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Abstract  

A method that uses machine learning to detect and localize damage in railway bridges 
under various environmental conditions is proposed and validated in this work.  
The developed algorithm uses vertical and lateral deck accelerations as damage-
sensitive features. Indeed, an Artificial Neural Network (ANN) is trained to predict 
deck accelerations in undamaged condition given: previous vibration data, air 
temperature and characteristics of the train crossing the bridge (speed, load position 
and load magnitude). After an appropriate training period, the comparison between 
ANN-predicted and measured accelerations allows to compute prediction errors. A 
Gaussian Process is then used to stochastically characterize prediction errors in 
undamaged conditions using train speed as independent variable. Recorded vibration 
data leading to abnormal prediction errors are flagged as damage.  
The method is validated both on a simple numerical example and on data recorded on 
a real structure. In the latter case, an appropriate algorithm was developed with the 
aim of extracting vehicles characteristics from the acceleration time histories. Together 
with this part of the algorithm for the pre-processing of recorded accelerations, the 
novelty of the developed method is the addition of air temperature to the input. It 
allows separating between structure responses that can be flagged as damage from 
those only affected by environmental conditions.  

Keywords: Damage detection; Structural Health Monitoring; Machine 
learning; Artificial Neural Network; Railway bridge; Environmental 
conditions.





Abstract  

In questo lavoro viene presentato e validato un metodo che si basa sull’apprendimento 
automatico ed è in grado di rilevare e localizzare il danneggiamento di ponti ferroviari. 
L’algoritmo sviluppato utilizza come quantità sensibili al danneggiamento le 
accelerazioni verticali e laterali dell’impalcato ferroviario. Infatti, una Rete Neurale 
Artificiale è allenata per predire le accelerazioni dell’impalcato ferroviario in ogni 
istante durante il transito ferroviario, in condizioni non danneggiate, una volta 
assegnati: i dati di vibrazione agli istanti precedenti, la temperatura dell’aria e le 
caratteristiche del treno in attraversamento (velocità, posizione ed intensità dei 
carichi). Dal confronto tra le accelerazioni predette e quelle registrate, è possibile 
calcolare un errore di predizione. Errori di predizione calcolati in condizioni non 
danneggiate sono poi caratterizzati stocasticamente attraverso un Processo Gaussiano 
che utilizza la velocità del treno come variabile indipendente. Il danneggiamento viene 
rilevato qualora dati di vibrazione registrati sulla struttura portino ad errori di 
predizione anormali. 
Il metodo è stato validato sia su un semplice esempio numerico sia su dati raccolti su 
una struttura reale. Nell’ultimo caso, una parte dell’algoritmo è stata sviluppata con 
l’obiettivo di estrarre le caratteristiche del veicolo in attraversamento dalle sole storie 
temporali di accelerazione. Oltre a quest’ultima parte dell’algoritmo per il pre-
trattamento delle accelerazioni registrate, la peculiarità del metodo sviluppato in 
questo lavoro rispetto a quello proposto in origine è l’aggiunta della temperatura ai 
dati in ingresso. Ciò permette la separazione tra la risposta della struttura attribuibile 
al danneggiamento e quella influenzata solamente dalle condizioni climatiche.  

Parole chiave: Identificazione del danneggiamento; Monitoraggio dello 
stato di salute della struttura; Apprendimento automatico; Rete Neurale 
Artificiale; Ponte ferroviario; Condizioni climatiche.  
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1   
 
Introduction 

1 . 1  B a c k g r o u n d  

Structural systems, such as bridges, play an important role in modern society being 
used by an ever-increasing number of people everyday. Therefore, their failures would 
cause not only significant economic losses but also, most importantly, negative life-
safety consequences. Since many of these structures are approaching the end of their 
design life, ageing and degradation, as well as the occurrence of extreme natural 
phenomena (i.e. earthquakes), concur to their damaging that can lead to such failures. 
In order to prevent catastrophic events, maintenance philosophies were developed 
during the years; two popular approaches are the run-to-failure and the time-based 
ones. While the first waits a component to fail before replacing it, the latter, which 
nowadays is among the most common ones, fixes a design life for every component of 
the structure and replace it ones this time has expired. These philosophies, which are 
at opposite ends of the spectrum, can lead both to unpredictable and so catastrophic 
failures and, on the other hand, unnecessary waste of resources. Thus, the more 
suitable solution seems to be the use of compromising philosophies that take a quick 
corrective action once a sensing system on the structure has notified the presence of 
damage. Such kinds of approaches are referred to as condition-based maintenance 
philosophies and are allowed by the Structural Health Monitoring (SHM) technology.  
The term refers to the process of damage detecting through (Farrar & Worden, 2013):  

I. Measuring of the response of the structure under various environmental and 
operational conditions,   

II. Consequent extraction of damage-sensitive features and  
III. Statistical analysis of the latters to evaluate the system health.   

To better understand the steps of such process, the definition of damage has to be 
recalled: damage is defined as “intentional or unintentional changes to the material 
and/or geometric properties of systems, including changes to the boundary conditions 
and system connectivity, which adversely affect the current or future performance of 
these systems” (Farrar & Worden, 2013). Therefore, pattern recognition is widely 
employed in determining the current state of system health by comparing two 
structural responses: the measured one and that the system would have in reference 
(usually healthy) state under the same environmental (temperature) and operational 
(loads) conditions. Given the response in current condition, the computer artificially 
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produces that in reference one after an initial training phase during which the machine 
learns from previous recorded responses how to do so. This concept is summarized in 
the words “machine learning perspective applied to Structural Health Monitoring”, 
which has become an active field of research in civil engineering applications.  

Applying a machine learning perspective to Structural Health Monitoring emphasizes 
the concept of comparison between responses in various conditions. What matters is, 
therefore, the variation in the behaviour of the structure and not the cause of such 
variation. In other words, this kind of damage detection methods would be better 
called novelty detection ones. Indeed, in general, they only reveal an anomalous 
behaviour that is then associated to the presence of damage. However, there are many 
other reasons why a structure could behave in an anomalous way under the same 
operational conditions: one of the most discussed one is the effect of environmental 
conditions.  

Civil engineering structures, such as bridges, are subject to influence by environmental 
conditions variability that can lead to changes in structures properties. Among all 
environmental factors, variation of temperature proved to have the most significant 
impact on structures response (Zhou & Song, 2015): indeed changes in bridges 
properties due to it have shown to be comparable to those due to damage (Xu et al., 
2009). It is therefore of prime importance to distinguish mutations in the structure 
response that can be flagged as damage from those related to changes in environmental 
conditions (Cornwell et al., 1999). 

Coming back to the concepts of pattern recognition and machine learning, a lot of 
model-free techniques use artificial intelligence for detecting damage. The advantage of 
model-free techniques is that there is no need of creating an accurate finite element 
model of the structure. Therefore, instead of using responses recorded on the real 
structure to infer parameters for the model, they can be directly used for the detection, 
thus reducing the computational time and avoiding the difficulties in reliably model 
complex structures as bridges. Moreover, since there exist a lot of different types of 
bridges that can encounter many kinds of damage, classification algorithms with 
unsupervised training seem to be the better answer. Their application reduces, more 
than the computational, the monitoring time and further simplifies the problem by 
deleting the necessity to have data recorded in several damage scenarios. Obviously, 
also disadvantages come from applying such techniques: not having a model of the 
structure and different damage scenarios prevents from always being able to physically 
interpret the cause of the anomalous behaviour. Thus coming back to the necessity of 
separate damage from other possible causes of behaviour far from “normality”.  

One of the possible ways of using artificial intelligence in this field is the 
implementation of a damage detection method that employs Artificial Neural 
Networks (ANN). They are universal approximators able to implicitly find relations 
between given input and output. Providing the ANN with independent variables 
suspected to have big influence on the structure response leads to a reduced searching 
domain of possible causes of anomalous behaviour (this idea is the reason behind the 
current work). Several researches focused on ANN-aided damage detection methods: 
unsupervised neural networks using vibration signatures as damage-sensitive features 
were shown to be able to detect damage also in presence of measurements noise (Young 
& Smith, 2005). The ANN ability of minimizing noise effect, together with incomplete 
data one, was also proved in other works (Mehrjoo et al., 2008). Finally, ANNs were not 
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only used to detect the presence of damage, but also to quantify its severity (Reda Taha 
& Lucero, 2005) leading to a last important topic: damage identification levels.  

Damage-identification methods can be classified as follows (Rytter, 1993): 

• Level 1: Detection of damage; 
• Level 2: Detection and location of damage; 
• Level 3: Detection, location and quantification of the severity of damage; 
• Level 4: Detection, location and quantification of the severity of damage 

together with prediction of the remaining service life of the structure. 

1 . 2  A i m  a n d  s c o p e  

In this context, the aim of this Master Thesis project is to develop and expand by 
taking into account climate conditions, i.e. temperature, an existing (Gonzalez & 
Karoumi, 2015) model-free Damage Detection Algorithm for railway bridges.  
Artificial Neural Networks are used to predict the bridge response to train loads and 
temperature in reference conditions. By adding temperature to the input of the ANN, 
whenever the measured response is far from the predicted one, it is possible to say that 
the cause is damage of the structure instead of changes in environmental conditions.  

The simulated response of a simplified two-dimensional model of a railway bridge, 
Banafjäl Bridge, Sweden, is used to validate the method. The effect of temperature is 
considered affecting the Young modulus of the material the bridge is made of, mainly 
steel, and the structure stiffness due to the change in the axial force that rises from the 
prevented expansion of the bridge between the constrains at the ends.  

Moreover, acceleration time histories due to railway traffic collected on San Michele 
Bridge, Italy, were employed to further test the method in a real scenario. Since the 
original method requested also data about the vehicle crossing the bridge and they 
were not collected during the monitoring of this structure, an algorithm able to extract 
such data from the recorded signals was implemented as well. 

 





 

2   
 
Methodology 

Before explaining in details the steps of the developed method, some limitation and 
assumptions for its use are presented in the following. 

2 . 1  L i m i t a t i o n s  a n d  a s s u m p t i o n s  

The proposed method uses as damage-sensitive features the accelerations (vertical 
and/or lateral) measured at several locations on the bridge during the passage of a 
fixed type of train. It has been chosen to use only passages of vehicles with the same 
configuration (number of wagons and axles location) in order to reduce the variables of 
the problem. Aimed at limiting the monitoring time, the choice of the train 
configuration has to be made based on the most common railway traffic.  

Moreover, the method is developed to detect damage using vibration data collected 
during passages of single trains. Therefore, it can be applied to bridges both for railway 
and combined (railway, road and/or pedestrian) traffic provided that signals are 
recorded when only one train is crossing the bridge. As a consequence, single-track 
bridges are the most suitable. However, this kind of structures is characterized by 
alternate traffic; therefore, in order to simplify and make the health prediction more 
reliable, only signals recorded during passages of trains running in one direction have 
to be used.  

Finally, not only the method can not be applied if two or more trains cross the bridge 
simultaneously, but also signals due to several vehicles crossing the structure at 
different times (consecutive trains) can not be stored in the same file.  

These conditions can be summarized saying that all acceleration signals must 
correspond to train passages characterized by: 

• same train configuration and 
• same running direction 

and that each acceleration time history has to be recorded during the passage of only 
one train. 

Chapter  
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The next section shows data necessary for applying the method and how they can be 
collected in some application scenarios. 

2 . 2  I npu t  da ta  

Assuming to have a set of train passages fulfilling the conditions of the previous section 
and a monitoring system made of ns accelerometers, for each train passage the 
following data have to be collected:  

• train speed (v) assumed to be constant during the passage; 
• position of the first axle of the train (xload,i) computed as in equation (2.1). 

x!"#$,! t! = v ∗ t! = v ∗ i− 1 ∗ 1f ,! (2.1) 

where ti = time, 
i = time step index = 1, 2, …, rows, 
rows = total number of recorded accelerations per sensor for the 
considered train and 
f = sampling frequency of the accelerometers. 

• loads magnitude (Pa with a = 1, 2, …, number of axles), which are constant 
during the passage; 

• air temperature (T) assumed to be constant during the passage and along the 
bridge and 

• acceleration time histories in the ns sensors (accs
i) recorded during the train 

passage. 

It is worth clarifying that the period of time recorded in the accelerations signals have 
to be strictly the one during which the train is actually crossing the bridge. Fig 2.1 
shows what is assumed to be the position of the axles of the train at the beginning and 
ending of the signals. If the train is running in direction 1, at the beginning of the 
passage/signal the first axle is considered to be in section A-A (first point of the 
bridge), while at the ending the last one is considered to be in section B-B (last point of 
the bridge). If the train is running in the opposite direction, at the beginning the first 
axle is in section B-B while at the ending the last one is in section A-A. 
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Fig 2.1: Location of a train running in direction 1 at the beginning (a) and ending 
(b) of its passage on the bridge. [Figure modified after (Gentile & Saisi, 2015)]  

 

When simulating data through a numerical example:  

• running direction and vehicle configuration can be fixed a priori, 
• temperature, speed and loads magnitude can be randomly taken from realistic 

ranges and 
• acceleration time histories can be simulated as explained in section 2.4.1 using 

as loads those of the train axles and simulating real conditions by adding noise. 

When coping with real bridges, it is not easy to collect all the data listed above and 
immediately fulfil conditions of section 2.1:  

• Under the hypothesis of single-track, trains with several numbers of wagons 
cross the same bridge in both directions.  
An initial phase aimed at identifying these variables ad thus dividing the train 
passages in classes is necessary. Sections 2.5.1 and 2.5.2 show how it is possible 
to infer the running direction and the number of train axles having only 
acceleration signals. 

