
1 INTRODUCTION  
Bridges are a vital element of the railway network. 
Across Europe there are more than 300,000 railway 
bridges for 212,000 km of railway (European Com-
mission, 2012). More than 35% of these bridges are 
over 100 years old and, thus, the continuous expo-
sure to various environmental conditions, such as 
earthquakes, wind and traffic, can affect the safety 
and the whole life cost of these railway assets. For 
example, Network Rail, which is the owner of the 
railway network in the UK, estimates to spend 35 
billion of pounds over a 5-year period for mainte-
nance and renewal activities of the railway network, 
and Irish Rail, the owner of the Irish railway net-
works, estimates to spend 20 million of Euros per 
year only on renewals and maintenance activities of 
the railway bridges alone (Network Rail, 2014), 
(AECOM, 2011).  

Structural Health Monitoring (SHM) methods are 
needed in order to accurately monitor and assess the 
health state of the bridge and of its elements, without 
relying to subjective and intermittent visual inspec-
tions. Indeed, SHM aims to point out changes in the 
properties of the bridge in terms of degradation of 
materials and geometry of the element, which can 
critically affect the safety and reliability of the 
bridge. Measured behaviour of the bridge, such as 
acceleration, displacements, mode shape, frequen-
cies, etc. can be analysed. Visual inspections, how-
ever, examine the bridge structure by relying on the 
experience of SHM experts, and as a consequence, 

some faults might not be detected adequately (Wang 
et al., 2009).  

Two main approaches to SHM are possible: mod-
el-based and non-model-based reasoning methods 
(Doebling et al., 1998). A model-based method de-
tects faults by implementing a mathematical model 
of the bridge (such as a Finite Element (FE) model), 
which describes the physical laws of the structure 
behaviour using the systematic knowledge of the en-
gineers who design bridges or develop bridge Finite 
Element (FE) models, in order to evaluate the struc-
tural parameters of the bridge. On the other hand, 
non-model-based methods derive behavioural mod-
els by analysing the health condition using the meas-
ured data directly, and the faults are detected relying 
on the signal processing of the measured experi-
mental data. In this latter case, the models may not 
have any direct physical significance, as it is in the 
former case (Venkatasubramanian et al., 2003), (Sa-
nayei et al., 2015). Many SHM studies on railway 
bridges have been developed by adopting either the 
model-based (Teughels et al., 2002), (Sanayei et al., 
2015) and the non-model based (Zhong et al., 2014), 
(Kim et al., 2015) approaches. The influence of each 
bridge element (such as abutments, slabs, joints, 
girder, bearings, etc.) on the bridge health state is not 
usually considered. However, this influence is ex-
tremely important to find out cause–effect relation-
ships among elements exposed to a degradation pro-
cess.  

The aim of this paper is to propose a Bayesian 

Belief Network (BBN) condition monitoring and 
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fault detection method in order to monitor and assess 

the health state of the whole bridge, by innovatively 

taking account of the health state of each bridge el-

ements at the same time.  

The BBN is developed by taking into account the 

knowledge of several bridge engineers using a Fuzzy 

Analytical Hierarchy Process (FAHP) (Daǧdeviren 

et al., 2008), (Kabir et al., 2016), where fuzzy rela-

tive importance functions are defined to describe the 

vagueness and subjectivity in expert judgment 

through a relationship between linguistic variables. 

These variables are used to investigate potential rela-

tionship between different bridge elements and nu-

merical intervals, which numerically quantify the 

opinion of the expert. The performance of the BBN 

method is demonstrated by developing an FE model 

of a truss steel railway bridge. The unavoidable mi-

cro-cracks of the joints, which are difficult to spot 

during a visual inspection, are considered as the deg-

radation mechanism. Finally, displacements of the 

bridge when the bridge is in different health condi-

tion, which are retrieved from the FE model, are 

used as evidence of the bridge behaviour and, thus, 

as the input to the BBN.  

The paper is organized as follows: Section 2 de-

scribes the methodology, i.e. the FE model and the 

degradation mechanism considered, the development 

of the BBN and the FAHP methods; Section 3 shows 

how the BBN works for a case study of degradation 

of a bridge element; the conclusion and the remarks 

are discussed in Section 4. 

