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Abstract 

Structural Health Monitoring (SHM) often uses damage detection strategies applied to 

structural systems. However, the effectiveness of these strategies depends directly on the ability to 

identify structural changes before they result in damage, in order to prevent economic, social and 

human losses. For this purpose, continuous data acquisition is required as well as a monitoring 

capable of detecting new or unknown structural conditions in real time. 

On the other hand, the SHM is essential for controlling the safety of aged structures or for 

post-reinforcement or post-accident situations. For these circumstances, the SHM strategies cannot 

be based on the comparison of the data acquired in situ with baselines obtained for conditions of 

the “unchanged” structure. As such, it is essential to learn the structural conditions in a timely 

manner, ensuring the detection of structure anomalies. 

Concerning SHM, this investigation aims to develop techniques to identify changes in the 

structural behaviour of 25 de Abril Bridge in real-time and without resorting to baselines. Therefore, 

a direct approach was adopted using supervised algorithms, applied to models that relate 

temperatures and stresses regarding different sections of the bridge. The techniques were tested 

and validated for the case study, proving that artificial neural networks allow the identification of 

structural alterations both for relations between action variables and response variables and for 

relations between structure response variables. 

Key-words: Structural Health Monitoring, Artificial Neural Networks, Bridges, Artificial Intelligence, 

Damage identification strategies, Numerical modelling 
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1. Introduction 

Structural Health Monitoring (SHM) 

consists in the process of implementing a 

damage identification strategy for any civil, 

aerospace or mechanical structural system 

(Farrar & Worden 2007). The main objective 

of the SHM is to control the safety and 

reliability of structures through the early 

detection of anomalies (Oscurato, 2011). 

This process requires instrumented 

monitoring systems and is based on the 

comparison of models that intend to predict 

the behaviour of the structure with values 

obtained in the past for the same load. If there 

is any inconsistency between the values 

obtained for the forecast model and the actual 

monitored behaviour, then it is necessary to 

assess the causes and consequences of 

these results (Oscurato, 2011). 

Bridges have been the case of a study 

of greater attention for the application of the 

SHM in the last years, allowing simultaneously 

prodigious progress in other cases, such as 

buildings and dams (Oscurato, 2011). 

SHM usually uses two main types of 

approach (Doebling, Farrar, Prime, & Shevitz, 

1996; Wang, Chan, Thambiratnam, Tan, & 

Cowled, 2012): (i) the reverse approach or (ii) 

the direct approach. 

Damage detection strategies that use 

the reverse approach are commonly referred 

to as model updating, or system identification. 

This approach aims to define a model that 

translates the system response in the most 

realistic way (Sahin & Shenoi, 2003), 
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comparing it with the structural responses 

measured in situ (Farrar et al., 2007). 

However, this approach has a high 

computational requirement to be able to 

obtain results on the performance of the 

structure in real time (Glaser et al., 2008; Hua, 

Ni, Chen, & Ko, 2009; Wang et al., 2012). 

since the problem for the identification of 

systems is non-linear and indeterminate 

(Sahin & Shenoi, 2003). 

On the other hand, the use of the 

direct approach requires knowledge about 

artificial intelligence techniques to be applied 

in the detection of anomalies. These 

techniques result in the correlation between 

the information extracted in the form of time 

series of the values resulting from the 

monitoring and the presence of anomalies in 

the structural system (Sohn, Farrar, et al., 

2004). In fact, this approach is the most 

appropriate for the identification of real-time 

early anomalies, since it competes with the 

previous one regarding computational 

efficiency (Posenato, 2009; Cury 2010; 

Santos, 2014). It also uses techniques that are 

significantly less onerous (Giraldo, 2006; Hsu 

& Loh, 2010; K. Worden & Dulieu-Barton, 

2004). 

The direct approach has been the 

most used in the literature since the data 

analysis algorithms can translate the 

structural response better than the numerical 

models, especially when dealing with 

structures exposed to environmental and 

operational effects (HF Zhou et al., 2011; 

Zhou et al., 2010; Cury et al., 2012). 

