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ABSTRACT: In this work, we propose a combined approach of model-based and machine learning techniques for damage 

identification in bridge structures. First, a finite element model is calibrated with real data from experimental vibration modes 

for the undamaged or baseline state. Second, generic synthetic damage scenarios based on modal parameters are automatically 

generated with the model to train machine learning algorithms for damage classification (Support Vector Machine, SVM) and 

damage location and quantification (Neural Network, NN). For an initial validation of the method we use a lab scale truss bridge 

model, proving that specific damage scenarios can be assessed by the Supervised Machine Learning algorithms trained with 

generic damage scenarios including a certain variability. The NN provides an assessment in terms of damage location and 

quantification, whereas the SVM provides a damage severity classification with graphical indication of the damage location and 

quantification through a reduced dimension plot. 
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1 INTRODUCTION 

Damage detection is one of the key tasks in Structural 

Health Monitoring (SHM)1. In the field of civil engineering, it 

has become even more important as structures are subject to 

constant degradation and ageing processes, and ensuring 

safety is of extreme importance for society2. Several solutions 

have been proposed that attempt to solve this problem, which 

can be broadly classified in model-based and data-driven1. 

Both have been extensively applied into different cases of 

study, ranging from laboratory scale experiments to complex 

structures under service3–9. It can be concluded that both 

scopes present some limitations. In the case of model-based 

approaches, a strong computational effort is required to solve 

the inverse problem of damage identification through model 

updating, preventing from their application in real-time 

assessment strategies10.  

Data-driven methods overcome this issue since the 

computational cost occurs in the training-validation phase, 

which is done offline11. This yields to the possibility of 

providing faster evaluations10. Several approaches have been 

developed, from pattern recognition12 to Machine Learning 

and Deep Neural Networks13,14. However, these methods rely 

exclusively on the availability of experimental data, which in 

the full-scale field is mainly restricted to the undamaged or 

normal behavior15. Information regarding possible damage 

scenarios is rarely available (impractical) and this situation 

only allows to reach a level I (detection) out of the four 

damage levels defined Rytter16. According to this, it seems 

appealing to combine both methodologies with the goal of 

beating their limitations and exploiting their potentials. 

There are some works in the literature attempting to solve 

this problem, such as 17, which employs data from a numerical 

model to complement the training phase of an outlier 

detection algorithm based on Gaussian regression. 

 

In this work, we propose a hybrid methodology to detect 

and characterize damage (location and extent) in bridge 

structures. We first create a finite element model that is 

calibrated using experimental vibration measurements for the 

undamaged or baseline state. Next, we build a synthetic 

database by automatically solving generic damage scenarios 

applying changes in material properties and including certain 

variability. We use the modal response (natural frequencies 

and mode shapes) as the damage sensitive features. This 

database is used to train two supervised Machine Learning 

algorithms, namely Support Vector Machine (SVM) for 

damage classification and a Neural Network for location and 

quantification. 

We validate the method using a small-scale truss bridge in 

laboratory environment which allows to recreate damage 

scenarios. Results show that the SVM can classify damage in 

terms of severity and graphically indicate its location using a 

lower dimensional representation, whereas the NN provides a 

probability level of the damage being at a certain position 

with a certain severity level. 

2 METHODOLOGY 

2.1 Description of the structure 

The laboratory bridge follows a truss pattern design and 

represents the isostatic span of the “Old Bridge over Barranco 

de Aguas” in Alicante (Spain), having small modifications in 

the deck area to make it a classic Pratt truss (see Figure 1). 

 

Figure 1 Front view of the old bridge over Barranco de Aguas 
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The simplified model was built in a lightweight material 

(polycarbonate: λE = 2350 MPa/Esteel), which allows to have a 

model in a not too reduced geometric scale (λL = 1/3.5) and 

having an operative final weight close to 60 kg. For the scale 

bridge used in this work (see Figure 2), we have that the first 

mode of vibration identified with the software MACEC 3.3 

(KU Leuven – E Reynders, M Schevenels, G De Roeck) is 

very close to the measured value for the isostatic span of the 

real bridge (7.8 Hz in lab versus the approximately 8 Hz 

obtained in a load test of the viaduct in 2015). The model is 

thus considered acceptable for the purpose of testing the 

proposed algorithms. 

 

Figure 2 Left: small scale bridge. Right: first bending mode 

Regarding the experimental damage scenarios generated in 

the laboratory, we recreated a hard damage in the central zone 

and intermediate-hard damage in one of the bearing zones. 

These damages consist of the removal of one of the top chords 

in the corresponding location. For this study, the dynamic 

response in terms of the two first bending eigenmodes and 

eigenvalues are identified for the undamaged and damaged 

states. 

 

2.2 Calibration of the parametric model 

We build a three-dimensional finite element model of the lab 

bridge in ANSYS APDL, including all the geometrical 

information of the structure. The first bending mode is 

obtained at approximately 7.1 Hz for this preliminary model. 