2 THE METHODOLOGY  

The aim of this paper is to propose an SHM method, 
which is able to detect the unexpected behaviour of a 
railway bridge in order to provide rapid information 
to bridge managers about the health state of the 
bridge. For these steps, an FE model of a steel truss 
railway bridge is developed in order to simulate the 
expected behaviour of the bridge due to external 
loads, such as train load, and furthermore, the effect 
of a degradation mechanism of each component on 
the bridge can be analysed. Therefore, any change in 
the health state of the bridge can be associated with 
the health state and the degradation mechanism of its 
elements. 

Then, a BBN of the bridge is developed by in-
cluding the chords of the bridge, where one node in 
the BBN is assigned to each chord. The prior CPTs 
of the BBN are defined by merging the information 
about the behaviour of the bridge, which is obtained 
by using the FE model, and the information retrieved 
from interviews with bridge managers and structural 
engineers. This way, the influence among the health 

state of each bridge elements is evaluated by numer-
ical data and by expert knowledge. An FHAP is then 
adopted in order to compute the influence of the be-
haviour of each bridge element on the health state of 
the bridge elements, and, consequently, on the health 
state of the whole bridge.  

The method finally illustrates that, as soon as new 
evidence of the bridge behaviour becomes available, 
it is used as an input to the BBN, and the health state 
of the bridge and of its elements is automatically up-
dated, and thus the unexpected behaviour of the 
bridge, and its most degraded element(s), can be 
identified. 

2.1 The Finite Element model of the steel truss 

railway bridge 

Steel railway bridges have been chosen in this 

paper since their degradation mechanisms, such as 

corrosion and cracks, which are easier to asses than 

those of the concrete structure, can develop rapidly 

after they have started and, consequently, an early 

detection and management of such condition can be 

of great importance to bridge owners for reducing 

the risk of failure and the whole-life cycle cost of the 

bridge (Katipamula et al., 2005). For these reasons, 

an FE model of a steel truss bridge was developed in 

this paper, with the aim of analysing and predicting 

the bridge behaviour due to degraded states of ele-

ments. 

A warren steel truss bridge has been selected and 

modelled using the structural analysis software 

SAP2000, as shown in Fig. 1. The example bridge is 

30 m long, 7 m wide and 8 m high. The components 

of the bridge have been realized considering the 

S355 steel, as this steel is commonly used in Europe 

to build steel railway bridges (Pipinato et al., 2016). 

The reference system used in this paper is as fol-

lows: the side of the bridge at y = 0 m, is called the 

right side of the bridge, whereas at y = 7 m it is 

called the left side of the bridge.  As it is assumed 

that the bridge allows the transit of trains in two di-

rections, two railway tracks have been modelled by 

following the most commonly used dimensions 

(Country Regional Network, 2012).  

 
Figure 1 FE model of the steel truss railway bridge 



2.2 The degradation mechanism 

The degradation mechanism of the developed steel 
truss bridge is analysed by considering the growth of 
micro-cracks at the joints (Mehrjoo et al., 2008). 
Micro-cracks, which are unavoidably created in the 
bridge elements during the welding and assembling 
phase of the bridge, are difficult to identify during a 
visual inspection, and more than 40% of the steel 
truss bridges are affected by this degradation mecha-
nism. Furthermore, the bridge is continuously ex-
posed to a cycle of loading and unloading, i.e. trains 
are continuously passing over the bridge, and, as a 
result, the size of the micro-cracks becomes larger. 
This degradation mechanism leads to a reduction of 
the cross sectional area at the joints which conse-
quently suffers with fatigue. In order to simulate this 
degradation mechanism, in this study the cross sec-
tional area of the degraded bridge elements has been 
reduced up to the 70% of its initial value. 

As natural frequency and mode shape analysis 
have shown some limitations in SHM, in this paper 
displacements of the bridge joints are considered as 
the monitored parameter of the bridge behaviour. In-
deed, frequency shifts caused by a failure can be 
small and thus they can be hidden due to the noise of 
the measurement; on the other hand, mode shape can 
be also prone to measurement contamination, and it 
is useful for SHM only if its measurement point is 
close to the node point for a particular mode 
(Doebling et al., 1998). Therefore, once a static uni-
form load of 40 kN/m has been applied to the bridge 
in order to simulate a train, which has been stopped 
on the track, the displacements at the joints are re-
trieved using the FE model.  