• When present, a Bridge Weight-In-Motion (BWIM) system can record train 
speed and axle loads.  
When absent, the train speed can be inferred from acceleration time histories 
with the procedure of section 2.5.2.1. On the other hand, since each bridge is 
usually crossed by trains composed by fixed types of locomotive and wagons, 
the load per axle can be approximated as the maximum load the 
locomotive/wagon can bear divided by the number of axles per 
locomotive/wagon.  

• Air temperature and accelerations can be recorded by accelerometers and 
thermocouples commonly used in Structural Health Monitoring (SHM) 
problems. 

 
 

Direction 1 

(a) 

(b) 
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• In bridges for combined traffic, the superimposition of road and railway traffics 
makes it difficult to extract signals limited to the actual train passage. In these 
cases, available acceleration time histories are usually longer because they 
include periods of time before and after the actual train passage. For example, 
in the case of San Michele Bridge both the railway and the road traffics are 
alternate. Therefore, available signals had been extracted from one hour long 
recordings in correspondence of minima representing red lights for road traffic 
(Fig 2.2).  
Section 2.5.3 shows how it is possible to cut available signals in order to 
consider only the actual train passage. 
 

 

Fig 2.2: Sample of recorded signal (T=3600 s) with four train passages. [Figure 
modified after (Gentile & Saisi, 2015)] 

 
 

It is now possible to describe the general procedure that the proposed method follows 
to predict the health condition of a bridge. 

2 . 3  P r o c e d u r e  

The method consists of four stages: 

• Stage 1 - Data collection: 
Firstly, data have to be collected during an initial, reference, period in which 
the structure is assumed to be undamaged. Such data are used in the training 
phase (stage 3) during which the algorithm is taught how the bridge behaves in 
reference conditions.  
Another set of data is collected when the bridge health has to be predicted. In 
the latter case the bridge could be damaged or healthy, but, until it is not 
defined (stage 4), its condition will be called “testing condition”. 

• Stage 2 - Pre-processing of recorded accelerations: 
If not given in the first stage, information such as number of axles, running 
direction and train speed are inferred from the acceleration time histories. The 
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most common vehicle, in terms of number of axles, is then identified and only 
signals recorded during its passage are used in the rest of the procedure. 
Moreover, one of the two possible running directions is chosen and trains in the 
opposite one are deleted from the sets of data.  
At the end of this stage, two sets (one in reference and one in testing condition) 
of train passages characterized by same direction and same number of axles are 
available. Each passage is defined by the data requested in section 2.2. 

• Stage 3 - Unsupervised training of Artificial Neural Network (ANN) and 
Gaussian Process: 
In this stage only data recorded during reference period are used.  
How ANN works is explained in details in section 2.6.1. At the end of its 
training, the ANN is able to predict accelerations time histories in a bridge 
section given as input train speed, load magnitude, first axle position, air 
temperature and previous accelerations in the same section.  
From the comparison between predicted and recorded acceleration time 
histories in that section (correspondent to s-th sensor), for each train passage a 
quantity called prediction error (pes) is computed as explained in section 2.6.1.  
Some of the just computed pes are used to train the Gaussian Process as 
explained in section 2.6.2. At the end of this phase, a normal distribution for pes 
(dependent variable) in correspondence of each train speed (independent one) is 
found. The outputs are the mean (μs(v)) and the standard deviation (σs(v)) of 
prediction error as function of train speed.  
At the end of this stage, it is possible to define in the graph pe-v an area limited 
by μs(v)± σs(v). If the bridge is in reference condition and so damage is not 
present, pes should belong to this area. 

• Stage 4 - Health classification:  
In this final stage signals recorded in testing condition are classified as damaged 
or undamaged.  
Based on the results obtained up to this point, a damage index (DI) is computed 
and used to predict the system health as explained in section 2.7. 

Fig 2.3 shows schematically the just presented stages. 

 

Fig 2.3: Schematic of the proposed method. Dashed grey line denotes relations 
active only during the training period, red ones the contribution of this thesis to the 
original method. 
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2 . 4  S t a g e  1  -  D a t a  c o l l e c t i o n  

The damage detection method proposed in this thesis is tested on two case studies: a 
numerical example and a real bridge (San Michele Bridge).  

In the numerical example, acceleration time histories and temperatures during the 
passages have been simulated as shown in section 2.4.1. 

San Michele Bridge, instead, is a good example of the most general real scenario the 
method can be applied to. Section 2.4.2 shows the type of data collected in this case. 

2 . 4 . 1  S i m u l a t e d  r e s p o n s e  o f  a  b e a m  b r i d g e  t o  m o v i n g  
l o a d s  

Considering a discrete mechanical system with n degrees of freedom, the equation of 
motion at every time step (ti) can be written as in (2.2):  

! ∗ !! + ! ∗ !! + ! ∗ !! = !!! (2.2) 

Where !! and !! are the vectors containing, respectively, the generalized components 
of displacement and external force corresponding to the n dofs of the structure at i-th 
time step. !, ! and ! are the mass, stiffness and damping matrices of the system and 
remain constant during the train passage: indeed, both the bridge and the 
environmental conditions are assumed not to vary in that period of time.  

The method used to numerically integrate equation (2.2) is the well-known Newmark-β  
method (Newmark, 1959) and it is illustrated in section 2.4.1.1.  
A finite element model of the structure is employed. The chosen type of elements and 
the corresponding mass and stiffness matrices are defined in section 2.4.1.2.  
The temperature-dependent behaviour of the structure is simulated as in section 
2.4.1.3. Finally, Rayleigh damping (Chopra, 1995) is assumed for the structure and 
explained in section 2.4.1.4. 

2 . 4 . 1 . 1  N e w m a r k - β  m e t h o d  

Such method makes possible to calculate the response of the structure (!!, !! and !!) 
once it is known at the previous time step. Indeed, it expresses the displacement and 
the speed as in (2.3) and (2.4). 

! t!!! = !!!! = !! + ∆t ∗ !! + ∆t! ∗
1
2− β !! + β!!!! ,! (2.3) 

! t!!! = !!!! = !! + ∆t ∗ 1− γ !! + γ!!!! .! (2.4) 

Writing (2.2) for t!!! and replacing (2.3) and (2.4) into it, the only unknown in the 
current time step is !!!!.  
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Indeed, after a few passages, it is possible to write: 

!!!! =
!!!! − ! ∗ !! − ! ∗ ∆t+ ! !! − ∆t ∆t 1

2− β !+ 1− γ ! !!
!+ ! ∗ ∆t ∗ γ+ ! ∗ ∆t! ∗ β .! (2.5) 

Once the acceleration is calculated with (2.5), (2.3)and (2.4) are used to compute !!!! 
and !!!! before proceeding with the following step. Therefore, it is sufficient to know 
displacement, speed and acceleration before the train crosses the bridge (!!, !! and !!) 
in order to be able to calculate the accelerations at each time step. While !! and !! 
can be arbitrarily chosen, !! comes from (2.2) at time 0. 

In this work it has been assumed to apply the so-called Trapezoidal Rule: 

β = 1
4 ;!

γ = 1
2.!

2 . 4 . 1 . 2  F i n i t e  E l e m e n t  M o d e l   

A 2D finite element model of the bridge as in section 3.2 was created. The chosen 
elements are Euler-Bernoulli beam elements with six degrees of freedom each (Fig 2.4).  

 

Fig 2.4: Euler-Bernoulli beam element 

The stiffness matrix of each element (!!) is the sum of two contributions !!! and !!!: 
the first one is the elastic part, while the latter is the geometric one that rises from 
axial loads in slender members (Zhou & Song, 2015). Organizing the degrees of freedom 
as in (2.6), !!! and !!! have the form of (2.7) and (2.8). 

Le 

ϑ1 

v1 
u1 

ϑ2 

v2 
u2 
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!! t! =

u! t!
v! t!
ϑ! t!
u! t!
v! t!
ϑ! t!

! (2.6) 

  

!!!(T) =

E(T)A
L!

0 0 −E(T)AL!
0 0

0 12E(T)I
L!!

6E(T)I
L!!

0 − 12E(T)IL!!
6E(T)I
L!!

0 6E(T)I
L!!

4E(T)I
L!

0 − 6E(T)IL!!
2E(T)I
L!

−E(T)AL!
0 0 E(T)A

L!
0 0

0 − 12E(T)IL!!
− 6E(T)IL!!

0 12E(T)I
L!!

− 6E(T)IL!!

0 6E(T)I
L!!

2E(T)I
L!

0 − 6E(T)IL!!
4E(T)I
L!

! (2.7) 

  

!!!(T) =
N(T)
L!

0 0 0 0 0 0
0 6

5
L!
10 0 − 65

L!
10

0 L!
10

2L!!
15 0 − L!10 − L!

!

30
0 0 0 0 0 0
0 − 65 − L!10 0 6

5 − L!10
0 L!

10 − L!
!

30 0 − L!10 − 2L!
!

15

!

 

(2.8) 

Where A is the cross-sectional area assumed to be constant along the element, I is the 
second moment of inertia of the cross section, E(T) is the temperature-dependent 
Young modulus of the material and N(T) is the temperature-dependent axial force in 
the element. The latters are better presented in section 2.4.1.3. 
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For what concern the mass matrix, 

!! = ρ ∗ A ∗ L!
420

140 0 0 70 0 0
0 156 22L! 0 54 −13L!
0 22 4L!! 0 13 −3L!!
70 0 0 140 0 0
0 54 13L! 0 156 −22L!
0 −13L! −3L!! 0 −22L! 4L!!

.!

 

(2.9) 

The above shown matrices are referred to the single unconstrained element, those that 
appear in (2.2) are the one of the entire bridge after having assembled the model and 
considered the constrains. 

2 . 4 . 1 . 3  T e m p e r a t u r e - d e p e n d e n t  b e h a v i o u r  o f  t h e  s t r u c t u r e  

As can be foreseen from the previous section, the temperature has effects both on the 
material and the structure itself.  

For what concern metals, the temperature-dependent Young modulus (NPL: National 
Physical Laboratory ) can be expressed as follows 

E(T) = E!"°$ 1− α! T− 15°C .! (2.10) 

Where E15°C is the Young modulus of the material at 15°C, αE is the temperature 
coefficient and T is the actual temperature in Celsius. 

Not only steel tends to soften with increasing temperature, it also dilates; therefore, if 
such expansion is prevented by constrains, axial force arises in the structure,  
 

N T = σ ∗ A = ε ∗ E ∗ A = ΔL!
L!

∗ E ∗ A = α! ∗ L! ∗ T− T!"#$%&'!%("#
L!

∗ E ∗ A.! (2.11) 

In (2.11) the Hooke law was applied to pass from the stress σ to the strain ε, which are 
defined as the ratio between the elongation of the element due to variation of 
temperature with respect to the construction one and the original length Le. Such 
elongation is governed by the coefficient of thermal expansion αL. 

In real structures, the elongation of the bridge due to thermal expansion is not 
prevented to avoid excessive stresses in the structure and on the abutments. Instead, in 
the numerical example of this work, it has been assumed to have hinges at both ends of 
the bridge. Such choice makes it less realistic but, for the sake of validating the 
proposed damage detection method, increases the effects temperature has on the 
structure response. 
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2 . 4 . 1 . 4  R a y l e i g h  d a m p i n g  

The dissipation in the structure was modelled as Rayleigh damping avoiding the use of 
additional memory allocation for the damping matrix. Indeed, it is a linear 
combination of the mass and stiffness matrices: 

! = α!!+ β!!! (2.12) 

with 

α! = 2ω!ω!
ω!ξ! − ξ!ω!
ω!
! −ω!

! ,! (2.13) 

β! = 2ω!ξ! −ω!ξ!
ω!
! −ω!

! .! (2.14) 

Where ξ! and ω! are the viscous damping ratio and the frequency for the h-th mode 
respectively. 

In this work it has been assumed the first and second bending modes to have the same 
viscous damping ratio ξ. Thus, 

β! = 2ξ 1
ω! +ω!

,! (2.15) 

α! = β!ω!ω!.! (2.16) 

Therefore, once the mass and stiffness matrices of the entire structure are computed, 
the eigenvalues ω! and ω! can be easily calculated, replaced in (2.15) and (2.16) and 
used in the calculation of the damping matrix through (2.12). 

2 . 4 . 2  D a t a  c o l l e c t e d  o n  r e a l  b r i d g e  

As already mentioned, San Michele Bridge and its monitoring system (sections 4.1 and 
4.2) represent the most general case the method can be applied to.  

Summarizing, the characteristics of a case like this are: 

• Combined road, pedestrian and railway traffic; 
• Single-track railway line and 
• Continuous monitoring system made of thermocouples and accelerometers only. 

Therefore, collected data are only: 

• Air temperatures and  
• Acceleration time histories. 
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No indication of train direction and configuration is given and no BWIM system is 
installed on the bridge. Moreover, acceleration signals are extracted from continuous 
recordings in correspondence of red lights for the road traffic. As a consequence, they 
are not limited to the actual train passage. 

Therefore, in this case, stage 2 is necessary in order to fulfil the limitations of the 
method and collect all the required data but the loads magnitude. Indeed, the axle load 
is assumed to be equal to the maximum load the locomotive/wagon can bear divided 
by the number of axles per locomotive/wagon. Such maximum load is known once the 
type of locomotive/wagon the trains are made of is given. 

2 . 5  S t a g e  2  -  P r e - p r o c e s s i n g  o f  r e c o r d e d  
a c c e l e r a t i o n s  

Assume to have collected in stage 1 data with the characteristics of section 2.4.2. 
Consider, thus, that a certain number of cross sections (ncs) of the bridge have been 
instrumented with only thermocouples and accelerometers (number of accelerometers 
= ns). In general, the number of instrumented sections on the bridge (ncs) and the 
number of sensors (ns) is not the same; indeed, every section can have more than one 
sensor recording different types of accelerations (vertical/lateral) on different sides of 
the bridge (upstream/downstream). This allows speaking about “sensors groups” 
(number of groups = ng) where each one contains all sensors recording the same type of 
acceleration on the same side of the bridge. For example, in the case of San Michele 
Bridge there are three groups of seven accelerometers and each section is instrumented 
in the same way (see section 4.2) except for the thermocouples.  