Within the direct approach, there are 

two types of statistical learning strategies: 

supervised and unsupervised. Automatic 

supervised learning algorithms apply to cases 

where the training data set consists of relevant 

sets of data matrices alongside with their 

corresponding classes (Bishop, 2006). In 

SHM applications, this type of approach 

establishes the relationship between the 

monitored data and the corresponding 

structural conditions (damaged or 

undamaged). When no target classes exist, 

automatic statistical learning procedures are 

referred to as unsupervised. This type of 

approach is used when no prior knowledge 

about the structure can be considered. 

2. Objectives 

The main objective of this study is to 

identify changes in the response of monitored 

structures in real time, using patterns 

recognition methods. 

In this sense, it is intended to acquire 

knowledge about the most effective methods 

of identifying structural changes referred to in 

the literature. Given a vast literature, the 

ambition to have knowledge about the most 

appropriate techniques, promoted a selection 

of studies in the field of Civil Engineering, in 

particular related to bridges under permanent 

monitoring. 

In fact, the bridges were pioneers in 

SHM since they are structures with a great 

economic, social and human impact. 

However, the techniques of identifying 

changes are as relevant for new structures as 

for end-of-life structures. One of the objectives 

of this study is to find a method of identification 

that can be applied to non-healthy structures, 

in order to guarantee a maintenance in a 

timely manner, minimizing its costs. 

In the framework of Structural Health 

Monitoring (SHM), it is intended to know the 

different approaches, studying their 

advantages and disadvantages in terms of its 

automation capacity, its computational 

complexity, the time spent in obtaining results, 

the quality of the results and the economic 

cost required by each technique. 

Among the approaches found in the 

literature, it is intended to identify and master 

the technique that will allow to identify 

changes in a structure in an autonomous, 

flexible and real-time manner. To this end, it is 

also necessary to understand the capability to 

acquire data related to a permanently 

monitored structure in order to assure the 

needs of the learning algorithm. 

Following the definition of the learning 

method to apply, the objective is to define 

criteria for identifying changes in the structural 

response. Firstly, it is intended that these 

criteria establish security (or confidence) 

boundaries, to facilitate the detection of 

variations in the time series of data acquired 

for both the training period and the test period. 

Secondly, the determination of statistical 

analysis parameters may consist in an 
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optimization criterion for the variables to be 

introduced in the models under study. 

One of the challenges of this work is 

to understand the requirements of the learning 

method in terms of the characteristics of the 

data acquired from the monitoring system. 

These requirements essentially refer to the 

quality and quantity of the data sample to be 

used in the training period of the learning 

algorithm. In fact, these models not only 

impose conditions on the data, but also 

require the definition of numerous parameters 

associated to the algorithm itself, which vary 

according to the case study. 

In the context of SHM learning 

algorithms, it is found in the literature several 

cases that establish input data only for actions 

applied to structures, acquired from the 

monitoring data. This work intends not only to 

dominate the application of these methods but 

to study the possibility of assigning structural 

response data to input variables of the 

learning algorithm. Thus, it is desired to study 

and define a methodology capable of 

predicting the structural response based on 

real-time response monitoring data, in order to 

identify changes in the behaviour of 

structures. 

Finally, this study aims to apply and 

validate the previously described methods to 

a real, permanently monitored case study. 

Thus, it is meant to study the possibility of 

identifying changes in the behaviour of the 

case study, in real time, applying the 

knowledge acquired from the literature in 

methods of estimation of the structural 

response using patterns recognition. 

3. Case Study: 25 de Abril Bridge 

So as to apply the knowledge 

acquired in the literature and to develop new 

SHM techniques, the case study adopted is 

the 25 de Abril Bridge. 

The 25 de Abril Bridge, shown in 

Figure 1, crosses the Tagus River, joining 

Lisbon and Almada, and has a total length of 

2277.5m: a main span suspended with 

1012.9m; two 483.4m side spans suspended; 

a non-suspended gap to the south with 98.6m; 

and two non-suspended spans of the north 

side each one with 99.6m.  