Figure 2 shows the displacements of the top chord 

on the right hand side of the bridge, which have been 

calculated using the FE model when the bridge is in 

a healthy (solid line in Figure 2) and in a degraded 

state (the cross sectional area of the truss compo-

nents is reduced by the 10% and the 30% of its ini-

tial value, as depicted in Figure 2 by the dotted and 

the dashed lines, respectively). The displacements of 

the degraded top chord are larger than those of the 

healthy case, and, moreover, as the bridge degrada-

tion grows, the displacements of the top chord on the 

right hand side of the bridge consequently increase. 

2.3 The Bayesian Belief Network  

In this paper, a BBN method is proposed in order to 
assess the health state of the whole bridge by moni-
toring the health state of its elements. BBN has been 
selected due to its ability to provide monitoring, di-
agnostic and predictive abilities, and furthermore, it 
allows an update of the probability distributions of 
the health states of the bridge and of its elements to  

 
Figure 2 Displacements of the top chord on the right hand side of 

the bridge model 

be calculated every time, when new evidence of the 
bridge behaviour is available.  

The BBN of the steel truss bridge is developed by 
considering the bridge elements as nodes of the 
BBN: the 4 nodes on the highest layer of Figure 3 
represent the virtual sensors of the FE model, which 
take as input the displacements of the steel truss 
bridge; 4 nodes, which are child node of the sensor 
nodes, belong to the middle layer in Figure 3. These 
nodes represent the major elements of the bridge (i.e. 
the top and bottom chords). Finally, at the bottom of 
Figure 3, the node called “Bridge Health State” rep-
resents the health state of the whole bridge.  

It is worth mentioning that, as the BBN can de-
scribe the causes that influence a given effect by de-
fying conditional dependencies among the variables, 
the sensor nodes, i.e. the 4 nodes on the top layer of 
Figure 3, are connected to each node representing 
the bridge elements. Indeed, once a degradation 
mechanism is initiated in an element of the bridge, 
and it is consequently measured by the sensors, other 
elements of the bridge are exposed to a higher load 
than before and, thus, their health state can be influ-
enced.  

The nodes representing the whole health state and 
the elements of the bridge, which are the nodes that 
have to be monitored with the aim of assessing their 
health states, have 3 mutually exclusive health states, 
which have been defined through expert elicitation 
(Rafiq et al., 2015): i) a healthy state, where the 
component of the truss bridge is in a good condition, 
and thus its displacements are equal to or within a 
15% increase in displacements from the FE model of 
the healthy bridge; ii) a partially degraded state, 
where the increase in displacements is greater than 
15% but less than 30%; iii) a severely degraded 
state, if the increase in displacements of the bridge 
components is greater than 30%.  

In order to evaluate the dependencies among dif-
ferent elements of the bridge, conditional probabili-
ties for each node are needed, given the health state 
of its parents in the network, describing the Condi-
tional Probability Tables (CPT) for each node. The 
CPTs usually need exact information in the form of 
prior and conditional probabilities. However, exact 
values of dependencies are challenging to obtain due 



to high level of uncertainty that is usually present in 
the structural analysis of any civil infrastructure. 
Furthermore, bridge experts often provide uncertain 
answers rather than precise values, due to the fuzzy 
nature of the influence among different elements of 
the bridge (Torfi et al., 2010). For these reasons, a 
fuzzy linguistic approach is adopted in order to in-
vestigate the possible influence among the bridge el-
ements by relying on the judgment of experts.  

Figure 3 Bayesian Belief Network of the steel truss bridge 

2.3.1 Fuzzy Analytical Hierarchy Process 
In order to investigate how an element of the steel 

truss bridge is influenced by the degradation process 
of other bridge elements, a group of bridge experts 
has been interviewed. Particularly, the group of ex-
perts was composed of bridge engineers that are 
working in the private sector, as well as university 
academics that are teaching structural engineering 
courses. In this way, thanks to the heterogeneity of 
the interviewed group, both theoretical and practical 
expertise are considered in the analysis.  

