category labels for all the damaged cases

Damage degree Category label

Intact L0

(0%–15%) L1

(15%–25%) L2

(25%–35%) L3

(35%–45%) L4

(45%–55%) L5

Table 2 Damage cases of experimental test

Case Damaged 
segment

Damage 
degree Case Damaged 

segment Damage degree

1 None Intact (L0) 14 D3, D6 48.7%, 48.7% 
(L5, L5)

2 D3 14.7% (L1) 15 D4, D5 48.7%, 48.7% 
(L5, L5)

3 D3 27.1% (L1) 16 D4, D7 22.1%, 22.1% 
(L2, L2)

4 D3 48.7% (L5) 17 D4, D7 22.1%, 31.8% 
(L2, L3)

5 D4 22.1% (L2) 18 D4, D7 22.1%, 48.7% 
(L2, L5)

6 D5 14.7% (L1) 19 D4, D7 31.8%, 48.7% 
(L3, L5)

7 D5 27.1% (L2) 20 D4, D7 48.7%, 48.7% 
(L5, L5)

8 D5 48.7% (L5) 21 D8, D5 31.8%, 22.1% 
(L3, L2)

9 D8 22.1% (L2) 22 D8, D5 31.8%, 31.8% 
(L3, L3)

10 D8 31.8% (L3) 23 D8, D5 31.8%, 48.7% 
(L3, L5)

11 D9 14.7% (L1) 24 D8, D5 48.7%, 48.7% 
(L5, L5)

12 D9 27.1% (L3) 25 D8, D9 48.7%, 48.7% 
(L5, L5)

13 D9 48.7% (L5)
Note: D3 means that the third beam segment occur damage. 
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The moment when the vehicle got on and off the bear-
ing position could be accurately determined based on the 
strain response data. As shown in Fig. 6 (a), when the front 
axle of the vehicle passed through the section of strain 
measurement point S1, the strain response had a peak 
value at t1= 5.495 s, and the strain peak of measurement 
point S2 occurred at t2= 7.979 s when the rear axle of the 
vehicle passed through the sensor position, so the corre-
sponding acceleration response could be extracted.

3.3 Generation of damage samples
The CNN model needs a large number of samples for train-
ing, which is difficult to obtain in practical engineering. 
Therefore, numerical analysis will be used here to sim-
ulate various damage cases. Firstly, based on the experi-
mental model parameters, the finite element model could 
be established using University Software of ANSYS [22].  
As shown in Fig. 4, the beam was divided as ten segments, 
and each segment was discretized into 40 elements. For any 
beam segment, two elements in the mid-span of segment 
were simulated to be damaged. A total of 5 levels damage 

were set for each beam segment by reducing elastic modu-
lus from 10% to 50% at 10% intervals. For the single-posi-
tion damage case, there were 50 damage cases. If the same 
degree of damage occurred in two beam segments simulta-
neously, there would be 1125 damage cases. Together with 
the intact condition of the structure, there were a total of 
1176 types of damage cases. The two-axle testing vehicle 
was employed to excite the model, and transient analysis 
was performed under every damages case. Therefore, struc-
tural dynamic response under all cases could be obtained.  
The vertical acceleration response of the end points from 
A1 to A9 could be extracted to form damage samples, a 
total of 10584 groups of sample data were obtained.  
For enlarging the number of damage samples and consid-
ering the influence of noise, 20% (defined as the ratio of 
noise variance to signal variance) Gaussian white noise 
were added to each acquired acceleration response sig-
nals 10  times. Fig. 7 showed the simulated acceleration 
response of A3 and A8 when 30% damage occurred in the 
eighth beam segment.

All these damage sample data would be randomly 
divider into training set, validation set and testing set in 
the ratio of 6:2:2.

3.4 Generation of damage samples
For comparative analysis, the ingle branch, dual branch and 
multi-branch CNN model shown in Figs. 1–3 would be built. 
For SB-CNN model, including single and double damage, 
there were 1176 types of damage cases, all the training and 
validation data were labeled from 0 to 1175 according to 
the damage location and degree, which 0 denoted structural 
intact status. For the DB-CNN model, there were 56 types 
of damage locations and 31 damage degree including health 
status. Therefore, the category labels for identifying dam-
age locations were defined from 0 to 55, the other labels for 

(b)
Fig. 6 Structural response under case 9 (a) strain (b) acceleration of A1

Fig. 7 Simulated acceleration response of A3 and A8

(a)
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damage degree were defined from 0 to 30. However, for the 
MB-CNN model, each branch had six types of damage cases, 
and the ten branches had 60 damage cases in total. The num-
ber of classification labels of DB-CNN and MB-CNN model 
were much less than that of SB-CNN model.