The bridge tray consists of a stiffening 

beam suspended by 336 hangers. These 

hangers are also suspended by four main 

cables drawn on the P1 and P7 abutments, 

and with deviations imposed on the P2, P3, P4 

and P5 abutments (see Figure 2). Like the 

beam, the pillars are trussed metal structures, 

except for the P7 pillar which is made of 

reinforced concrete. 

 
Figure 1- Aerial view of 25 de Abril Bridge 

The cross-section of the lattice beam 

is 12.0m high and 21.5m wide. The upper rope 

supports six-way road traffic (three per 

direction) while the lower rope supports two-

way rail traffic (one per direction). 

 
Figure 2- Longitudinal section monitoring system 

layout of the 25 de Abril Bridge 

Legend: 

ΔL- relative horizontal displacement; 

ΔL2- double relative horizontal displacement; 

Θxy- rotation (electronic inclinometer for gravity); 

a- acceleration (uniaxial accelerometers); 

aT- acceleration (triaxial accelerometers); 

ε- extension (stress gauged); 

T- temperature (thermometers); 

w- wind speed and direction (ultrasonic 

anemometers); 

P- load due to the axles of trains (insoles equipped 

with optical fibre sensors). 

The P1, P2, P5 and P6 abutments are 

approximately 60.0 m in height and are made 

up of two struts connected by means of cross-

sectional metal profiles to counteract the 

previous ones. The P3 and P4 abutments are 

180.0m high and support the truss suspended 

at 60.0m. Up to this quota, all abutments are 
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identical. The additional height of the P3 and 

P4 abutments (from 60.0m to 180.0m) allows 

them to support the four main suspension 

cables, meaning a large part of the permanent 

and variable loads imposed on the structure. 

The pillar P7 has hollow section in reinforced 

concrete and its main function is to ensure the 

transition between the overpass and the 

bridge.  

The foundations of the pillars consist 

of concrete piles in the same layers, except for 

the foundations of the P3 and P4 pillars which 

consist of concrete coffers based on firm rock. 

The structural monitoring system 

installed at 25 de Abril Bridge follows the 

requirements of the Instrumentation 

Programme. According to this programme, 

there are eight types of sensors installed in the 

bridge, allowing to characterize its structural 

behaviour in terms of the actions imposed on 

the bridge. The general scheme of 

instrumentation is shown in Figure 2. 

 
Figure 3- Cross-section monitoring system layout 

of the 25 de Abril Bridge 

The sensors installed in the structure 

can be grouped in distinct sectors to maximize 

the variations due to possible scenarios of 

structural damage. These sectors are 

identified according to the pillars (P1 to P7) 

and to the sections of the stiffening beam (66S 

to 66N, in which "S" and "N" respectively 

means South and North). Regarding the 

cross-section itself, the sensors were installed 

according to Figure 3. 

4. Identification of changes 

After a preliminary analysis of the data 

collected in situ, it was possible to study the 

structural response of the bridge. As 

described above, the structure will be 

classified by two different models. The first will 

be a linear modelling, using multivariate linear 

regressions; and the second will be based on 

ANN, Multi-Layer Perceptron (MLP), 

simulating non-linear material behaviour. 

4.1. Overview of ANN applied in the bridge 

In the context of ANN, it is important 

to properly choose the network to be used, 

namely its architecture and some 

characteristic parameters, such as thresholds, 

to guarantee accuracy in the results obtained.  

Therefore, the artificial neural network 

MLP was implemented for a logistic activation 

function applied to each neuron of the 

intermediate layer and for a linear activation 

function for the output layer. In Figure 4 we 

present an MLP neural network scheme 

implemented for n input units, m intermediate 

units (characterized by the logistic activation 

function) and one output unit (with a linear 

activation function).  