The procedure to collect the rest of required data is shown in the following sections. 

2 . 5 . 1  R u n n i n g  d i r e c t i o n   

First of all, a running direction has to be assigned to every train passage in order to 
select only passages in one direction. 

Let’s consider for each train passage a matrix structured as shown in equation (2.17) 
containing all the recorded acceleration time histories.  

! = !

acc!!
acc!!
⋮

acc!!
⋮

acc!"#$!

!!!!

acc!!
acc!!
⋮

acc!!
⋮

acc!"#$!

!!!!
⋯
⋱
⋯
!!!

acc!!
acc!!
⋮

acc!!
⋮

acc!"#$!

!!!
⋯
⋱
⋯
!!!!!

acc!!!
acc!!!
⋮

acc!!!
⋮

acc!"#$!!

= A!" = acc!! !! (2.17) 

Where:  s = sensor index = 1, 2, …, ns, 
i = time step index = 1, 2, …, rows and 
rows = total number of recorded accelerations per sensor for the considered 
train. 
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Acceleration time series due to railway traffic recorded at various locations along the 
bridge appear to have similar shapes (Fig 2.5), which is a sign of correlation between 
them: therefore, an estimation of the delay between two of them is possible using the 
Matlab command finddelay(X,Y). It gives an evaluation of the delay of the data array 
Y with respect to the reference one X based on cross-correlation between the two. A 
delay with positive sign states that X is advanced with respect to Y.  
In order to use such function, first of all it is needed to assign a number to each 
instrumented section and call “direction 1” that of a train running from sections with 
lower numbers to those with higher ones. Then it is possible to compute the running 
direction using, for each group of sensors, only the signals recorded in the first (X) and 
last (Y) section. Therefore, the delay can be computed as many times as the amount of 
group of sensors (ng). Since the two signals of each couple are not exactly identical, the 
computed delay is not supposed to be the exact time the first axle of the train took to 
go from the first to the last instrumented section; instead it is an estimation of it. 
Anyways, the accuracy of such estimation is not important in the direction 
computation where only the delay sign is of interest. Since the operation of computing 
the delay is made automatically for all train passages without checking one by one its 
accuracy, only files that give all ng delays with same sign are considered to give reliable 
indication of the train direction and so are used in the method validation.  

 

Fig 2.5: Accelerations recorded in the two extreme sections of a bridge. (Signals 
recorded by the sensors measuring the vertical accelerations on the upstream side of 
San Michele Bridge during the passage of a train the 28/11/2011 at 07.43.) 

Summarizing:  

o Trains whose delays are all positive are saved among the data to be used in the 
method validation for direction 1; 

o Trains whose delays are all negative are saved among the data to be used in the 
method validation for direction 2; 

o Others are not saved. 
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2 . 5 . 2  N u m b e r  o f  a x l e s   

As briefly said before, among available data there are acceleration time series 
associated to railway traffic. However, the time span covered by those accelerations is 
not strictly the period of time the train crossed the bridge; instead, it is the one 
between two consecutive red lights for the road traffic (Gentile & Saisi, 2015). In Fig 2.2 
red rectangles show the way train passages are cut from one hour-long recorded signal 
and thus saved.  

Once the original acceleration time histories are adequately cut (the procedure to do so 
is presented in 2.5.3) in order to consider only the actual train passage, the length of 
the train and its number of axles can be computed as presented hereafter. Considering 
the length of the train (l) as the distance between the first and last axles and calling 
ΔT the duration of the passage, it is possible to write: 

v = L+ l
ΔT ! (2.18) 

Where:  v = train speed assumed constant during the passage; 
L = total bridge length=distance between sections A-A and B-B. 

Therefore, the length of the train can be computed as, 

l = v ∗ ΔT− L.! (2.19) 

In order to determine the train length is then necessary to know its speed. 

2 . 5 . 2 . 1  T r a i n  s p e e d  

The speed of the train can be computed with the aid of the delay between signals. Once 
again, this time interval can be computed ng times, one for every couple of sensors in 
the first and last sections. In this phase the accuracy of the delay estimation is of 
higher importance; therefore, a maximum coefficient of variation (cv,speed,max) is 
employed in the choice of the couples to use in the speed computation.  

Knowing the running direction of the train and the distance between the first and last 
instrumented sections (lfirst_last), it is possible to compute the train speed for every 
couple/group g, 

v! =
l!"#$%!!"#$
delay!

! (2.20) 
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The mean value (μspeed), the standard deviation (σspeed) and the coefficient of variation 
(cv,speed) are defined by means of (2.21), (2.22) and (2.23). 

!!"##$ =
1
no. v!

!

!!!
! (2.21) 

σ!"##$ =
1

no.−1 v! − !!"##$
!

!".

!!!
! (2.22) 

c!,!"##$ =
σ!"##$
!!"##$

∗ 100! (2.23) 

Where no. is the number of groups used in the computation of such values and can go 
from one to ng. 

Calling μspeed,all, σspeed,all and cv,speed,all the values computed with n = ng; the speed value 
is assumed equal to μspeed,all only for trains whose cv,speed,all are lower or equal to 
cv,speed,max. When a higher cv,speed,all is found, the possibility of having one or more 
outliers in the speed distribution is considered: the computation of the speed is 
assumed to be reliable only if the number of outliers is lower than half the maximum 
number of observation/couples (ng).  
Whenever the possible presence of outliers is detected through cv,speed,all > cv,speed,max, 
the following procedure is applied: 

1. For every possible combination of sensors couples/groups the two speed values 
and their mean (μspeed), standard deviation (σspeed) and coefficient of variation 
(cv,speed) are computed. 
 

2. A square symmetric matrix containing cv,speed for all the combinations is filled 
in, 
 

!!,!"##$ =

0 c!,!"##$,!!! c!,!"##$,!!! ⋯ c!,!"##$,!!!!
c!,!"!!",!!! 0 c!,!"##$,!!! ⋯ c!,!"##$,!!!!
c!,!"##$,!!! c!,!"##$,!!! 0 ⋯ c!,!"##$,!!!!

⋮ ⋮ ⋮ ⋯ ⋮
c!,!"##$,!!!! c!,!"##$,!!!! c!,!"##$,!!!! ⋯ 0

.!! (2.24) 

Where cv,speed,h-k is the coefficient of variation computed using only the speed 
values of h-th and k-th group with both h and k that can go from 1 to ng. 

3. A sensors couple is considered to give an outlier in the speed distribution if half 
or more of the combinations in which it is included give cv,speed higher than 
cv,speed,max. In other words, a sensor couple can not be used for the speed 
computation if in its column/row of the matrix in (2.24) there are ng/2 or more 
values higher than cv,speed,max. The idea behind this choice is that a couple with 
such characteristics appeared to give a speed value far from those given by the 
majority of the other couples. 
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4. Once the couples giving outliers are found, they are temporarily deleted and the 
speed of the train is computed as the mean value of the remaining. 

 
5. Finally cv,speed is computed for all the remaining couples using (2.23).  

If it is still un-acceptable, the train passage is not saved among the data to use 
in the method validation. Having a too high cv,speed after the outliers detection 
and elimination procedure of points 1-4 means that the remaining observations 
are still too broadly distributed to give reliable information on the train speed, 
but clear outliers can not be identified. 
Instead, if cv,speed < cv,speed,max, a speed value computed as in equation (2.21) is 
associated to the train passage. Known its speed, the train length can be 
computed with the aid of equation (2.19). 

 
It is worth mentioning that the outliers detection procedure just described is suitable 
for a small number of observation as in San Michele Bridge where ng = 3. Indeed, in 
this case, only one outlier per train is accepted and, as a consequence, a minimum of 
two observations can be used for the speed computation. This allows searching for 
outliers couple by couple as explained above. With a higher number of observations 
this procedure could not be optimal. Anyways, in a damage detection procedure for 
bridges of these dimensions, it is unlikely to have more observations or, in a clearer 
way, to have more than three accelerometers per section. Thus, the described 
procedure can be applied to other monitoring system without big issues. What just said 
holds also for the cutting procedure of section 2.5.3. 
In the case of only one sensor per section, both the direction and the speed 
computation procedure are less reliable since a mistake in the automatic computation 
can not be detected through the comparison with other observations. In such cases it is 
advisable to have separate indication of the speed, the direction and the type of train 
crossing the bridge instead of inferring these quantities from the sole acceleration time 
histories.  

2 . 5 . 2 . 2  L e n g t h  c l u s t e r i n g  

After having computed the length for all the trains running in an arbitrarily chosen 
direction, they are classified based on the number of wagons. Indeed, once the types of 
locomotive and wagons the trains are composed of are known, it is possible to compute 
the length (distance between the first axle of the locomotive and last one of the last 
wagon) the train should have with various numbers of wagons. Then, the Euclidean 
distances between each train length and those of ideal trains with various numbers of 
wagons are computed. Finally each train is assumed to have the same number of 
wagons of the ideal one correspondent to the minimum distance. Once the train 
configuration is known, it is so also the number of axles (four per locomotive/wagon).  
In the end of this phase, to every train has been assigned a certain number of axles. 
The method assumes the train configuration to be fixed for all the used passages; 
therefore, a train type has to be arbitrarily chosen. The suggestion is to choose the 
configuration the majority of the available trains belongs to. 
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2 . 5 . 3  C u t  o f  t h e  s i g n a l s  

One must remember that the train length computation of equation (2.19) requires 
the train passage duration ΔT and the proposed method assumes acceleration time 
histories to be limited to the actual train passage. Therefore, when this condition is 
not fulfilled from the beginning, the signals have to be cut as explained here.  

Before proceeding with the cut procedure description, it is important to show where 
it has been decided to cut the acceleration time histories. In Fig 2.6 solid red lines 
representing the cut positions are placed in correspondence of noticeable and 
durable increasing (for the beginning) and decreasing (for the ending) of the 
acceleration values attributable to the train passage. 
 

 

Fig 2.6: Example of cut signals: (a) accelerations recorded by sensors in the first 
(black) and last (blue) instrumented sections; (b) detail of the signals around the 
beginning of the train passage. Red solid line where the signals should be cut, red dashed 
lines define the area where the cut is considered to be correct. (Signals recorded by the 
sensors measuring the vertical accelerations on the upstream side of San Michele 
Bridge during the passage of a train the 06/03/2012 at 23.11.) 

(a) 

(b) 
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The procedure for cutting the original acceleration time histories stored in the matrix 
A (2.17) is outlined below: 

1. A time interval (Δt) is fixed based on the sample frequency and the total 
duration of the recorded signal. The signal is then divided in nI intervals of 
duration Δt each characterized by beginning (tb,y), mean (tmean,y) and ending 
(te,y) times. 
 

2. For every sensor s the root mean square (RMS) value of the acceleration time 
series is computed over each interval by the aid of (2.25). 

RMS!! =
1
m acc!! !

!∗!

!!!∗!!!!!
! (2.25) 

Where: y = interval index = 1, 2, …, nI; 
m = amount of recorded accelerations during each interval = Δt*f; 
f = sampling frequency. 
 

3. For every group of sensors the signals are cut following three steps: a) 
preliminary cut based on values of RMS averaged over all the sensors of the 
group, b) first check of the cut based on values of RMS for the first and last 
sensors and c) second check of the cut based on the accelerations time histories.  

 
a) First of all, RMS!! are averaged over all the sensors of the g-th group, 

RMS!! =
1
n!"

RMS!!
!!"

!!!!"
,! (2.26) 

where  nsg = number of sensors in the g-th group, 
s1g = number associated to the first sensor of the g-th group. 

 
Using RMS values instead of mean values allows to treat both positive and 
negative acceleration values together; moreover, averaging over a few 
sensors helps reducing or getting rid of outliers in some signals due to 
electrical problems in the sensors.  
 
The preliminary cut is made in two sub-steps: i) aimed at deleting notable 
increasing/decreasing of the acceleration values attributable to heavy traffic 
which can be erroneously recognized as railway one (black rectangles in Fig 
2.7) and ii) aimed at actually cut the signal. 
 

i. Initially the RMS!!(t!"#$,!) is treated with a zero-phase digital 
filter in order to obtain a smoother curve (Fig 2.7b). An nth-order 
low-pass filter with normalized cutoff frequency Wn (2.27) is 
designed using an (n+1)th-point Kaiser window with a default 
parameter of 0.5.  
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W! =
f!
F!/2

! (2.27) 

Where Fc = number of points the function to be filtered is 
computed in = nI.  
  
As clearly highlighted by the black rectangle in Fig 2.7b, 
whenever heavy traffic is present before/after the train passage, 
the filtered curve presents a dip nearby the cut point (the curve 
should be cut in correspondence of the red solid line in Fig 2.7, Fig 
2.8 and Fig 2.9). Therefore a preliminary cut (red dashed line in 
Fig 2.7, Fig 2.8 and Fig 2.9) is made in correspondence of such dip 
that is detected as the point where the filtered curve has the first 
relative minimum before/after ( y!,!"#$%"/!"#$% -th interval) the 
absolute maximum (y!"#.!"#. -th interval). Whenever no heavy 
traffic is present at all or it is overlapped to the railway one (Fig 
2.8), there is no risk to overcut the signal with this preliminary 
cut since dips appear only before/after the train passage, not in 
the middle of it. An exception to what just said is shown in Fig 2.9 
where the filtered curve exhibits a relative minimum during the 
train passage due to short duration of the single signals, which is a 
consequence of the small length of the vehicle crossing the bridge. 
To overcome this problem, a condition on the dip is added: not 
only it has to be the first one before/after the absolute maximum 
of the filtered curve, but also the value of the filtered function in 
this point has to be relatively small. The idea behind this 
condition is that accelerations in the preliminary cut have to be 
the effect of road traffic and not railway one; indeed, the train is 
not supposed to cross the bridge yet. Therefore, a ratio between a 
limit value and the absolute maximum of the curve (rfalse_min) is 
fixed a priori.  
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Fig 2.7: Heavy traffic before and after train passage: (a) accelerations recorded by 
sensors in the first (black) and last (blue) instrumented sections); (b) RMS values 
averaged over the sensors of the group before (black line) and after (blue line) the 
filtering. Red solid line where the signals should be cut, red dashed line where the 
preliminary cut is made. (Signals recorded by the sensors measuring the vertical 
accelerations on the upstream side of San Michele Bridge during the passage of a train 
the 06/03/2012 at 23.11.) 