The experts have been called to answer a set of 11 
questions, where a pairwise comparison between the 
degrading element of the bridge and other elements 
was carried out. As the experts are usually more con-
fident to express their assessment by using language 
variables, instead of providing a crisp numerical val-
ue, the possible answers have been expressed as the 
probability using linguistic terms, as shown in Table 
1. The linguistic fuzzy term gives the opportunity for 
the experts to include into their assessment the am-
biguities, uncertainties, vagueness and incomplete 
information (Kulak et al., 2005). As soon as all ex-
perts have assessed the possible influences among 
the elements of the bridge, a triangular relative im-
portance scale was assigned to their responses, as 
shown in Table 1 and Figure 4 (Daǧdeviren et al., 
2008). The different responses were then merged to-
gether by weighing the years of experience of the 
expert, i.e. the more experience the expert has, the 
greater the weight is assigned to his judgment (Kabir 
et al., 2016), 

)(max 1 Ei
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i

Ei
i
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where Ei is the number of years of experience of the 
expert i; β is a parameter for weight experts. The 
higher β, the more the judgment of the more experi-
enced experts becomes dominant over other experts 
judgment.  
Table 1 Linguistic probability scale and fuzzy membership 

function 
Linguistic 

probability 

scale 

Triangular 

fuzzy scale 
Description 

Very Unlikely 

(VU) 
[1/2,1,3/2] 

It is highly unlikely that influ-

ences occur 

Unlikely (U) [1,3/2,2] 
It is unlikely but possible that in-

fluences occur 

Even Chance 

(EC) 
[3/2,2,5/2] 

The occurrence likelihood of 

possible influences is even 

chance 

Likely (L) [2,5/2,3] It is likely that influences occur 

Very Likely 

(VL) 
[5/2,3,7/2] 

It is highly likely that influences 

occur 

Hence, the optimal value of β has been identified 
as 0.91, by using a sensitivity analysis in order to 
avoid a single member judgment, i.e. the weight of 
the most senior expert is dominant over the weights 
of other experts, and to guarantee a group judgment 
based on the information retrieved by the whole 
group of experts. Therefore, the possible influence 
among the elements of the bridge has been assessed. 
For example, if 2 experts are considered, the first 
expert (Expert 1) with 3 years of experience, and the 
second expert (Expert 2) with 9 years of experience, 
Table 2 shows the responses to the following ques-
tion: if a degradation mechanism is present on the 
Top Chord on the Right hand side (TRC) of the 
bridge, how likely are the other Bridge Elements 
(BE) to be influenced, such as Bottom Chord on the 
Right hand side (BRC), and Top and Bottom Chords 
on the Left hand side, (TLC) and (BLC) respective-
ly? Note that the weighted ensemble of the judg-
ments of the experts is closer to the judgment of Ex-
pert 2 than to the one of Expert 1 due to the fact that 
Expert 2 is more experienced than Expert 1. 

The FAHP is introduced to assess the weights of 
the unconditional probability of the parent nodes (i.e. 
the sensor nodes) on their child nodes (i.e. the nodes 
representing the top and bottom chords) in CPTs, by 
considering the ambiguity of human judgment. This 
analysis, which is carried out using the modified 
Chang extend analysis that has been demonstrated to 
perform better than the original Chang extend (Wang 
et al., 2006), leads to the evaluation of the im-
portance weight vector of the fuzzy pairwise com-
parison matrix. The pairwise comparison matrix was 
obtained from the weighted judgements of the ex-
perts, by considering the pairwise comparison vector 



for the influence between each degraded element of 
the bridge and the other bridge elements. 

Figure 4 Linguistic scale for relative importance.  
 