 

Figure 4- ANN adopted (adapted from Oscurato, 
2011) 

The MLP considered in this study is 

characterized by having a set of data for the 

training period, composed of examples of 

input and output variables, which plays the 

role of teacher in the system. In practice, the 

network learns the relationships between the 

input and output variables (known a priori) 

through the backpropagation algorithm, 

allowing to change weights and other 

parameters of the network to minimize the 

error during the training period of the network. 

Once "taught", the network can make 

predictions of output values even without prior 

knowledge of it. 

As such, the training period was 

adopted between 1st April 2016 and 31st 

December 2016 to provide for the structural 

response in the test period from 1st to 31st 

January 2017. It should be noted that the 

notion of "training period" and "test period" 

defined for the ANN model will be applied to 

the LR model, to simplify the comparison of 

the models in the following sections. 
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4.2. Statistical classification of ANN's 

errors and sensitivity 

In the scope of the SHM, this paper 

aims to develop a methodology of detection of 

structure anomalies. To this end, there is a 

need to create confidence boundaries for the 

forecast data obtained for each model under 

study. 

The estimation reproduced by the 

regressions consists of a population of 

samples whose distribution is ideally close to 

a normal distribution. The sample population 

can be statistically evaluated for a confidence 

interval (CI) defined from the t-student 

distribution regarding that population. 

Accordingly, the distribution of the residual 

errors obtained from the difference between 

the monitored response and the estimated 

one will be analysed for a confidence level of 

95%. 

Thus, confidence boundaries were 

adopted for both the training period and the 

test period. While the test period allows to 

directly evaluate the safety of the structure, 

since the results of the residual errors of 

forecast are inside or outside the defined 

border; the training period only ensures that 

the data for this period ensures an accurate 

prediction. 

The validation of the models must be 

ensured during the analysis of results 

obtained from them. As previously mentioned 

for CI, any other statistical parameter defined 

for the distribution obtained for the nonlinear 

model will be treated as a valid statistical 

parameter, since it generates a distribution 

like the linear model. 

Two indicators were selected to 

validate the models: the deviation modulus 

between the expected median for the 

distribution obtained for the training period 

(regression) and for the test period 

(prediction), as Equation 1: 

|∆𝜇| = |𝜇𝑝𝑟𝑒𝑑 − 𝜇𝑟𝑒𝑔|  (1) 

and the ratio of the standard deviations 

obtained for the same distributions referred to 

(regression and prediction), as Equation (2). 

𝑟 =  (
𝐷𝑃𝑝𝑟𝑒𝑑

𝐷𝑃𝑟𝑒𝑔
)  (2) 

Note that the standard deviation is called DP, 

since σ can be confused by stress within the 

scope of this paper. 

4.3. Results 

The study developed in this paper 

encompasses two distinct phases. In a first 

step, we intend to evaluate the accuracy of the 

two models adopted to evaluate the structural 

response of the bridge. Hence, the 

correlations between variables measured in 

section 0 - temperatures, stresses and 

average section stress will be studied. 

The next step will be to study the 

possibility of predicting the structural response 

based on a known response to a section of the 

structure. Therefore, the relationships 

between temperatures, stress and average 

stress of section 0 of the bridge and the mean 

stress of section 66N will be analysed. 

4.3.1. Section 0 

For an input variable corresponding to 

the eight temperatures measured in section 0 

(T1.0 to T8.0), the output variable 

corresponding to the average stress 

calculated from the eight stresses measured 

in the extensometers of section 0 (e1.0 to 

e8.0). The mean stress, 𝜎𝑚, is given by 

Equation (3). 

𝜎𝑚 =
𝜎1.0+𝜎2.0+𝜎3.0+𝜎4.0+𝜎5.0+𝜎6.0+𝜎7.0+𝜎8.0

8
 [𝑀𝑃𝑎]          (3) 

For an elastic (linear) analysis the 

relationship between 𝜎𝑚 and ΔT can be 

described by Equation (4), 

𝜎 = 𝐸𝛼∆𝑇 [𝑀𝑃𝑎]         (4) 

Subsequently, the study will start for a linear 

model (LR). Then, a nonlinear model with 

ANN resource will be used. Finally, the two 

models will be compared based on 

histograms, box plots and pre-defined 

statistical parameters. 