The training and validation sets were fed into the three 
models for iterative training, respectively. The training was 
processed based on Keras2.9.0 framework. The hardware 
configuration was CPU Intel(R) Core(TM) i9-13900Hx, 
16G of memory, GPU GeForceRTX 4060. 

For comparing the identification effect when damage 
occur single and double position, the corresponding dam-
age samples were fed into the SB-CNN model for trained 
separately. The training processes were shown in Fig. 8 (a) 
and (b), respectively.

Subsequently, the DB-CNN and MB-CNN models are 
also optimally trained. The optimized hyper-parameters for 
all the models and training results were listed in Table 3.

For SB-CNN model, when only a single damage occur, 
every epoch calculation takes 20  s, and it can effective 
identify damage with accuracy of 94% at validation set.  
When two damage occur simultaneously, every epoch cal-
culation takes 48 s, and the identification accuracy decrease 

to 82% at validation set. The increase of training consump-
tion is mainly due to the fact that the training set is consid-
erably larger. However, it takes 25 s and 26 s to finish epoch 
training for the DB-CNN and MB-CNN model, respectively.  
They achieve a higher computational efficiency. It can also 
be seen that the DB-CNN and MB-CNN model converges 
faster than the SB-CNN model. In additional, the identi-
fication accuracy of DB-CNN and MB-CNN model still 
reach to 95% and 92% at validation set, which is compa-
rable to the identification results of the SB-CNN model 
under single damage case.

In additional, all damage samples data include 20% sto-
chastic noise, it indicates that the anti-noise performance of 
the build models are good.

3.5 Damage identification
The measured data was fed into three trained CNN mod-
els for structural damage identification. When only single 
damage occurs, the identification results of three models 
are shown in Fig. 9. For the cases of damage in two posi-
tions simultaneously, the corresponding recognition results 
are shown in Fig. 10. And the detail identified accuracy is 
listed in Tables 4 and 5, respectively.

(a)				    (b)
Fig. 8 Training process of SB-CNN model: (a) with single damage; (b) with double damage

Table 3 Hyper-parameters configuration and training result

Model Batch size Epoch Dropout Learning rate Training time per epoch Accuracy of validation set

SB-CNN (S) 256 200 0.3 0.001 20s 94%

SB-CNN (D) 256 200 0.3 0.0001 48s 82%

DB-CNN 256 200 0.3 0.001 25s 95%

MB-CNN 256 200 0.3 0.001 26s 92%
Note: SB-CNN(S) denotes only a single damage occur, SB-CNN(D) means that damage include single and two position.
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When there is only a single damage, three models can 
identify all of damage cases well, and the average identifi-
cation accuracy is 83.6%, 88.2%, 85.3% under the 13 dam-
age cases, respectively. When two segments are damaged, 
the identification accuracy of SB-CNN model decreases 

sharply to 67.4%, which mainly due to too many classifica-
tion labels lead to increase of training complexity and over-
fitting. However, the identification accuracy of DB-CNN and 
MB-CNN models vary little, reaching to 87.3% and 86.2%, 
respectively. The Introduction of multi-branch and separa-
tion of multi-task have greatly reduced the number of clas-
sification labels, and the GAP layer decreased overfitting. 
Therefore, DB-CNN and MB-CNN model make better iden-
tification accuracy than SB-CNN model. It can be predicted 
that if more beam segments occur damage simultaneous, the 
number of classification labels for SB-CNN and DB-CNN 
model will increase dramatically, which will further reduce 
the identification accuracy. However, the MB-CNN model 
has relatively much less increase in classification labels, and 
it has more advantage in identifying multiple damages.

To investigate the influence of different measurement 
points on damage diagnosis, the simulated damage sam-
ples at each measurement points (A1~A9) were extracted 
separately, and then they were fed into the trained model 
to diagnosis structural damage. So the average identifica-
tion accuracy of each measurement points is calculated 
individually based on the diagnosis results of the corre-
sponding measurement point. And the detailed identified 
results are shown in Fig. 11 and Table 6.