With the goal of approximating the numerical response to the 

experimental results, we submit the model to a calibration 

process known as finite element model updating. We choose 

16 parameters associated to uncertain properties described in 

Table 1. 

Table 1. Description and initial values of updating parameters. 

Parameter 

type 

Description Initial value 

Material 
12 elastic parameters along the 

bridge length 
2.35·109 N/m2 

Material 
1 density parameter for global 

model mass 
1300 kg/m3 

Material 
2 fictitious mass parameters to 

add flexibility at chords’ joints 
3 kg 

Boundary 

condition 

1 spring stiffness parameter to 

restrain horizontal 

displacement at free boundary  

105 N/m 

 

In the calibration process, we employ a genetic algorithm to 

solve the minimization problem between experimental and 

numerical responses. This is expressed in terms of the 

objective function that computes the relative differences of the 

natural frequencies and mode shapes. The comparison of the 

mode shapes is given by the Modal Assurance Criterion 

(MAC)18. After calibration, we obtain the optimal parameter 

values that constitute the baseline or reference model. Table 2 

compares the numerical frequencies before and after 

calibration. We also show the adjustment of the mode shapes 

in Figure 3 and Figure 4. The objective function is reduced in 

a 76% along 150 iterations. 

 

Table 2. Comparison of natural frequency values (Hz). 

 Experimental 
Initial 

model 

Calibrated 

model 

First mode 7.70 7.41 7.50 

Second mode 15.60 16.00 15.90 

 

 

Figure 3 Calibration results of the first mode shape 

 

Figure 4 Calibration results of the second mode shape 

 

2.3 Damage Identification using Machine Learning 

In this work, we employ two machine learning approaches to 

address the damage identification problem, namely Support 

Vector Machine (SVM) and Neural Network (NN). The first 

one aims at early detecting the presence of damage and the 
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second one gives a more insightful characterization of the 

damage. Both techniques are addressed in a supervised 

manner. Thus, they require an extensive database including 

the different damage scenarios that aim to be detected. These 

can be labelled by location and severity level. These damage 

scenarios are generated from the calibrated model obtained in 

section 2.2. We first divide the structure in three separate 

regions where we want to detect damage (see Figure 5). We 

apply a percentual reduction of the elastic moduli located at a 

certain region to simulate damage. We assume that no more 

than one region is damaged at the same time. 

 

Figure 5 Schematic view of the damage regions 

 

2.3.1 Support Vector Machine (SVM) 

SVM is a data-driven algorithm that solves classification 

and regression problems19. It establishes relationships in the 

data and finds the optimal space that separates the data among 

the different classes20. This approach is very flexible and can 

fit many different types of discriminant functions from which 

the hypothetic classification space is formed, including linear 

or radial basis models21. Particularly, this algorithm can be 

understood as an optimization problem in the sample space 

with the following formulation21: 

 

 

 

(1) 

where xi is a feature factor in the sample space, β is the slope 

of a normal to the optimal separating hyperplane, β0 is an 

intercept and yi is a class variable. 

In this work, the input to the SVM model is formed by four 

terms: the two natural frequencies and MAC values 

corresponding to the first two longitudinal bending modes. 

The algorithm provides a single-value classification output 

based on the severity of the damage. Table 3 shows the 

different classes of damage to be detected, indicating the 

percentual level of reduction of the elastic modulus. 

 

Table 3 Damage levels based on elastic modulus reduction 

Damage label 
Elastic modulus 

reduction (%) 

Undamaged < 15 

Light [15-35) 

Intermediate [35-55) 

Hard > 55 

 

We feed the SVM algorithm with the corresponding database 

that contains the labelled inputs. After testing various kernel 

functions to fit the data, we finally employ a linear operator to 

generate the separating hyperplanes due to its accuracy and 

efficiency. Once the model is trained, we apply Principal 

Component Analysis (PCA) to reduce the dimension of the 

data (initially four-dimensional) to a two-dimensional space, 

in order to make the solution representable. Figure 6 shows 

the linearly defined hyperplanes that separate the dataset in 

terms of the damage severity. In addition, we can also observe 

that the middle region is clearly separated from the two 

bearing sides of the structure, which indicates the ability of 

SVM to distinguish between these two types of location as 

damage increases. 

 

Figure 6 Principal components of the hyperplane divided 

solution space 

 

We then generate an experimental testing dataset to evaluate 

the ability of the algorithm to correctly detect the severity of 

unseen damages based on the vibrational input. This testing 

phase provides a 91.6% accuracy. However, it becomes 

impossible to distinguish between the two bearing regions of 

the structure, mainly due to a poor recreation of the boundary 

conditions in the laboratory model that yields to a symmetric 

structure. 

 

2.3.2 Neural Network (NN) 

Once that we have evaluated the presence of structural 

damage through SVM, we apply the second algorithm that 

uses a neural network to classify the damage in terms of 

location and severity with a certain probability. 

For this purpose, we establish a new labelling criterion for 

the training database, including both the severity level and 

location specification. 