(a) 

(b) 

Absolute maximum 

First relative minimum before the absolute maximum 
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Fig 2.8: Heavy traffic absent or overlapped to the train passage: (a) accelerations 
recorded by sensors in the first (black) and last (blue) instrumented sections); (b) RMS 
values averaged over the sensors of the group before (black line) and after (blue line) the 
filtering. Red solid line where the signals should be cut, red dashed line where the 
preliminary cut is made.  (Signals recorded by the sensors measuring the vertical 
accelerations on the upstream side of San Michele Bridge during the passage of a train 
the 28/11/2011 at 07.55.) 

(a) 

(b) 
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Fig 2.9: Signals of short duration: (a) accelerations recorded by sensors in the first 
(black) and last (blue) instrumented sections); (b) RMS values averaged over the 
sensors of the group before (black line) and after (blue line) the filtering. Red solid line 
where the signals should be cut, red dashed line where the preliminary cut is made.  
(Signals recorded by the sensors measuring the vertical accelerations on the upstream 
side of San Michele Bridge during the passage of a train the 21/01/2012 at 06.13.) 

(a) 

(b) 
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ii. After the preliminary cut is made, the final cut is done on the 
unfiltered curve in correspondence of the beginning/ending of the 
very steep part of the curve.  
Therefore the slope of the curve is computed with the aid of (2.28) 
starting from the two sides of the curve and moving towards the 
absolute maximum. 

s!! =
RMS!! − RMS!!!!

t!"#$,! − t!"#$,!!!
=
RMS!! − RMS!!!!

Δt ! (2.28) 

Where y = y!,!"#$%"/!"#$% + 1, !y!,!"#$%"/!"#$% + 2, …, y!"#.!"#.! or 
n! − y!"#.!"#. (depending on the considered side). 
 
Few signals among all the available are treated as said up to now 
and the values of the slope in correspondence of the points where 
they should be cut are collected. A slope threshold (smin) for all the 
train passages is then fixed based on these values. 
The cut is made as soon as an interval y!,!"#$%"/!"#$% that fulfils 
(2.29), (2.30), (2.31) and (2.32) is found. 
  

s!!,!"#$%"/!"#$%!!
! ≥ s!"#! (2.29) 

s!!,!"#$%"/!"#$%!!
! ≥ s!"# !∪ s!!,!"#$%"/!"#$%!!

! ≥ s!"#! (2.30) 

s!!,!"#$%"/!"#$%!!
! ≥ s!"# !∪ s!!,!"#$%"/!"#$%!!

! ≥ s!"#! (2.31) 

s!!,!"#$%"/!"#$%!!
! ≥ s!"# !∪ s!!,!"#$%"/!"#$%!!

! ≥ s!"#! (2.32) 

The condition (2.29) is used to identify the interval y!,!"#$%"/!"#$% 
candidate, while the idea behind the other three is that not all the 
intervals of the steep part of the curve have slope values above the 
threshold. Some of them can be below it or also of the opposite 
sign creating a relative maximum in the RMSg curve as in Fig 
2.10. What matter is that, beside such local decreases, the slope 
values in the intervals following the y!,!"#$%"/!"#$%-th one are big 
enough. 



CHAPTER 2: METHODOLOGY 

27 27 

 

Fig 2.10: Local maximum in the RMS values averaged over the sensors of a group. 
Red solid line where the signals should be cut, red dashed line where the preliminary cut 
is made.  (Signals recorded by the sensors measuring the vertical accelerations on the 
upstream side of San Michele Bridge during the passage of a train the 28/11/2011 at 
07.55.)  

 
Since the choice of the slope threshold is based on a small number of train 
passages, it is possible that not all the signals have been cut correctly; 
therefore, it is firstly checked that the considered portion of the signal is not 
too broad (b) and then that it is not too narrow (c). Such verifications can 
not be made on the RMSg curve averaged over all the sensors of the group 
since it is the one used in the cut up to now. Therefore, the original 
acceleration time histories are used in this phase as explained in the 
following.  

 
b) The same procedure explained in paragraph ii is followed to further cut (in 

correspondence of interval y!,!"#$%"/!"#$%) the signal starting from the just 
found cut points. However, this time the slope used is that of the RMS of a 
single signal instead of the one averaged over all those of the group. 
Knowing the running direction of the train, it is clear which one among all 
the sensors has to be used to perfect the cut at the beginning of the train 
passage and which one at the ending. A new threshold value for the slope is 
fixed equal to 1.5 times the one used in paragraph ii. 
This check may seem useless but, instead, is of major importance. Indeed, 
what really determines the beginning/ending of the passage is the first/last 
sensor response. Averaging the RMS could lead to a too broad cut if, for 
example, the intermediate sensors present local increase in the vicinity of 
the cutting points due to electrical problems or other reasons unrelated with 
the actual train passage. 
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c) At this point the risk is having cut the signal too much, so a final check is 
made using, instead of the already exploited RMS, the mean of the absolute 
values of the acceleration in each interval Δt. The idea behind this final 
check is that the values of the accelerations at the beginning and the ending 
of the passage should be of the same magnitude, if one of the two is much 
bigger than the other (more than 50%), it means that the cut on that side 
has been made too much towards the internal part of the signal. Whenever 
a signal shows such anomaly, the cut point is moved until a value 
comparable with that on the other side is reached (in correspondence of 
interval y!,!"#$%"/!"#$%). 

 
At the end of the procedure just described, to every group of sensors are 
associated two time instants in correspondence of the point the signals should be 
cut: t!"#$,!"#$%%$%#! = t!"#$,!!,!"#$%"  and t!"#$,!"#$"%! = t!"#$,!!,!"#$% , where t!"#$,! 
stands for the mean time of the y-th interval. 
 

4. Once again, beginning and ending time are treated as stochastic variables and 
analysed with a procedure similar to that used for the speed computation. In 
this case, instead of the coefficient of variation, the standard deviation is used to 
identify groups to actually use in the cut. A maximum allowed value of the 
standard deviation (σcut,max) for both beginning and ending times is fixed based 
on the chosen Δt and the observation of few acceleration time histories plots. In 
Fig 2.6 red solid lines indicate the beginning and ending of the train passage, 
while the dashed ones are offset of ±σcut,max showing that no big losses in terms 
of data would arise from a cut of the signals with such beginning and ending 
time. 
 
Summarizing, the procedure to follow is: 

i. σcut,beginning,all and σcut,ending,all are computed over the beginning and ending 
mean time of all the groups with the aid of (2.21) and (2.22) (replacing 
the speed with the beginning and ending time). 

ii. The final t!"#$,!"#$%%$%# is computed as the mean values of those of all 
groups only if σcut,beginning,all ≤ σcut,max. Same holds for t!"#$,!"#$"%. 
If such conditions are not fulfilled, two matrices containing the standard 
deviations of all the possible groups combinations are created in the same 
way as for the train speed.  
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!!"#,!"# =

0 σ!"#,!"#,!!! σ!"#,!"#,!!! ⋯ σ!"#,!"#,!!!!
σ!"#,!"#,!!! 0 σ!"#,!"#,!!! ⋯ σ!"#,!"#,!!!!
σ!"#,!"#,!!! σ!"#,!"#,!!! 0 ⋯ σ!"#,!"#,!!!!

⋮ ⋮ ⋮ ⋯ ⋮
σ!"#,!"#,!!!! σ!"#,!"#,!!!! σ!"#,!"#,!!!! ⋯ 0

.!! (2.33) 

!!"#,!"# =

0 σ!"#,!"#,!!! σ!"#,!"#,!!! ⋯ σ!"#,!"#,!!!!
σ!"#,!"#,!!! 0 σ!"#,!"#,!!! ⋯ σ!"#,!"#,!!!!
σ!"#,!"#,!!! σ!"#,!"#,!!! 0 ⋯ σ!"#,!"#,!!!!

⋮ ⋮ ⋮ ⋯ ⋮
σ!"#,!"#,!!!! σ!"#,!"#,!!!! σ!"#,!"#,!!!! ⋯ 0

.! (2.34) 

 
iii. Groups whose standard deviation is not acceptable when coupled with 

half or more of the others are not used in the computation of the 
beginning/ending mean time, which are found as the mean values of the 
remaining.  
 

iv. Only trains whose final standard deviations for both beginning and 
ending mean times are lower than the maximum allowed one are used in 
the method validation. 
 

5. The two time intervals the values tmean,beginning and tmean,ending belong to have to 
be included in the train passage, thus, calling y!"#$%%$%#  and y!"#$"%  the 
corresponding interval indices, it can be written: 
 

t!"#$,!"#$%%$%! = t!"#$,!!"#$%%$%# , 
 

t!"#$%%$%# = t!,!!"#$%%$%#, 
 

t!"#$,!"#$"% = t!"#$,!!"#$"% !and 
 

t!"#$"% = t!,!!"#$"%. 
 

Where t!,! and t!,! stand for beginning and ending time of the y-th interval 
respectively. Therefore, the final number of intervals the signal in divided in can 
be computed as 

n!"#$% = y!"#$"% − y!"#$%%$%# + 1!! (2.35) 

and each signal is made of n accelerations with 

n = n!"#$% ∗m!! (2.36) 

where m=amount of recorded accelerations during each interval. 
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2 . 6  S t a g e  3 - U n s u p e r v i s e d  t r a i n i n g  o f  
A r t i f i c i a l  N e u r a l  N e t w o r k  a n d  G a u s s i a n  
P r o c e s s  

Once all the requested data have been collected and extracted in stages 1 and 2, those 
in reference condition are used to train the Artificial Neural Network (ANN) and the 
Gaussian Process. How the two of them work is explained in sections 2.6.1 and 2.6.2. 

2 . 6 . 1  A r t i f i c i a l  N e u r a l  N e t w o r k s  

The Artificial Neural Networks are universal approximators (Braspenning et al., 1995), 
which means that, through their training, they learn how to approximate whichever 
function just knowing some values (targets) it reaches in correspondence of sets of 
independent variables (input).  

Each network (s)1 is composed of a certain number of layers (NL) made, in turn, of 
units called neurons.  

The layers can be divided as follows:  

• An input layer that receives as input the values of the independent variables 
(!! ) and gives them as output without any change;  

• Typically one (or more) hidden layer that receives as input the output of the 
previous one and uses (2.37) to produce new output; 

• An output layer that works as the hidden one but whose output is the final one 
of the whole ANN (!! ). 

Except for those of the first layer, each neuron (nl) of a layer (l) receives as input the 
output of all the neurons of the previous one (s!,…,!!!!! ) and performs the computation 
of (2.37). 

s!!! = S!! b!!! + w!!!!!!
! ∗!!!!

!!!!!! s!!!!! !! (2.37) 

where:  s!!! = output of nl-th neuron of l-th layer of the s-th network; 
b!!! = nl-th neuron bias; 
w!!!!!!
! = nl-th neuron weight factor associated with nl-1-th neuron of the 

previous layer (l-1) and 
S!! ∙  = sigmoid function 
N!!! = Number of neurons in the l-1 layer 

Therefore, for each layer except for the input one, a number of parameters equal to 
(N! + N! ∗ N!!!) has to be fixed: the first N! are the bias (b!!! ), while the remaining 

                                            
1 Notice that the same index (s) for the sensors has been used since in this work a single network was 
trained for each sensor. 
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N! ∗ N!!!!are the weight factor (w!!!!!!
! ). During the training of the ANN, both the 

input and the final output, better called target in this phase (!! ), are given. Calling ϑs 
the vector containing the unknown parameters, the training of the ANNs allows to find 
sets ϑ*s such that: 

!∗! = argmin!! ANN! !!, !!! − !!! ,∀!data!point!(!!! , !!! ).!! (2.38) 

In other words, the set of parameter chosen in the end of the training phase is that  one 
with which the network estimates the response the best.  

In the current work the output (ANN! !∗!, !! = !!) and the target (!!) are the 
accelerations expected/measured in the sensor location during the train passage 
(between t!"#$%%$%#  and t!"#$"% ) and the input matrix contains temperature, load 
magnitude and position, speed and accelerations preceding the considered time (ti) 
during the train passage.  

!!!or!!! = acc!!"#$%%$%#! , acc!!"#$%%$%#!!"! , acc!!"#$%%$%#!!"#! ,… , acc!!"#$"%! ,! (2.39) 

!! = !!!"#$%%$%#! , !!!"#$%%$%#!!"! , !!!"#$%%$%#!!"#! ,… , !!!"#$"%! !! (2.40) 

Where: !!!!!  is a vector containing the input values at time ti and  
dt = time step = 1/f with f = sampling frequency. 

Once the networks have been trained, the prediction errors in reference conditions are 
computed as follows: 

pe! = !
! y!!! − t!!!

!
!! !! (2.41) 

Of course such errors are expected to be very small because of (2.38). 

In this work, one value of the prediction error can be found for each sensor and each 
train crossing the bridge. As it will be shown in sections 3.5 and 4.4, these errors 
magnitude is dependent on the speed the vehicle crosses the bridge; therefore, the 
distribution the errors form has to be characterized stochastically (Gaussian Process) 
before passing to the last stage. 