From the diagrams of Figure 5 it is 

possible to verify that the variables under 

study are indicated to predict the structural 

response, since the box-plots for the two 

periods do not contradict themselves. In fact, 

both the limits of the box and the ends of the 

whiskers are close for both periods. Validating 
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the variables, it is possible to compare the two 

models. 

The linear model presents a larger 

box and the limits further away from the box, 

so the results of this model are less secure 

than the results obtained for the nonlinear 

model. Regarding the outliers, it should be 

noted that for the training period they are 

clearly more symmetrical than for the test 

period. 

 
Figure 5- Box plots concerning T0 vs. tm_0 

Finally, Table 1 shows the results 

obtained for the statistical parameters |∆𝜇| 

and 𝑟. It is confirmed that the non-linear model 

(ANN) allows a difference between the 

median of the prediction and the regression 

lower than the difference obtained for the 

linear model (LR), proving that the artificial 

neural networks regression led to more 

accurate predictions than the linear regression 

– around 17% regarding |∆𝜇| and 

approximately 9% regarding 𝑟  The same 

conclusion can be drawn from the ratio of the 

standard deviations obtained for the two 

models, and it is verified that the ratio for the 

non-linear model takes a value closer to unity. 

Table 1-Statistical parameters concerning section 0 

 |∆𝜇| [MPa] 𝑟 

 LR ANN LR ANN 

T0 vs. tm_0 0.3881 0.2163 0.8775 0.9632 

4.3.2. Section 66N 

After analysing the data for section 0, 

another monitored section of the 25 de Abril 

Bridge will be analysed: section 66N. As 

stated above, only the non-linear analysis will 

be studied, once previously proved that the 

non-linear model presents more accurate 

prediction results than the linear regression. 

For an input variable corresponding to 

the eight temperatures measured in section 0 

(T1.0 to T8.0), the output variable 

corresponding to the mean stress calculated 

from the eight stresses measured in the 

extensometers of section 66N (e1.66N a 

e8.66N). 

 
Figure 6- Histograms and box plots concerning T0 

vs. tm_66N 

From these graphs, it becomes clear 

that the distribution of the residuals resulting 

from the forecast is not symmetric, leading the 

average value of the distribution to deviate 

slightly from the zero value. This distance can 

be verified by the box plots of Figure 6, 

through the failure of the symmetry of the 

outliers. 

However, the average stress 

prediction in section 66N shows a narrower 

box, with the whiskers being closer to the box 

when compared to the training period.  

It is interesting to compare these 

results with the results obtained for section 0 

(Figure 5). Indeed, for the same input 

variables corresponding to the temperatures 

in section 0, the response results for section 0 

were expected to be better than those 

obtained for section 66N. But the same is not 

expected to occur when the prediction is 

evaluated based on input variables related to 

the structural response of section 0. 

Firstly, we intend to evaluate the 

ability of ANN to predict the mean stress in 

section 66N from the input variables 
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corresponding to the stresses measured in the 

extensometers of section 0 (e1.0 to e8.0). 

 
Figure 7- Histograms and box plots concerning e0 

vs. tm_66N 

Figure 7 also shows the histograms 

and the box plots for the two-time series of the 

residuals, related to the training period and the 

test period. These graphs confirm that the 

average stress prediction in section 66N is 

more accurate for input values corresponding 

to the stresses of section 0 (response) than for 

input values corresponding to the 

temperatures of section 0 (action). It should 

also be noted that the red and blue lines 

respectively represent the 95% confidence 

interval and the median obtained for the 

distribution of the residual errors.  

Finally, a relation between two 

responses will be analysed, but now for an 

input variable relative to the mean stress in 

section 0 (tm_0) and an output variable 

corresponding to the mean stress in section 

66N (tm_66N). This study intends to evaluate 

if the prediction of the parameter of section 

66N can be more precise when using the 

same parameter as an input variable.  