 

Table 4 Labelling of damage for the NN approach 

Damage type 
Elastic modulus 

reduction (%) 
Label 
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Undamaged 
[0-15] for all 

the regions 
ND 

Light damage at E1 [20-35] at E1 S1LD 

Medium damage at E1 [40-55] at E1 S1M2 

Hard damage at E1 [60-75] at E1 S1HD 

Light damage at E2 [20-35] at E2 S2LD 

Medium damage at E2 [40-55] at E2 S2MD 

Hard damage at E2 [60-75] at E2 S2HD 

Light damage at E3 [20-35] at E3 S3LD 

Medium damage at E3 [40-55] at E3 S3MD 

Hard damage at E3 [60-75] at E3 S3HD 

 

 

 

The employed architecture for the NN is briefly described in 

Figure 7. It contains an input layer with the four dynamic 

features (two natural frequencies and two MAC values), two 

hidden layers and the output layer with the probability of the 

structural condition being each of the possible classes. The 

example shows a probability of 84% assigned to damage label 

S3LD. 

 

Figure 7 Neural Network model 

 

After defining the network architecture, we perform the 

training to obtain the bias and weight parameters of the model 

by minimizing the loss function using a gradient-based 

technique (Stochastic Gradient Descent, SGD). The loss 

function measures the discrepancy between the predictions 

and the known outputs for each training sample. After 

training, we evaluate the performance of the network in the 

testing phase. A battery of 24 unseen cases generated 

synthetically is fed to the model, providing promising results. 

Table 5 shows the classification results by indicating the label 

with highest predicted probability. 

Table 5 Testing predictions of the NN 

ID 

case 
Label Prediction Probability 

1 ND ND 90.4 

2 ND ND 90.5 

3 ND ND 94.5 

4 ND ND 53.0 

5 ND ND 97.5 

6 ND ND 87.5 

7 S1LD S3LD 48.8 

8 S1LD S3LD 37.9 

9 S1MD S3MD 58.5 

10 S1MD S3MD 51.7 

11 S1HD S1HD 37.2 

12 S1HD S1HD 50.6 

13 S2LD S2LD 98.5 

14 S2LD S2LD 98.6 

15 S2MD S2MD 53.7 

16 S2MD S2MD 95.5 

17 S2HD S2HD 92.1 

18 S2HD S2HD 99.0 

19 S3LD ND 38.3 

20 S3LD S1LD 49.7 

21 S3MD S1MD 48.3 

22 S3MD S1MD 53.7 

23 S3HD S1HD 53.5 

24 S3HD S1HD 51.7 

 

We can conclude that the use of Neural Networks is a good 

method to complement the information provided by SVM to 

effectively locate and quantify damage. However, the 

efficiency of the model strongly depends on the goodness and 

volume of the training dataset, which also depends on the 

numerical model employed to generate the scenarios. There 

are some other factors affecting the results, such as the 

architecture of the network, the number of epochs or the batch 

size assigned to run the epochs in the optimization step, 

among others. Experience is thus an important factor to find 

and implement the best model for the case under study. 

 

2.3.3 Test with real damage induced to the laboratory 

model 

The following experimental damage scenarios were recreated 

in the laboratory: a hard  damage in the central zone by 

removing one of the top chords within the E2 region (or S2 

location) and an intermediate-hard damage in the E3 region 
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(or S3 location) also by removing one of the top chords in the 

selected zone. Figure 8 and Figure 9 show the results of the 

SVM algorithm in the two-dimensional plot that includes the 

hyperplanes obtained from the training set.  

 

Figure 8 SVM training plot. Prediction for experimental hard 

damage in the central zone (purple cross). 

 

 

Figure 9 SVM training plot. Prediction for experimental 

medium-hard damage at E3 (purple cross).  

We then evaluated the same experimental scenarios with the 

NN algorithm. The class label with the highest probability is 

chosen as the prediction. Results are gathered in Table 6. 

Table 6 NN results for experimental damage scenarios 

Case Damage type Prediction 

1 Hard damage in S2 S2HD (100%) 

2 Hard damage in S3 S3HD (98.7%) 

 

2.4 Conclusions 

This work applies two data-driven techniques to detect and 

characterize damage in a small-scale structure using a 

calibrated numerical model to train the algorithms in a 

supervised manner. 

The calibration step helps to introduce experimental 

information into the model and obtain a reliable starting point 

for the simulation of damage scenarios. Results confirm that 

the algorithms trained this way can successfully detect 

experimental damages with a high level of reliability.  

It is verified that the proposed combined methodology is 

feasible and operational, although it must be conducted with a 

deep structural knowledge of the system under study to make 

proper idealizations and assumptions. Besides, the potential of 

data-driven methods is demonstrated, given their ability to 

provide fast and accurate diagnostics when they are correctly 

trained. The results obtained from this work suggest driving 

research towards the implementation of these algorithms in 

full-scale structures with powerful monitoring systems to 

assess their health condition. 
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