2 . 6 . 2  G a u s s i a n  P r o c e s s  

Through a Gaussian process (Rasmussen & Nickisch, 2010) it is possible to find a 
normal distribution for the dependent variable (in this case the prediction error in a 
sensor) in correspondence of each independent one (in this case the train speed). Also 
the Gaussian Process requires a training phase in which couples of independent and 
corresponding dependent variables are given to the algorithm together with the chosen 
types of mean, covariance and likelihood functions and their hyperparameters.  
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In the end of this phase, for each value of speed a mean and a standard deviation for 
the prediction error in a sensor are found.  

pe!~! !! v ,σ!(v) !! (2.42) 

The functions and parameters chosen in this work are presented in Tab. 2.1 and were 
chosen based on the examples in (Rasmussen & Nickisch, 2015). 

Gaussian Process: functions and hyperparameters 

FUNCTION Mean f. Covariance f. Likelihood f. 

TYPE Undefined 
Squared Exponential 

covariance function with 
isotropic distance measure 

Gaussian likelihood 
function for 
regression 

HYPERPARAMETERS - log(ell)=0 log(sf)=0 log(sf)= log(0.1) 

Tab. 2.1: Functions and hyperparameters used in the Gaussian Process. 

Since data used to train the Gaussian process have been collected in reference 
condition, until the latter does not change, the prediction errors computed with any 
train passage are supposed to be in the range !! v ± σ!(v). Errors outside this area 
indicate a change in the bridge condition that can be flagged ad damage. 

2 . 7  S t a g e  4  -  H e a l t h  c l a s s i f i c a t i o n  

At this point, the algorithm is able to predict the response of the bridge in reference 
condition under any environmental (temperature) and operational (train) loads in 
correspondence of each sensor with accuracy (pes).  

As said in the previous section, in reference conditions the prediction errors should be 
limited to fixed ranges found through the Gaussian Process. Therefore, a parameter 
that, at the same time, combines all the sensors prediction errors and quantifies the 
“level of belonging” to that range is computed as in (2.43) and can be called damage 
index (DI). 

DI = !
!!

!!!!!! !
!!(!)! !! (2.43) 

Damage indices computed for train passages in conditions different from the reference 
ones are expected to be higher than those in reference conditions due to the fact that 
prediction errors will be out/at the boundaries of the range !! v ± σ!(v). In this way 
the method works as a novelty detection algorithm where the change in the behaviour 
is associated to damage in the structure. 
Of course, in order to classify the bridge based on its health state, it is not sufficient to 
say that DIs in damage conditions are higher than in healthy ones, a critical threshold 
has to be fixed. Case studies and computer-aided simulations can help in 
understanding the effect of the threshold variability on the detection power.  
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Tools commonly used to organize classifier and visualize their performance are the 
Receiver Operating Characteristics (ROC) curves (Fawcett, 2006). To understand how 
they can be used, it is necessary to introduce the concept of classification model (or 
classifier): it is a model that associate to each instance a class. In this work only two 
classes are considered: healthy and damaged bridge. As an ANN does, a classifier 
predict the class the instance belongs to but this prediction can be imprecise; here 
intervenes the ROC curve by quantifying this imprecision and giving indication of the 
reliability of the classifier prediction.  
Four outcomes are possible when using a discrete classifier (it outputs only a class 
label) and only two classes (p = positive, n = negative) and they are shown in Fig 2.11. 
 

 

Fig 2.11: Possible outcomes of a discrete classification of an instance with only two 
possible classes. [Figure modified after (Fawcett, 2006)]. 

Assuming to have acceleration time histories and temperature recordings both in 
healthy and damaged conditions and to have followed the procedure outlined in this 
chapter up to equation (2.43), two vectors containing damage indices in healthy and 
damaged conditions are available. They form a set of instances with known classes 
(damaged = p, healthy = n). Given a classifier and this set, some performance metrics 
can be computed: 

true!positive!rate = TP = !"#$%$&'#!!"##$!%&'!!"#$$%&%'(
!"#$%!!"#$%$&'# ,!! (2.44) 

false!positive!rate = FP = !"#$%&'"(!!"#$%%&#'()!!"#$$%&%'(
!"#$%!!"#$%&'"( ,! (2.45) 

and plotted in a ROC graph with FP in the X axis and TP in the Y one. A ROC curve 
is the curve obtained in this space when the threshold the classifier uses to map the 
instances is varied (Fig 2.12).  
It is easily understandable that a low threshold would lead to high values of FP and 
TP (top-right area of the graph) because it would often recognize DI as “too high” and 
so the bridge as damaged. On the other hand, a high threshold would lead to low FP 
and TP (bottom-left area of the graph) because of DIs recognized as “too low” and so 
the bridge as healthy. Therefore, what differentiates a classifier from another is the 
shape of the ROC curve between the two just described points (Fig 2.13).  
Of course, the higher the prediction power the better the classifier works. An indicator 
of this power is the area under the curve (AUC) that can assume values in the range 
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(0,1): the higher it is, the more the curve resembles a reversed L and so the more 
precise the classifier is. 
 

 

Fig 2.12: ROC construction. [Figure modified after (Gonzalez & Karoumi, 2015)]. 

 

Fig 2.13: Comparison between classifiers through ROC curve.  

Once it has been proven that the classifier is good enough (AUC > 0.5, curve above the 
diagonal), a threshold has to be fixed in order to apply the method. The choice of this 
value aims at minimizing the costs of false positives, which would lead to unnecessary 
inspections and repairs, and false negatives, which would have much worse 
consequences in terms of life losses in case of collapse due to undetected damage.  

The threshold choice will not be more deeply analysed in this work, instead a last 
important subject to speak about is the reliability of the method over long periods of 
time. Indeed, the developed algorithm evaluates the health of the structure at every 
train passage; however, only one evaluation is not reliable enough, therefore, the 
number of passages used in this final phase can be enlarged arbitrarily to have a more 
reliable answer. Indeed, the Bayesian inference (Box & Tiao , 1992) can be used to 
update the probability of the structure to be damaged starting from an a priori value 
and evaluating the health of the bridge with several train passages.  

  

Prediction 
power 
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Assuming the following notations:  

P(Mj) = a priori probability of event Mj,  
n = number of observations and 
E = (e1,…,en) = sequence of independent and identically distributed observations, 

the conditional/posterior probability of event Mj can be computed as 

P M! ! = ! ! !! ∗! !!
! ! !! ∗! !!!

!! (2.46) 

with 

P ! M! = P(e!|M!)!
!!! .!! (2.47) 

Referring to the mode of operation of the classifier used in this work, Mj is the real 
class the bridge belongs to (“damaged” d or “healthy” h), while the k-th observation is 
the class predicted during the k-th train passage (once again d or h). 

Therefore, the possible combinations are: 

P e! M! =
P d d = TP
P d h = FP

P h d = 1− TP
P h h = 1− FP

!.!! (2.48) 

Summarizing, if n trains are used to classify the bridge health condition and nd result 
in “damaged”, while (n-nd) in “healthy”, given an a priori probability of damage 
(Mj=d) equal to p(d), the posterior one will be: 

P d ! = ! ! ! ∗! !
! ! !! ∗! !!!!!,!

= ! ! ! ∗! !
! ! ! ∗! ! !! ! ! ∗! ! = ! ! ! ∗! !

! ! ! ∗! ! !! ! ! ∗[!!! ! ]!!! (2.49) 

Remembering equations (2.47) and (2.48): 

P d ! = [!"!!∗ !!!" !!!!]∗! !
[!"!!∗ !!!" !!!!]∗! ! ![!"!!∗ !!!" !!!!]∗[!!! ! ].!!! (2.50) 

Therefore, as will be more clearly shown with numerical examples in sections 3.5 and 
4.4, assuming the bridge to be damaged and the method to work properly (nd >> n-nd 
and TP >> FP), the posterior probability of damage will increase heavily by just 
raising of a few units the number of considered train passages. 





 

3   
 
Validation using simulated data: The 
Banafjäl Bridge  

3 . 1   T h e  B a n a f j ä l  B r i d g e  

The Banafjäl Bridge is one of the bridges of the Bothnia line, a higher-speed railway 
line in northern Sweden. It is a single-track bridge that takes its name from the stream 
it crosses, the Banafjälsån, in the area of Örnsköldsvik (Fig 3.1a). After being designed 
by Scandia Consult, its construction was made by Skanska between August 2001 and 
June 2002. It can be classified as a single span beam bridge (Fig 3.1b) with a concrete 
slab of varying thickness (Fig 3.2) supported by two steel beams, each of which is 
divided in three parts with different dimensions as reported in Tab. 3.2. The bridge has 
a radius of curvature of 4000 m; reason why the two beams are referred as “exterior” 
and “interior” ones in Fig 3.2 and Tab. 3.2. 

 

 

Fig 3.1: Banafjäl Bridge : Location (a) and view (b). 

 

Chapter  

(a) 
(b) 
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Fig 3.2: Banafjäl Bridge: Cross section of the slab and the ballast [Figure modified 
after (Gillet, 2010)] 

 

 

Fig 3.3: Banafjäl Bridge: I-beam. [Figure modified after (Gillet, 2010)] 

 

Banafjäl Bridge: Concrete slab dimensions 

Span of the bridge (m) 42 

Width of the concrete slab (mm) 7700 

Thickness of the concrete slab (mm) 250-400 

Tab. 3.1: Banafjäl Bridge: Dimensions of the concrete slab.  
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Banafjäl Bridge: I-beams dimensions 

Beam Part Length 
(mm) 

tu 
(mm) 

bu 
(mm) 

hw 
(mm) 

tw 
(mm) 

t1 
(mm) 

b1 
(mm) 

Exterior 
beam 

1 
(support) 13857 45 900 2415 21 40 950 

2 14300 55 900 2395 17 50 950 

3 
(support) 13857 45 900 2415 21 40 950 

Interior 
beam 

4 
(support) 13843 45 920 2415 21 40 970 

5 14300 55 920 2395 17 50 970 

6 
(support) 13843 45 920 2415 21 40 970 

Tab. 3.2: Banafjäl Bridge: Dimensions of the beams. (Gillet, 2010) 

 

Banafjäl Bridge: Materials 

Material Type Weight density (kN/m3) 

Concrete (slab) K40 (C32/40) 25 

Steel (flanges of the beams) S460M 77 

Steel (webs of the beams) S420M 77 

Ballast - 20 

Tab. 3.3: Banafjäl Bridge : Materials.  
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3 . 2  Fin i t e  e l ement  mode l  o f  t h e  b r i dg e  

Since the aim of this part of the work is not to model the bridge in all its details but 
just to validate the method on the model of a bridge with reasonable dimensions, the 
following simplifications were done: 

• 2D model; 
• Double hinged beam bridge: this is an unrealistic assumption but it has been 

used to increase the temperature effect by preventing structure elongations and 
thus generating an axial force; 

• Straight bridge (no curvature in any plane); 
• I-beams of constant cross section along the bridge; 

For the computation of the cross sectional area and moment of inertia: 

• The concrete slab was modelled as a rectangular cuboid;  
• The two I-beams were assumed to have the same dimensions; 
• The ballast was modelled as a rectangular cuboid. 

Fig 3.4 and Tab. 3.4 show the dimensions used in the computation of the characteristic 
reported in Tab. 3.5. In the same table the mass per unit meter of length can be found. 

For what concern the mesh used in the finite element model, the beam bridge has been 
uniformly divided into 150 Euler-Bernoulli beam elements (Fig 3.5). 

Finally the thermal characteristics of the bridge are reported in Tab. 3.6 and have been 
selected assuming steel as material (E15°C = 210e3 MPa).  
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Fig 3.4:  2D model of Banafjäl Bridge: Simplified cross section. (Gillet, 2010) 

 

2D model of Banafjäl Bridge: Cross section dimensions 

hc (mm) 350 

bc (mm) 7700 

tu (mm) 55 

bu (mm) 910 

tw (mm) 17 

hw (mm) 2395 

t1 (mm) 50 

b1 (mm) 960 

Thickness ballast (mm) 600 

Width ballast (mm) 6900 

Tab. 3.4: 2D model of Banafjäl Bridge: Dimensions of the cross section used for the 
computation of the moment of inertia and the area. (Gillet, 2010) 

 



ELISA KHOURI CHALOUHI 

 42 

2D model of Banafjäl Bridge: Area, moment of inertia and mass per linear 
meter 

Area 
concrete slab 

(m2) 

Area 
ballast 
(m2) 

Area steel 
beams 
(m2) 

Mass per unit 
meter of 
concrete 
(kg/m) 

Mass per unit 
meter of 
ballast 
(kg/m) 

Mass per unit 
meter of steel 

(kg/m) 

Moment 
of 

inertia I 
(m4) 

2.69500 4.14000 0.27753 6868 9019 2179 

0,62 

Total area=A = 7,11253 m2 Mass per unit meter = !! = 18066 kg/m 

Tab. 3.5: 2D model of Banafjäl Bridge: Area, moment of inertia and mass per linear 
meter. 

 
2D model of Banafjäl Bridge: Thermal characteristics 

Temperature during construction (°C) 15 

Coefficient of thermal expansion αL (1/K) 
10.7e-6 

Temperature coefficient for Young modulus αE (1/K) 2.4e-4 

Tab. 3.6: 2D model of Banafjäl Bridge: Thermal characteristics. αL and αE are taken 
from (NPL: National Physical Laboratory ) for steel in the temperature range (-35°C; 
35°C). 