Table 4 The identification accuracy under cases of single damage

Model
Damage case

Average accuracy
1 2 3 4 5 6 7

SB-CNN(S) 83% 86% 84% 81% 85% 79% 87%

DB-CNN 92% 82% 93% 84% 85% 85% 85%

MB-CNN 90% 86% 80% 82% 80% 89% 90%

8 9 10 11 12 13

SB-CNN(S) 82% 83% 84% 86% 85% 82% 83.6%

DB-CNN 92% 84% 93% 93% 87% 92% 88.2%

MB-CNN 85% 80% 82% 90% 85% 90% 85.3%

Fig. 9 Identified accuracy of three models under cases of single damage

Fig. 10 Identified accuracy of three model under cases of damage in 
two locations

Table 5 The average identification accuracy under cases of damage in 
two locations

Model
Damage case Average 

accuracy
14 15 16 17 18 19

SB-CNN(D) 68% 65% 64% 68% 72% 70%

DB-CNN 82% 93% 86% 87% 86% 86%

MB-CNN 86% 90% 87% 90% 82% 89%

20 21 22 23 24 25

SB-CNN(D) 68% 72% 63% 70% 66% 63% 67.4%

DB-CNN 82% 93% 85% 87% 93% 88% 87.3%

MB-CNN 87% 85% 88% 85% 86% 79% 86.2%
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It can be seen that for each model, the identification 
accuracy of all the measuring points has little difference. 
Therefore, the effect of damage identification is insensi-
tive to the distance between sensor and damage location.  
It mainly because the moving vehicle load must pass 
through the structural damage location, which will bet-
ter provoke the structural damage characteristics. It means 
that it is possible to achieve structural damage identifica-
tion without densely deploying sensors, which is conve-
nient for practical engineering application.

4 Conclusions
In this study, a damage identification method based on 
dual-branch and multi-branch CNN models under moving 
loads is developed. The performance of the two proposed 
models is validated and compared with that of a conven-
tional single-branch CNN model through an experimen-
tal test on a simply supported beam subjected to a moving 
vehicle. Based on the analysis results, the following con-
clusions can be drawn:

1.	 The DB-CNN and MB-CNN models train more 
efficiently and converge faster than the SB-CNN 
model. Additionally, the proposed method exhibits 
stronger noise robustness.

2.	 Experimental results further confirm the accuracy and 
effectiveness of the proposed approach. Under 13 sin-
gle-damage scenarios, the average identification 
accuracy of the SB-CNN, DB-CNN, and MB-CNN 
models is 83.6%, 88.2%, and 85.3%, respectively. 
For 12  double-damage scenarios, the correspond-
ing accuracy rates are 67.4%, 87.3%, and 86.2%.  
The performance of the SB-CNN model degrades sig-
nificantly under multiple-damage conditions, whereas 
the DB-CNN and MB-CNN models show only minor 
variations in performance. This can be attributed to 
the reduced classification labels, which lower training 
complexity, and the incorporation of a Global Average 
Pooling (GAP) layer, which mitigates overfitting.  
It can be anticipated that a further increase in the num-
ber of damage categories would continue to impair the 
accuracy of the SB-CNN and DB-CNN models. Thus, 
the MB-CNN model demonstrates greater advantages 
in multi-damage identification.

3.	 The damage identification results show no obvious 
variation across sensors placed at different positions 
for the same damage case. This is primarily because 
moving vehicle loads excite structural damage features 
more effectively than ambient vibrations when passing 
over damaged regions. Consequently, it is feasible to 
identify structural damage without densely distributed 
sensors, which enhances the practicality of the method 
for real-world engineering applications.

The proposed method in this paper is based on a sim-
ply supported beam bridge. When it is applied to more 
complex structure, some challenges issues require further 
in-depth investigation:

1.	 It relies on supervised learning, leading to limited 
applicability to damage scenarios unseen during 
model training.

2.	 Various damage samples are often difficult to obtain 
in practice, how to accurately simulate various prac-
tical structural damage cases is a great challenge by 
numerical model. Maybe transfer learning technique 
is a potential solution to these problems.
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Fig. 11 The identified accuracy of each measurement point

Table 6 The average identification accuracy of each measurement point

Model A1 A2 A3 A4 A5

SB-CNN(S) 82% 84% 83% 86% 85%

SB-CNN(D) 66% 68% 68% 70% 69%

DB-CNN 86% 88% 89% 89% 87%

MB-CNN 85% 88% 84% 87% 83%

A6 A7 A8 A9

SB-CNN(S) 84% 82% 85% 83%

SB-CNN(D) 67% 68% 69% 70%

DB-CNN 86% 89% 87% 88%

MB-CNN 86% 86% 85% 88%
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