For a more quantitative analysis, the 

histograms and the box plots for residuals 

obtained for regression (training) and for 

prediction (test) are shown in Figure 8. It 

should be noted that the red and blue lines 

respectively represent the 95% confidence 

interval and the median obtained for the 

distribution of the residual errors.  

The box plots clearly show an 

improvement in the median of the distribution 

when compared to the median of the previous 

study. Both distributions are approximately 

symmetrical, and it is obvious by the box plots 

that the distribution for the training period is 

less symmetrical regarding the outliers and 

the distribution for the test period is less 

symmetrical for the values of the box, relative 

to the median. Finally, the studies developed 

for section 66N will be compared. Accordingly, 

the values of the statistical parameters, |∆𝜇| 

and 𝑟, obtained from the three studies 

regarding section 66N are presented in Table 

2. These parameters allow validating the ANN 

model used and draw conclusions about the 

results obtained using this model.  

 
Figure 8- Histograms and box plots concerning 

tm_0 vs. tm_66N 

Starting by comparing the values of 

the parameter |∆𝜇|, it becomes clear that all 

values are minor, proving that the prediction 

and the regression are coherent, so that the 

nonlinear model can effectively reproduce the 

mean stresses of section 66N for every input 

variable concerned. In addition to this, notice 

that the ratio between the average stresses of 

the two sections has a lower value than the 

other ratios (less than 10%) and therefore it is 

a good choice to predict the average stresses 

in section 66N. 

Table 2- Statistical parameters concerning section 
66N 

 |∆𝜇| [MPa] 𝐷𝑃𝑝 𝐷𝑃𝑟⁄  

T0 vs. tm_66N 0.1073 0.8788 

e0 vs. tm_66N 0.0944 0.6691 

tm_0 vs. tm_66N 0.0368 0.6855 
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The ratios between the standard 

deviations assume values very close to unity. 

However, the largest ratio occurs for an 

action-response model. As the difference 

between the ratios obtained for an action-

response model and a response-response 

model are very close, it can therefore be 

concluded that using responses as input 

variables can be a viable alternative to the use 

of actions. 

4.4. Ultimate validation 

The analysed models could have 

been applied to several input and output 

variables. However, temperature was one of 

the most relevant requests for altered 

structural behaviour, and tensions were 

considered as an exemplary variable of the 

structural response when subjected to 

temperature variations. 

In the previous sections, predictions 

of the structural behaviour at the level of the 

stresses in section 0 and in section 66N were 

presented from variables exclusively related 

to section 0. As such, it is necessary to 

understand the deviation associated with the 

prediction of the average stress in section 

66N. 

To determine this deviation, it was 

calculated the percentage deviation relative to 

the difference between the models that use 

temperature as an input variable (response-

action) and the models that use stress as the 

input variable (response-response). For a 

variation of the input variable, the results are 

presented in Table 3. 

Table 3- Percentage deviation between sections 

 Deviation 

Section 0 26% 

Section 66N 14% 

As expected, the deviations shown in 

Table 3 show that the response-response 

analysis may be less effective than the action-

response analysis. However, the percentages 

may be considered low, especially the 

percentage relative to the mean stress 

prediction in section 66N. 

The fact that the value of the deviation 

between action-response and response-

response models associated with section 66N 

is lower than the deviation between the same 

models for section 0, confirms that structural 

section predictions made from behavioural 

parameters acquired from another section, 

are feasible. 

It is also necessary to show the results 

obtained for a variation of the output variable. 

Once the ratio, 𝑟,, corresponding to the 

relation between temperatures in section 0 

(input variables) and the mean voltage in 

section 0 and in section 66N (output variables) 

was known, the deviation in between the two 

sections was calculated. The results are 

shown in Table 4. 