3 . 3  T e m p e r a t u r e  m o d e l  

A random value of temperature was associated to every train passage produced as 
explained in section 2.4.1. Since during the year some values of temperatures are more 
common than others, temperatures could not be taken from a fixed range with uniform 
probability distribution; instead, an ad hoc one was created fitting data about typical 
values of temperature in Bromma, Sweden. Once again, the aim of this part of the 
work was not to model the behaviour of Banafjäl Bridge but to generate realistic data 
about train passages. Therefore, the use of the available temperature values typical of 
Bromma instead of the area of Örnsköldsvik, where the bridge is actually located, did 
not affect the reliability of the method validation. Indeed, generating data with such 
temperature values corresponds to assuming the trains to cross a bridge of geometric 
characteristics similar to those of Banafjäl Bridge located in Bromma. 
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3 . 4  A s s u m p t i o n s  

Two conditions of the structure were considered: 

• Healthy: all elements characterized by stiffness as in (2.10) 
• Damaged: all elements characterized by stiffness as in (2.10) but for number 90 

(case with only one damaged element) or 88-89-90-91-92 (case with 5 damaged 
elements) whose stiffness was reduced of the 30% (Fig 3.5). 

Part of data from the first class (Tab. 3.7) were used for training the ANN and the 
Gaussian Process while the rest and those of the second one (Tab. 3.8) were employed 
in the testing phase. 

For what concern the trains crossing the bridge, they resemble a single locomotive with 
characteristic as in Tab. 3.9, while the characteristics of the ANN can be found in Tab. 
3.10. 

Finally, accelerations are assumed to be recorded with a sampling frequency of 300 Hz 
by 4 sensors place in correspondence of nodes 30, 50, 75 and 115 (Fig 3.5). An artificial 
white noise of 0 mean and 0.5 mg is used to corrupt the accelerations performed with 
Newmark’s beta method assuming : 

• Rayleigh damping with viscous damping ratio of 5 % for the first and second 
modes; 

• Zero initial displacements and speeds in correspondence of the sensors; 
• Zero initial loads (point loads, one for each train axle). 

2D model of Banafjäl Bridge: Data in healthy condition 

Number of simulated train passages 600 

Number of train passages used for training the ANN 300 or 400 depending on the 
scenario 

Number of train passages used for training the Gaussian Process 100  

Number of train passages used in the comparison with data in damaged 
condition 

200  

Tab. 3.7: 2D model of Banafjäl Bridge: Data in healthy condition used in the 
training stage of the method. 
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2D model of Banafjäl Bridge: Data in damaged condition 

Number of simulated train passages 300 

Number of train passages used for testing the method 200  

Tab. 3.8: 2D model of Banafjäl Bridge: Data in damaged condition used in the 
testing stage of the method. 

 

2D model of Banafjäl Bridge: Trains characteristics   

Number of axles per train 4 (1 locomotive) 

Axle configuration Distance of each axle from the first one = [0 2 5 7]m 

Load per axle Randomly chosen from the range 10-12 tons assuming uniform 
probability distribution and with an error of 5% 

Speed of the train Randomly chosen from the range 20-23 m/s assuming uniform 
probability distribution 

Tab. 3.9: 2D model of Banafjäl Bridge: Characteristics of the trains used for 
validating the method. 

 

2D model of Banafjäl Bridge: ANN characteristics   

Number of layers 3 (one hidden layer) 

Number of neurons per layer 30-50 

Number of epochs 1000 

Training ratio  70 % 

Validation ratio  15 % 

Testing ratio  15 % 

Tab. 3.10: 2D model of Banafjäl Bridge: Characteristics of the ANN used for 
validating the method. 
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Fig 3.5: 2D model of Banafjäl Bridge: Schematic illustration of the FEM model. 
Blue squares and red crosses in correspondence of instrumented sections (sensor 1 at 
node 30, 2 at 50, 3 at 75 and 4 at 115) and damaged elements respectively. 

3 . 5  Resu l t s  and  c omment s  

Several scenarios were analysed: 

2D model of Banafjäl Bridge: Scenarios 

Scenario 
Fixed 

temperature 
(15°C) 

Random 
temperature 

Damaged 
elements 

Neurons per 
ANN layer 

Trains used in 
the ANN 
training 

A ✖ ✔ 90 30 300 

B ✔ ✖ 90 30 300 

C ✔ ✖ 88-89-90-91-92 30 300 

D ✖ ✔ 88-89-90-91-92 30 300 

E ✖ ✔ 88-89-90-91-92 50 300 

F ✖ ✔ 88-89-90-91-92 30 400 

Tab. 3.11: 2D model of Banafjäl Bridge: Analysed scenarios. 

It has to be noticed that assigning the same value of temperature to all generated train 
passages both in healthy and damaged conditions corresponds to remove the 
temperature from the input of the ANN and to come back to the original method 
(Gonzalez & Karoumi, 2015).  
Moreover, choosing 15°C as fixed value, all temperature effects on the structure are 
deleted, indeed: 

• The Young modulus is constant for all train passages since, as shown in 
equation (2.10), the used reference value corresponds to a temperature of 15°C. 

• No axial force rises from the prevented elongation of the structure since the air 
temperature and the construction one have the same value (15°C). 

For the sake of brevity, only some of the plots are shown here, the complete series can 
be found in Appendix A. 
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For what concern Scenarios A and B, since no great differences are detectable between 
plots referring to different sensors, only those of sensor 3, the closest to the damaged 
elements (Fig 3.5), will be shown. 

Fig 3.6 shows prediction errors (pe) plotted in ascending order against the number of 
trains in all sensors. No clear separation between the curves in healthy and damaged 
conditions is noticeable, which gives an indication of the fact that damage is not 
properly detected. However, the gradual transition of the markers colour from light 
blue to yellow in Fig 3.6b is an indicator of the strong dependence of the prediction 
error on the train speed. The same can’t be said for the dependence on temperature 
(Fig 3.6a), reason why only the speed has been used as independent variable in the 
Gaussian Process. Indeed, in Fig 3.7 is clear how plotting prediction errors against 
temperature makes the distribution much more widespread and with a less clear trend 
than it is when plotted against speed. However, it has to be noticed that for very low 
temperature (lower than 5°C) prediction errors in both health conditions clearly 
increase. From now on all pe-temperature plots will not be shown since changing 
scenario does not affect the correlation degrees, as can be seen from Appendix A. 
Coming back to the detection problem, Fig 3.8 and Fig 3.9 confirm the impossibility of 
detecting the damage with good accuracy: indeed the DIs has the same magnitude and 
dispersion in healthy and damaged condition, while for what concern the ROC curve it 
is almost diagonal, which leads to a probability of false positive (FP) as big as that of 
true positive (TP). Such results could make one think that adding the temperature to 
the input of the ANN prevents the algorithm from detecting the damage; to verify this 
hypothesis Scenario B, which resembles that used to validate the original method 
(Gonzalez & Karoumi, 2015), was analysed. It is worth pointing at the fact that the 
original algorithm was successfully tested on the model of a bridge with 5/30 elements 
with reduced stiffness. In that method the temperature was not present among the 
input of the ANN. 

Fig 3.10, Fig 3.11, Fig 3.12 and Fig 3.13 show a feeble improvement in the detection 
ability; however, results are not as promising as expected basing on (Gonzalez & 
Karoumi, 2015). Therefore, it can be concluded that the addition of the temperature is 
not the cause of the missed detection; instead, what differentiates scenario B from that 
used in the original algorithm, and so the possible cause of such different results, is the 
extension of the damage. For this reason, all the other studied scenarios are 
characterised by 5 damaged elements over 150 instead of 1 over 150 in order to 
replicate the original case where 1 element over 30 had reduced stiffness. 

Scenario C is the more similar to that used in the original algorithm; therefore, results 
are expected to be almost the same. In this case results differ from sensor to sensor but, 
since it will be shown in other scenarios considering also the temperature variability, 
once again only those obtained for sensor 3 will be displayed. Fig 3.14, Fig 3.15, Fig 
3.16 and Fig 3.17 show how, fixing the temperature, not only the damage can be easily 
detected (Fig 3.14: curves clearly separated, Fig 3.15: pe-speed in damaged condition 
with almost same shape as in healthy one but with much higher values, i.e. majority 
out of the grey area, Fig 3.16: DIs in damage condition more widespread and of greater 
magnitude than in healthy one), but also the probability of false positive is negligible 
with respect to that of true positive. Indeed, in this case the AUC is equal to 0.9838 
and the FP probability associated to 90% TP one is only 3.5%, which is not far from to 
the 6% obtained in (Gonzalez & Karoumi, 2015).  
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Once it has been verified that the method works for scenario C, the temperature 
variability is added and scenario D is analysed. It can be immediately noticed that the 
healthy and damaged points of Fig 3.18 and Fig 3.20 are no more as separated as in the 
previous scenario; however, Fig 3.19 shows a quite clear division between prediction 
errors in the two stages. For this reason, from now on plots of the prediction errors in 
ascending order and of the DIs will not be shown anymore as less telling than those of 
prediction errors as function of speed and ROC curve. Moreover, from Fig 3.19 one can 
notice that the distance of prediction errors in damaged condition from the mean value 
in healthy one increases with speed (as could have been inferred also from Fig 3.15), 
which means that, in order to have a more evident indicator of damage, trains running 
at higher speeds should be used after the training phase. In other words, when applying 
this damage detection algorithm, it is desirable to train both the ANN and the 
Gaussian Process with trains running at several speeds and use others with higher 
speed as possible to detect the potential presence of damage. Finally, the ROC curve 
(Fig 3.21) in this case shows a shape more similar to the desirable L-reversed one than 
that with less extended damage (Fig 3.9), but not as promising as that without 
variability of temperature (Fig 3.17); indeed, here the AUC is only equal to 0.6983. 
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Fig 3.6: 2D model of Banafjäl Bridge/Scenario A: Prediction errors in ascending 
order for sensor 3. Two markers with the same colour indicate two train passages 
characterized by the same temperature (a) or speed (b). 

(a) 

(b) 
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Fig 3.7: 2D model of Banafjäl Bridge/Scenario A: Prediction errors (pe) for sensor 
3 plotted against temperature (a) and speed (b). The passages marked with + were use 
to train the Gaussian Process. The black thick line indicates the mean values of the pe, 
while the grey zone has the dimension of two standard deviations.  

(a) 

(b) 
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Fig 3.8: 2D model of Banafjäl Bridge/Scenario A: Damage indices computed on 
sensors 1-4 in healthy and damaged conditions. 

 

Fig 3.9: 2D model of Banafjäl Bridge/Scenario A: Receiver Operator Curve based 
on the results of Fig 3.8. 
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Fig 3.10: 2D model of Banafjäl Bridge/Scenario B: Prediction errors in ascending 
order for sensor 3. Two markers with the same colour indicate two train passages 
characterized by the same speed. 

 

Fig 3.11: 2D model of Banafjäl Bridge/Scenario B: Prediction errors (pe) for sensor 
3 plotted against speed. The passages marked with + were use to train the Gaussian 
Process. The black thick line indicates the mean values of the pe, while the grey zone 
has the dimension of two standard deviations. 
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Fig 3.12: 2D model of Banafjäl Bridge/Scenario B: Damage indices computed on 
sensors 1-4 in healthy and damaged conditions. 

 

Fig 3.13: 2D model of Banafjäl Bridge/Scenario B: Receiver Operator Curve based 
on the results of Fig 3.12. 
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Fig 3.14: 2D model of Banafjäl Bridge/Scenario C: Prediction errors in ascending 
order for sensor 3. Two markers with the same colour indicate two train passages 
characterized by the same speed. 

 

Fig 3.15: 2D model of Banafjäl Bridge/Scenario C: Prediction errors (pe) for sensor 
3 plotted against speed. The passages marked with + were use to train the Gaussian 
Process. The black thick line indicates the mean values of the pe, while the grey zone 
has the dimension of two standard deviations. 
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Fig 3.16: 2D model of Banafjäl Bridge/Scenario C: Damage indices computed on 
sensors 1-4 in healthy and damaged conditions. 

 

Fig 3.17: 2D model of Banafjäl Bridge/Scenario C: Receiver Operator Curve based 
on the results of Fig 3.16. 
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Fig 3.18: 2D model of Banafjäl Bridge/Scenario D: Prediction errors in ascending 
order for sensor 3. Two markers with the same colour indicate two train passages 
characterized by the same speed. 

 

Fig 3.19: 2D model of Banafjäl Bridge/Scenario D: Prediction errors (pe) for sensor 
3 plotted against speed. The passages marked with + were use to train the Gaussian 
Process. The black thick line indicates the mean values of the pe, while the grey zone 
has the dimension of two standard deviations. 
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Fig 3.20: 2D model of Banafjäl Bridge/Scenario D: Damage indices computed on 
sensors 1-4 in healthy and damaged conditions. 

 

Fig 3.21: 2D model of Banafjäl Bridge/Scenario D: Receiver Operator Curve based 
on the results of Fig 3.20. 
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Once it has been proven that the method is able to detect damage under variable 
environmental conditions provided its extension to be “sufficient” (Fig 3.22), the last 
two scenarios were analysed in order to find out if the accuracy of the detection could 
be improved by changing parameters as the number of neurons per ANN layer or the 
number of train passages used in the training phase.  
Tab. 3.12 and Fig 3.23 show that the accuracy of the detection increases both with the 
neurons number and the training data; it can, therefore, be expected a further 
improvement if both values are increased at the same time.  

Focusing now on scenario F, which, based on Tab. 3.12, gives the most reliable results 
for the chosen TP probabilities, an example of what could happen during a monitoring 
is schematically illustrated in Tab. 3.13. Starting from an a priori probability of 
damage of 1e-6 and evaluating 30 train passages, if the TP probability is set at 70% 
and 24/30 of the passages result in a damage classification of the bridge, then the 
posterior probability of damage in the structure is 99.8%; one is then almost 100% sure 
the damage is present. If only 20 passages would have been considered and 19/20 
flagged as damage, the probability would have been slightly lower (91.6%). 
As clearly shown in Tab. 3.13, raising the TP value (for example to 90%) does not 
always increase the posterior probability since it is strongly related to the associated 
false positive (FP) one. Therefore, in choosing the DI threshold, also trials as those in 
Tab. 3.13 have to be done. 