Table 2 Expert pairwise comparison between the degraded top 

chord on the right hand side and the others bridge elements 

 BE TRC BRC TLC BLC 

Expert 1 TRC [1 1 1] 
U 

[1,3/2,2] 

U 

[1,3/2,2] 

VU 

[1/2,1,3/2] 

Expert 2 TRC [1 1 1] 
L 

[2,5/2,3] 

L 

[2,5/2,3] 

L 

[2,5/2,3] 

Weighted TRC [1 1 1] 
EC 

[3/2,2,5/2] 

EC 

[3/2,2,5/2] 

EC 

[3/2,2,5/2] 

A detailed theoretical description of the FAHP 
and the Chang extend analysis are out the scope of 
this paper, and it can be found in literature (Wang et 
al., 2006), (Daǧdeviren et al., 2008), (Torfi et al., 
2010), (Kabir et al., 2016). The key steps of the 
FAHP are provided below.  

Consider that a triangular fuzzy membership 
function is characterized by µ= (a, b, c), where 
a<b<c, and that Pjk is the 1-pairwise comparison be-
tween the variable j and k. The first step of the 
FAHP is to compute the fuzzy synthetic extent val-
ue, Sj:  
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where n is the number of rows of the pairwise ma-
trix, i.e., the number of variables for which a pair-
wise comparison is considered in the analysis, and m 
is the number of columns of the pairwise compari-
son, i.e. the number of pairwise comparison for each 
variable considered. For example, Table 2 shows 
that the pairwise comparison is carried out for only 
one variable, n=1, and that this variable is evaluated 
in 4 pairwise comparisons, m=4. It is worth noting 
that   represents the extended multiplication for 
two fuzzy numbers. 

The sum of the pairwise comparison of each vari-
able (the first term of Eq. 2) can be easily computed 
as:  
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The second term of equation (2) is computed fol-
lowing the formula proposed by (Wang et al., 2006).  

After computing the fuzzy synthetic extent value 
for each variable, the importance weight vector is 
computed by assessing the integral value of each 
synthetic extend value as follows:  

 jjjj abcI )1(
2

1
   (4) 

where α is the optimism of the expert, and (aj, bj, cj) 
is the fuzzy membership of the j-th fuzzy synthetic 
extent.  

Finally, the importance weight vector of each var-
iable can be assessed as:  
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where j = 1, 2, …, n. 
It can be noted that the FAHP requires to verify 

the consistency of the pairwise comparisons. Indeed, 
the consistency ratio measures any inconsistency 
within the judgments in the comparison matrix. To 
do that, the fuzzy pairwise comparison matrix needs 
to be defuzzified, and, thus, in this paper, the defuzz-
ification method of middle of maximum has been 
adopted in order to convert the fuzzy comparison 
matrix into a crisp matrix, which thereafter is used 
for the investigation of the consistency (Zhao et al., 
1991). The consistency ratio results to be 0.0154, 
and as it is lower than 0.1, the inconsistency of the 
comparison matrix is satisfactory (i.e. the compari-
son matrix is consistent) and the experts do not need 
to revise their assessments (Daǧdeviren et al., 2008).  

The FAHP has been applied recursively in order 
to assess the importance weight vector of each node 
representing the health state of the bridge elements, 
i.e., the influence of the measured behaviour of each 
bridge element on the health state of bridge elements 
(the nodes that belong to the middle layer of Figure 
3) is evaluated by using the FAHP. For example, 
Table 3 shows the importance weight vector for the 
influence of the behaviour of the TLC on the bridge 
elements: the sensors (or the modelled sensors using 
the FE model in the case study in Section 3) installed 
on the TLC measure the behaviour of this bridge el-
ement, and, consequently, the health state of all 
bridge elements is influenced by the following val-
ues of Table 3. The values in Table 3 show that the 
health state of the element where the sensors are in-
stalled, the TLC in this case, is most influenced by 
sensor reading, whereas the farthest elements from 
the sensors, the BRC in this example, has the lowest 
weight and, thus, the lowest influence. 



Table 3 Importance weight vector for the influence of the TLC 

 TLC BLC TRC BRC 

Importance 

Weight 
0.30 0.26 0.222 0.218 

2.3.2 The CPT 
The values in the CPTs of the bridge health state 

and its elements are computed by defying the values 
for the prior probability distributions of the parent 
nodes and, then, the values are calculated by apply-
ing the importance weight vectors, retrieved using 
the FAHP of Section 2.3.1, and the results of the FE 
simulations, which have been performed in order to 
study the evolution of the micro-cracks degradation 
mechanism. Indeed, the FE simulations show that as 
the cross sectional area of the truss elements de-
creases, i.e. the dimension of the micro-cracks in-
creases, the displacements of the top (bottom) chords 
increase, and, consequently, the health state of the 
component decreases (as shown in Figure 2). This is 
due to the relationship between the Young’s modu-
lus and the stresses.  