Table 4- Percentage deviation between sections 

 𝑟 

T0 vs. tm_0 0.9632 

T0 vs. tm_66N 0.8788 

Deviation 5% 

In fact, the deviation associated with 

these analyses takes a very small value, thus 

validating the action-response model, 

currently used in the monitoring system of the 

case study. However, Table 5 shows that the 

response-response models (with input 

variable corresponding to the stresses in 

section 0) may also have utility in the 

monitoring systems of bridges, once again a 

low deviation between predictions in section 0 

and predictions in section 66N. 

Table 4- Percentage deviation between sections 

 𝑟 

e0 vs. tm_0 0.5628 

e0 vs. tm_66N 0.6691 

Deviation 9% 

Therefore, we conclude that the 

deviation associated with the forecast of the 

mean stress in section 66N from a learning of 

the structural behaviour in section 0 

approaches the deviation associated with a 

learning of the requests in section 0. Hence, 

the results obtained for the section 66N are a 

strong indicator for monitoring using 

response-response models. 
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5. Conclusions 

The present study allows to conclude 

that it is possible to identify changes to the 

structural response of 25 de Abril Bridge 

through automatic detection methodologies 

using real time and permanent monitoring 

data and patterns recognition methods based 

on learning algorithms for structural 

behaviour. 

In the literature are several methods 

of identification of structural changes applied 

to Civil Engineering case studies. With special 

focus on bridges, the two main types of 

approach were studied: direct and indirect, as 

well as the advantages and disadvantages of 

its application to real structures. 

As a conclusion of this study, the 

direct approach proved to be the most 

adequate methodology to identify changes in 

the behaviour of degenerate structures, in real 

time. Applying this approach to a permanently 

monitored system allows for the timely 

maintenance of altered structures. 

Consequently, a permanently monitored 

structure requires fewer costs associated with 

maintenance, since this methodology proved 

to be adequate to detect changes in real time. 

Within this approach, it was possible 

to identify and master response estimation 

techniques based on automatic statistical 

learning procedures. In fact, it is concluded 

that the techniques that use artificial neural 

networks (ANN) allow an automatic, flexible 

and real-time identification of structural 

changes. Thus, for an ability to acquire a large 

volume of monitoring data, ANNs allowed to 

acquire predictions of the structural response 

with an accuracy level of precision superior to 

the alternative regression method, using 

multivariate linear regressions (LR). 

Following the choice of the best 

learning method to be applied, the criteria for 

identifying changes in the structural response 

were defined, which offered a better 

classification for the case study. To this end, 

confidence boundaries were established 

based on a 95% probability that the real value 

lies within these borders, as defined by the 

statistical confidence intervals. In order to 

classify the structural response, it was also 

defined and determined statistical analysis 

parameters as optimization criteria for the 

different variables introduced in the study 

models. 

Responding to the challenge 

regarding the requirements of the learning 

method, it was possible to define the ANN 

characteristics that best suited the acquisition 

of the monitoring data. For an ANN of the 

Multi-Layer Perceptron (MLP) type, a training 

period favourable to the learning ability of the 

network was determined, allowing to obtain 

predictions of the structural response of high-

level precision, when observing the obtained 

results and established trust boundaries in the 

statistical classification. 

By applying the input variables related 

to temperature variations in the bridge, it was 

possible to master techniques for identifying 

changes in the structural response using 

artificial neural networks whose input variable 

(acquired from the monitoring) corresponds to 

structural actions. 

In order to respond to the objective 

regarding the use of response data as input 

variables in the network, it is concluded that 

the prediction of the behaviour of a structural 

section does not require monitoring data 

regarding actions in the bridge. In fact, for 

permanent monitoring systems and for the 

variables admitted in this study, the deviation 

associated to both models is practically 

negligible, showing that it is feasible to use 

structural response data from different 

sections as ANN’s input and output variables. 

Finally, it is concluded that the 

selected case study provided the application 

of the techniques studied in the literature. 

Thus, this study allowed to develop a 

methodology to identify changes in the 

structural behaviour of the 25 de Abril Bridge, 

in real time, based on permanent monitoring 

systems and methods of pattern recognition 

that use artificial neural networks and 

statistical classification. 
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