Finally, it can be proven that the damage-identification method proposed in this work 
is of level 2, i.e. it is able to give an indication of the location of damage in the 
structure. Indeed, Fig 3.24 and Fig 3.25 show a less pronounced separation between 
prediction errors in healthy and damaged conditions for sensors 1 and 2 than for 3 and 
4. This happens because damaged elements are located exactly between the latters (Fig 
3.5). 
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Fig 3.22: 2D model of Banafjäl Bridge: Comparison between Receiver Operator 
Curves referred to the bridge with different numbers of damaged elements. 

 
2D model of Banafjäl Bridge: ROC characteristic values 

Scenario AUC False positive probability associated 
to 70% true positive one 

False positive probability 
associated to 90% true positive one 

D 0.6983 38.5 81.5 

E 0.7525 28.5 74.0 

F 0.7635 28.5 52 

Tab. 3.12: 2D model of Banafjäl Bridge: ROC characteristic values. 

 

1 damaged element 

5 damaged elements 

1 damaged element 

5 damaged elements 
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Fig 3.23: 2D model of Banafjäl Bridge: Comparison between Receiver Operator 
Curves referred to the bridge in the same conditions but with different ANN parameters 
(number of neurons per layer and number of train passages used in the training phase). 

 
2D model of Banafjäl Bridge: Bayesian inference-scenario F 

A priori 
probability of 

damage 

TP 
probability 

(%) 

FP 
probability 

(%) 

Train passages 
resulting in 

damaged condition 

Train passages 
resulting in 

healthy condition 

A posteriori 
probability of 
damage (%) 

10-6 

90 52 
19 1 0.7 

26 4 0.3 

70 28.5 

19 1 91.6 

26 4 99.8 

Tab. 3.13: 2D model of Banafjäl Bridge/Scenario F: Probability of damage computed 
through Bayesian inference. TP stands for True Positive while FP for False Positive. 
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Fig 3.24: 2D model of Banafjäl Bridge/Scenario E: Prediction errors (pe) for sensor 
1 (a) and 2 (b) plotted against speed. The passages marked with + were use to train 
the Gaussian Process. The black thick line indicates the mean values of the pe, while 
the grey zone has the dimension of two standard deviations. 

(a) 

(b) 
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Fig 3.25: 2D model of Banafjäl Bridge/Scenario E: Prediction errors (pe) for sensor 
3 (a) and 4 (b) plotted against speed. The passages marked with + were use to train the 
Gaussian Process. The black thick line indicates the mean values of the pe, while the 
grey zone has the dimension of two standard deviations.

(a) 

(b) 





 

4   
 
Validation using real data: The San 
Michele Bridge 

4 . 1  T h e  S a n  M i c h e l e  B r i d g e  

The San Michele Bridge, also known as Paderno Bridge, was designed in 1886 by the 
Swiss engineer Julius Röthlisberger (1851–1911), its construction was completed on 
March 1889 and it was opened to traffic on 20 May 1889 (SNOS, 1889; Nascè et al. 
1984). It links two small towns (Paderno and Calusco d’Adda) not far from Milan (Fig 
4.1a). The bridge consists of a main parabolic arch that supports four piers, which in 
turn, together with other three piers erected from masonry basements, sustain a truss 
box girder. The latter supports two slabs for pedestrian and alternate road traffic 
(upper one) and for a single-track railway line (lower one) (Fig 4.1b). 

 

Fig 4.1: San Michele Bridge: Location (a) and view of the combined road and 
railway traffic (b). 

  

(a) (b) 

Chapter  
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The geometric characteristics of the bridge can be found in Tab. 4.1 and Fig 4.2. 

San Michele Bridge: Geometric characteristics 

Span of the arch (m) 150.00 

Rise of the arch (m) 37.50 

Depth of the arch cross-section at crown (m) 4.00 

Depth of the arch cross-section at springing (m) 8.00 

Width of the arch cross-section at crown (m) 5.00 

Width of the arch cross-section at springing (m) 16.35 

Span of the truss box girder (m) 266.00 

Number of bearings of the truss box girder 9 

Distance between bearings (m) 33.25 

Height of the girder vertical trusses (m) 6.25 

Width of the girder vertical trusses (m) 5.00 

Height of the box girder above the water level (m) ≈80.00 

Tab. 4.1: San Michele Bridge: Geometric characteristics. 

 

Fig 4.2: San Michele Bridge: Elevation, plan and cross-section (dimensions in m). 
[Figure modified after (Gentile & Saisi, 2015).] 

8.20 
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The bridge material can be classified as “wrought iron” according to the international 
classification of Philadelphia (1876); moreover it shows a stratified structure along the 
rolling plane (Fig 4.3) and several non-metallurgic inclusions. The material 
characteristics can be found in Tab. 4.2. 

 

Fig 4.3: San Michele Bridge: 
Sample of wrought iron. (Gentile 
& Saisi, 2011) 

During the bridge lifetime, several structural members underwent damage and were 
partially or totally replaced. The last intervention was carried out in the early 1990s: 
together with the replacement of damaged structural members and the stiffening of the 
truss box girder, the structural elements were re-painted after sand-blasting.  
The general state of preservation of the structure is rather poor: many structural parts, 
especially in the vicinity of the crown of the arch, are damaged by corrosion (Fig 4.4). 
Such diffused damage is conceivably determined by several factors such as aging of the 
material, non-regular and poorly performed maintenance and bad design choices (i.e. 
shorter spacing of the rivets would have reduced the penetration of moisture between 
the iron plates which caused deformations of the latters due to formation of rust). The 
worse conditions in the crown area are attributable to the uneven coat of the 
protection painting carried out during the last documented intervention. 

 

Fig 4.4: San Michele Bridge: Examples of structural elements damaged by 
corrosion. (Gentile & Saisi, 2015) 

San Michele Bridge: Material 

Yield strength (MPa) > 240 

Tensile strength (MPa) < 300 

Elongation 4%-12% 

Tab. 4.2: San Michele San Bridge: material 
characteristics. 
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4 . 2  M o n i t o r i n g  s y s t e m  

A continuous dynamic monitoring system was installed on the railway deck and was 
active from 28 November 2011 to 30 May 2014. The seven cross-section of the bridge in 
correspondence of the bearings of the truss-box girder (Fig 4.5b) were instrumented 
with three MEMS accelerometers with sampling frequency of 200 Hz and one NI 
Ethernet DAQ unit each. In section 2 and 6 (Fig 4.5a) also two thermocouples were 
installed on the upstream and downstream sides respectively in order to measure the 
air temperature in vicinity of the structure. Each DAQ unit was contained in a steel 
box placed between the rails (Fig 4.6) and acquired data about the vertical 
accelerations on the upstream/downstream sides and the lateral one from the three 
accelerometers (Fig 4.5c). In those sections where a thermocouple was installed, the 
DAQ unit served it too. The monitoring system consisted also of two switch devices 
collecting the Ethernet cables from the seven instrumented sections (Fig 4.5a) and 
performing an analog-to-digital conversion of the signals. Digitalized data were then 
transmitted to an industrial PC on site where they were stored in the form of a binary 
file containing acceleration time series sampled at a frequency of 200 Hz and 
temperature data for an hour of recording. Once these data were sent to Politecnico di 
Milano, acceleration time series associated to railway traffic were automatically 
identified, extracted and stored (Gentile & Saisi, 2015).  

 

Fig 4.5: San Michele Bridge: Layout of the installed continuous dynamic 
monitoring system. [Figure modified after (Gentile & Saisi, 2015)] 

 

Sections 

1 2 3 4 5 6 7 

(a) 

(b) 

(c) 
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Fig 4.6: San Michele Bridge: Data acquisition module (DAQ). [Figure modified 
after (Gentile & Saisi, 2015)] 

4 . 3  A s s u m p t i o n s  

In order to test the developed method, acceleration time series recorded in two 
different stages of preservation of the structure were necessary. While in the previous 
study case (chapter 3) it was possible to distinguish between healthy and damaged 
conditions; here, during all the monitored period, the structural elements of the bridge 
were heavily damaged by corrosion. However, a further localized deterioration took 
place in the crown of the arch. It seems to happen during the first two weeks of 
February 2012 due to unusually low temperatures (Fig 4.7), which could have lead to 
tension stresses in one of the two arches. They could have damaged the structure in 
this area because of the worse conditions of the crown area with respect to others. The 
effects of such deterioration revealed themselves gradually reaching a peak in the end 
of April 2012. This is clearly shown in (Cabboi, Gentile, & Saisi, 2014), where structural 
anomalies were detected based on mode shape variation in terms of Modal Assurance 
Criterion (MAC) and Mean Phase Deviation (MPD) (Proulx, 2011). Fig 4.8 shows the 
evolution in time of the MAC and MPD of modes 1 and 5: as previously mentioned, the 
latter exhibits a clear decrease of both values in the end of April 2012. Therefore, data 
used for the test of the proposed damage detection method were those recorded in the 
periods 2011/11/28-2012/01/31 and 2012/05/01-2012/09/30.  
In future applications of this damage detection algorithm to real structures the user is 
expected to collect data for training in healthy (or, as in this case, partially damaged) 
condition and then use the trained ANN to predict accelerations in damaged (or more 
damaged with respect to the previous phase) one. In this way, what is supposed to be 
detected is the worsening of the structure condition. However, in general the method is 
able to recognize any kind of change in the structure behaviour, not only those related 
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to deterioration. Therefore, for the sake of testing the algorithm, since the training of 
the ANN needs a quite large number of train passages and the period 2012/05/01-
2012/09/30 is much longer than 2011/11/28-2012/01/31, data recorded after the 
deterioration of bridge conditions were used for the training of the ANN and the 
Gaussian process. In other words, for this case study, there is a role reversal of 
“healthy” and “damaged” conditions. To avoid misunderstanding, from now on 
instead of healthy and damaged conditions there will be reference and testing 
conditions. 
Moreover, as shown in Fig 4.9, the modal frequencies of the bridge bending modes 
increased anomalously during the first two weeks of February 2012 and between 
December 2012 and February 2013. It is conceivably associable to the snowfalls and 
low temperatures (Fig 4.7) that characterized those periods and led to the formation of 
ice on the structural elements. Such behaviour is temporary and lies outside normality, 
therefore, train passages characterized by temperature lower than 3°C were not used 
in the validation of the method. 

 

Fig 4.7: San Michele Bridge: Temperature measured between 28 November 2011 
and 16 April 2014. 
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Fig 4.8: San Michele Bridge: Evolution in time of the MAC and MPD of modes 1 
and 5. [Figure modified after (Cabboi, Gentile, & Saisi, 2014)] 
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Fig 4.9: San Michele Bridge: Time evolution of the natural frequencies of 
transversal bending modes. [Figure modified after (Gentile & Saisi, 2015)] 

In order to reduce computation time, only sensors from 1 to 7 (vertical accelerations on 
the upstream side of the bridge) and from 15 to 21 (lateral accelerations) were 
employed in the validation of the proposed damage detection method.  
Moreover, after being cut as explained in section 2.5.3, signals were decimated to 
further reduce the computation time. The automatic decimation process carried out by 
Matlab used a lowpass Chebyshev Type I IIR filter of order 8 before reducing the 
sampling frequency from 200 Hz to 40 Hz. 

All other parameters to be fixed in order to apply the method can be found in Tab. 4.3, 
Tab. 4.4, Tab. 4.5, Tab. 4.6 and Tab. 4.7. 

 
San Michele Bridge: Data in reference condition 

(recorded between 2012/05/01 and 2012/09/30) 
Number of available train passages 436 

Number of train passages used for training the ANN 300 (from 1 to 300) 

Number of train passages used for training the Gaussian Process 100 (from 1 to 100) 

Number of train passages used in the comparison with data in testing 
condition 

100 (from 301 to 400) 

Tab. 4.3: San Michele Bridge: Data used in the training stage of the method. 
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San Michele Bridge: Data in testing condition 
(recorded between 2011/11/28 and 2012/01/31) 

Number of available train passages 129 

Number of train passages used for testing the method 100 (from 1 to 100) 

Tab. 4.4: San Michele Bridge: Data used in the testing stage of the method. 

 

San Michele Bridge: Trains characteristics   

Type of locomotive E 464 N 

Total weight of the locomotive 72 tons (equally divided between the four axles) 

Total weight of one wagon 40 tons (equally divided between the four axles) 

Number of axles per train 24 (1 locomotive+5 wagons, 4 axles per unit) 

Trains running direction From Paderno to Calusco d’Adda (direction 1) 

Tab. 4.5: San Michele Bridge: Characteristics of the trains used for validating the 
method. 

 
San Michele Bridge: ANN characteristics  

Number of layers 3 (one hidden layer) 

Number of neurons per layer 30 

Number of epochs 1000 

Training ratio  70 % 

Validation ratio  15 % 

Testing ratio  15 % 

Tab. 4.6: San Michele Bridge: Characteristics of the ANN used for validating the 
method.  
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San Michele Bridge: Signal analysis parameters  

Number of sections ncs 7 

Number of sensors ns 21 

Number of sensors groups ng 3 

Maximum coefficient of variation for the speed cv,speed,max 10 % 

Time interval Δt  1 s 

Filter order n  10 

Low-pass frequency fc 1 Hz 

rfalse_min 50 % 

Slope threshold smin 0.002 

Maximum allowed value of the standard deviation σcut,max 2 Δt = 2 s 

Tab. 4.7: San Michele Bridge: Signal analysis parameters. 

4 . 4  Resu l t s  and  c omment s  

In the following, only results obtained on some sensors will be shown, the complete 
series can be found in Appendix B. Damage is known to be localized in the crown of the 
arch, namely between sections number 3 and 4 (Fig 4.5); therefore, sensors chosen to 
be shown in this chapter are those located in such sections and those with the greatest 
distance from them in order to compare results. Indeed, as shown in the previous study 
case, the damage is expected to be more easily detected using signals recorded in its 
proximity. Moreover, information given by vertical and lateral accelerations doesn’t 
have great differences; therefore, only results about vertical ones (sensors 1-7) are 
shown here. 

Fig 4.10, Fig 4.11 and Fig 4.12 show prediction errors plotted in ascending order 
against the number of trains in sensors 1, 3 and 4 respectively. The curves obtained in 
damaged and healthy conditions appear to be clearly separated, especially in sensors 3 
where they never cross each other in the way that happens in sensors 1 for very 
low/high prediction errors.  

Once again no clear colour separation is detectable in plots where the prediction error 
is correlated to temperature (Fig 4.10a, Fig 4.11a and Fig 4.12a); indeed, as confirmed 
by Fig 4.13, Fig 4.14 and Fig 4.15, prediction errors in both stages are not strongly 
dependent on temperature. As Fig 4.13, Fig 4.14 and Fig 4.15 clearly show, the ranges 
of temperatures considered in reference and testing conditions are different. However, 
this does not represent a problem in the method application since it has been 
demonstrated that prediction errors do not strongly depend on temperature. In turn, 
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also the damage index, which is computed based on prediction errors, is not 
temperature-sensitive.  

For what concern the dependence on speed, it is not as marked as in the previous case 
study. However, the Gaussian Process was trained with train speed as independent 
variable both because Fig 4.10b, Fig 4.11b and Fig 4.12b hint at a higher concentration 
of cool colours for low prediction errors and because it is expected from the previous 
study case a good degree of correlation between prediction errors and train speed. In 
Fig 4.16 and Fig 4.17are shown the prediction errors plotted against the train speed 
together with the results of the Gaussian Process: the grey zone represents the area the 
prediction errors computed for the bridge in reference conditions should belong to. One 
can easily see that the points marked with circles (reference conditions) generally lie 
within this area while those marked with asterisks (testing conditions) are displaced 
upward. Such separation is just hinted in sensor 1 (Fig 4.16), while is clearer in sensors 
3 and 4 (Fig 4.17) due to the vicinity to the damaged area confirming, once again, that 
the damage-identification method proposed in this work is of level 2. 

Finally, the damage index DI and the ROC curve can be calculated as in section 2.7. 
For the sake of completeness, Fig 4.18, Fig 4.19, Fig 4.20 and Fig 4.21 show results 
obtained both with sensors measuring vertical (1-7) and lateral (15-21) accelerations. 
Moreover in Tab. 4.8 are reported the characteristic values of the ROC curves (AUC, 
TP and FP probabilities). 

San Michele Bridge: ROC characteristic values 

Sensors AUC False positive probability 
associated to 70% true positive one 

False positive probability associated 
to 90% true positive one 

1-7 0.7760 22 56 

15-21 0.7890 18 55 

Tab. 4.8: San Michele Bridge: ROC characteristic values 

Once again, an example of what could happen during a monitoring is schematically 
illustrated in Tab. 4.9. Starting from an a priori probability of damage of 1e-6 and 
evaluating 30 train passages, if the TP probability is set at 70% and 24/30 of the 
passages result in a damage classification of the bridge, then the posterior probability 
of damage in the structure is almost 100% both using information from sensors 
recording vertical (1-7) and lateral (15-21) accelerations. If only 9 passages had been 
considered and 8 out of 9 had been classified as damage, the probability would have 
been of only 0.4% for the vertical accelerations and 1.9% for the lateral one. To 
conclude, it can be said that the more passages are used for the health prediction, the 
more reliable it will be.  
One more time, it can be noticed that raising the TP value (for example to 90%) does 
not always increase the posterior probability since it is strongly related to the 
associated false positive (FP) one. Therefore, in choosing the DI threshold also trials, 
as those in Tab. 4.9, have to be done. 
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San Michele Bridge: Bayesian inference-scenario F 

A priori 
probability of 

damage 
Sensors TP 

(%) 
FP 
(%) 

Train 
passages 

resulting in 
damaged 
condition 

Train passages 
resulting in 

healthy 
condition 

A posteriori 
probability of 
damage (%) 

10-6 

1-7 

 

90 56 

8 1 ≈0 

19 1 0.2 

26 4 0.1 

70 22 

  0.4 

19 1 99.9 

26 4 ≈100 

15-21 

90 55 

8 1 ≈0 

19 1 0.3 

26 4 0.1 

70 18 

8 1 1.9 

19 1 ≈100 

26 4 ≈100 

Tab. 4.9: San Michele Bridge: Probability of damage computed through Bayesian 
inference using sensors 1-7 (vertical accelerations on the upstream side of the bridge) 
and 15-21 (lateral accelerations). TP stands for True Positive while FP for False 
Positive.  
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Fig 4.10: San Michele Bridge: Prediction errors in ascending order for sensor 1 
(vertical acceleration in section 1). Two markers with the same colour indicate two 
train passages characterized by the same temperature (a) or speed (b) 

(a) 

(b) 
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Fig 4.11: San Michele Bridge: Prediction errors in ascending order for sensor 3 
(vertical acceleration in section 3). Two markers with the same colour indicate two 
train passages characterized by the same temperature (a) or speed (b). 

 

(a) 

(b) 
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Fig 4.12: San Michele Bridge: Prediction errors in ascending order for sensor 4 
(vertical acceleration in section 4). Two markers with the same colour indicate two 
train passages characterized by the same temperature (a) or speed (b). 

 

(a) 

(b) 



ELISA KHOURI CHALOUHI 

 78 

 

Fig 4.13: San Michele Bridge : Prediction errors plotted against temperature for 
sensor 1 (vertical acceleration in section 1). 

 

Fig 4.14: San Michele Bridge: Prediction errors plotted against temperature for 
sensor 3 (vertical acceleration in section 3). 
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Fig 4.15: San Michele Bridge: Prediction errors plotted against temperature for 
sensor 4 (vertical acceleration in section 4). 

 

Fig 4.16: San Michele Bridge: Prediction errors (pe) for sensor 1 plotted against 
speed. The passages marked with + were use to train the Gaussian Process. The black 
thick line indicates the mean values of the pe, while the grey zone has the dimension of 
two standard deviations. 
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Fig 4.17: Paderno Bridge: Prediction errors (pe) for sensor 3 and 4 plotted against 
speed. The passages marked with + were use to train the Gaussian Process. The black 
thick line indicates the mean values of the pe, while the grey zone has the dimension of 
two standard deviations. 
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Fig 4.18:  San Michele Bridge: Damage indices computed on sensors 1-7 in reference 
and testing conditions. 

 

Fig 4.19:  San Michele Bridge: Damage indices computed on sensors 15-21 in 
reference and testing conditions. 
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Fig 4.20:  San Michele Bridge: Receiver Operator Curve based on the results of Fig 
4.18. 

 

Fig 4.21:  San Michele Bridge: Receiver Operator Curve based on the results of Fig 
4.19. 



5   
 
Conclusions and further research 

In this work, a damage detection method for bridges using machine learning and train-
induced vibrations have been implemented and tested. Artificial Neural Networks were 
trained with data regarding loads speed, location and magnitude, air temperature in 
the neighbourhood of the structure and acceleration time histories. Prediction errors 
obtained as the difference between accelerations predicted by the ANN and the 
measured ones were characterized stochastically through a Gaussian Process with train 
speed as independent variable.  
A numerical simulation was used to test the algorithm and compare its prediction 
power under constant and variable environmental conditions. Moreover, the effect of 
damaged (simulated as elements with reduced stiffness) area extension was studied 
together with that of ANN layers neurons number and amount of training data.  
Data collected on a centenary bridge were also used to validate the proposed method in 
a real life scenario. An algorithm able to infer train characteristics from recorded 
acceleration time histories has been developed to treat and extract data for the method 
testing. 

From the analyses carried out, the following conclusions can be drawn: 

• The algorithm succeeded in detecting damage under variable environmental 
conditions both in the numerical simulation and in the real case making it 
feasible in practice applications. 

• Prediction errors clearly increases in the vicinity of damage making it a level 2 
damage identification-method able to give an indication of the area to inspected 
in order to find the damaged structural element. 

• The extent of the damaged area strongly influences the detection power both in 
presence and absence of changing environmental conditions.  

• Prediction errors (pe) both in healthy and damaged conditions depend on train 
speed (v).  
Moreover, comparison between pe-v plots in the numerical example and the real 
case shows a much more recognizable dependence for higher values of speed. 
Finally, the numerical example shows that damage is more easily detectable 
using train passages in damaged conditions characterized by higher speed. 
Therefore, the fact that damage was successfully detected on San Michele 
Bridge where trains cross it with very low speed, makes the result of the work 
even more promising.  

Chapter  
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• Temperature (T) does not affect the prediction accuracy of the ANN except for 
very low values (less than 5°C). It means that the magnitude of prediction 
errors is not dependent on temperature as it is on speed.  

• The detection power is shown to improve by increasing the number of neurons 
per ANN layer or the amount of training data. 

The promising results give reason to further explore the field proposed in this thesis by:  

• Using strain measurements instead of/together with accelerations; indeed, the 
formers are expected to be more affected by damage. 

• Improving the ability of the method to localize damage by individuating, 
through Information Theory, the sensors providing more information on damage 
and/or training the ANN to predict cross-correlation between signals. 

• Studying the dependence of the damage index here proposed on the damage 
severity to bring the method to level 3. 
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A . 1  S c e n a r i o  A  

! Prediction errors in ascending order plotted against train index. Two markers with 
the same colour indicate two train passages characterized by the same speed. 
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! Prediction errors (pe) plotted against speed. The passages marked with + were use 
to train the Gaussian Process. The black thick line indicates the mean values of the 
pe, while the grey zone has the dimension of two standard deviations. 
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! Prediction errors in ascending order plotted against train index. Two markers with 
the same colour indicate two train passages characterized by the same temperature. 
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! Prediction errors (pe) plotted against temperature.  
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! Damage indices computed on sensors 1-4 in healthy and damaged conditions. 

 

! Receiver Operator Curve 
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A . 2  S c e n a r i o  B  

! Prediction errors in ascending order plotted against train index. Two markers with 
the same colour indicate two train passages characterized by the same speed. 
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! Prediction errors (pe) plotted against speed. The passages marked with + were use 
to train the Gaussian Process. The black thick line indicates the mean values of the 
pe, while the grey zone has the dimension of two standard deviations. 
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! Damage indices computed on sensors 1-4 in healthy and damaged conditions. 

 

! Receiver Operator Curve 
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A . 3  S c e n a r i o  C  

! Prediction errors in ascending order plotted against train index. Two markers with 
the same colour indicate two train passages characterized by the same speed. 
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! Prediction errors (pe) plotted against speed. The passages marked with + were use 
to train the Gaussian Process. The black thick line indicates the mean values of the 
pe, while the grey zone has the dimension of two standard deviations. 
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! Damage indices computed on sensors 1-4 in healthy and damaged conditions. 

 

! Receiver Operator Curve 
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A . 4  S cena r i o  D  

! Prediction errors in ascending order plotted against train index. Two markers with 
the same colour indicate two train passages characterized by the same speed. 
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! Prediction errors (pe) plotted against speed. The passages marked with + were use 
to train the Gaussian Process. The black thick line indicates the mean values of the 
pe, while the grey zone has the dimension of two standard deviations. 
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! Prediction errors in ascending order plotted against train index. Two markers with 
the same colour indicate two train passages characterized by the same temperature. 
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! Prediction errors (pe) plotted against temperature. 
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! Damage indices computed on sensors 1-4 in healthy and damaged conditions. 

 

! Receiver Operator Curve 
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A . 5  S c e n a r i o  E  

! Prediction errors in ascending order plotted against train index. Two markers with 
the same colour indicate two train passages characterized by the same speed. 
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! Prediction errors (pe) plotted against speed. The passages marked with + were use 
to train the Gaussian Process. The black thick line indicates the mean values of the 
pe, while the grey zone has the dimension of two standard deviations. 
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! Prediction errors in ascending order plotted against train index. Two markers with 
the same colour indicate two train passages characterized by the same temperature. 
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! Prediction errors (pe) plotted against temperature. 
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! Damage indices computed on sensors 1-4 in healthy and damaged conditions. 

 

! Receiver Operator Curve 
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A . 6   S c e n a r i o  F  

! Prediction errors in ascending order plotted against train index. Two markers with 
the same colour indicate two train passages characterized by the same speed. 
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! Prediction errors (pe) plotted against speed. The passages marked with + were use 
to train the Gaussian Process. The black thick line indicates the mean values of the 
pe, while the grey zone has the dimension of two standard deviations. 
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! Prediction errors in ascending order plotted against train index. Two markers with 
the same colour indicate two train passages characterized by the same temperature. 
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! Prediction errors (pe) plotted against temperature. 
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! Damage indices computed on sensors 1-4 in healthy and damaged conditions. 

 

! Receiver Operator Curve 
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! Prediction errors in ascending order plotted against train index. Two markers with the 
same colour indicate two train passages characterized by the same speed. 
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! Prediction errors (pe) plotted against speed. The passages marked with + were use to 
train the Gaussian Process. The black thick line indicates the mean values of the pe, 
while the grey zone has the dimension of two standard deviations. 
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! Prediction errors in ascending order plotted against train index. Two markers with the 
same colour indicate two train passages characterized by the same temperature. 
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! Prediction errors (pe) plotted against temperature.  
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! Damage indices computed over sensors 1-7. 

 

! Damage indices computed over sensors 15-21. 

 



ELISA KHOURI CHALOUHI 

 166 

! Receiver Operator Curve computed over sensors 1-7. 

 

! Receiver Operator Curve computed over sensors 15-21. 
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