Therefore, the process of CPTs definition starts 
by assigning the prior probability distribution to the 
4 nodes representing the sensors, which take as the 
input the displacements of the steel truss bridge from 
the FE model. These nodes are arbitrarily defined by 
6 possible states, by dividing the maximum differ-
ence between the displacements of the top (bottom) 
chords in the healthy and the most degraded case 
(i.e. when the cross sectional area of the degraded 
truss elements has decreased to the 70% of its initial 
value) into six equal steps (states from A to F in Ta-
ble 4). The prior probability is defined by consider-
ing a 99% probability that the sensors of each chord 
are measuring the displacements for a healthy state, 
and, thus, the bridge and its elements are in the 
healthy state. Each health state (the healthy state, the 
partially degraded state, the severely degraded state) 
of the nodes representing the top and bottom chords, 
i.e. the nodes in the middle layer of Figure 3, has 
1296 = (64) possible ways to be influenced by their 
parent nodes, and this influence is governed by the 
importance weights vectors computed using Eq. 5, 
and the mathematical correlation between the degra-
dation mechanisms and the bridge behaviour, which 
has been pointed out by studying several degradation 
levels of different elements of the bridge and analys-
ing the corresponding bridge behaviour using the FE 
model. Therefore, the CPTs of the nodes of the top 
and bottom chords are composed by 3x1296 matri-
ces, where the three rows are the three health states.  

Table 4 shows that as the sensors installed on the 
top chords are measuring higher displacements, even 
if the sensors that are installed on the bottom chords 
are measuring displacements equal to those of the 
healthy FE model (state A, where the displacements 
are equal to the displacement of the healthy FE mod-
el), the health state of the bridge elements is conse-

quently moving from the healthy state to the states, 
where the displacements are higher than those of the 
healthy FE model (states from B to F), and the prob-
ability that the top chord on the left-hand side is in 
the healthy state decreases, as shown by the bold 
values in Table 4. 

3 CASE STUDY  

As discussed in Section 2.2, in this paper the growth 
of micro-cracks at the joints location is considered as 
the degradation mechanism (Mehrjoo et al., 2008). 
The growth of micro-cracks is due to the continuous 
exposure of the bridge to a cycle of loading and un-
loading, i.e. trains continuously passing over the 
bridge. Figure 5 shows 7 evidence of the degradation 
mechanism of the TLC: as the micro-cracks of the 
joint of the top chord on the left hand side of the 
bridge become larger, the displacements of the TLC 
also increase. Indeed, the solid line of Figure 5 de-
picts the healthy state of the TLC, whereas, the non-
solid lines represent 6 degraded states of the TLC 
(i.e. the reduction of the cross sectional area of the 
truss members from the 5% up to the 30% of their 
initial values). 

The displacements of the bridge elements are then 
used as the input to the BBN. In this way, the BBN 
can update the health state of the elements of the 
bridge, and consequently of the whole bridge, rely-
ing on displacement values. As new evidence be-
comes available, the probability of each health state 
for each node is updated, based on the evidence of 
the bridge behaviour. In terms of evidence about the 
gradual increasing of the size of the micro-cracks, as 
shown in Figure 5, the BBN updates the health state 
of the bridge, and of its elements, every time when a 
new measurement is available, as depicted in Figure 
6, where the posterior probability distributions of the 
health state of each node are updated, as soon as new 
data from the FE model is available, and it is used as 
the input to the BBN. Figure 6 shows that the proba-
bility of the partially degraded state of each bridge 
elements (node from 1 to 4) increases and,  

Figure 5 Displacements of the healthy and degraded top 

chord on the left hand side of the bridge model. 



Table 4 Extract of the CPT of the top chord on the left-hand side of the bridge (For brevity the part of CPT for states 

from D to F are omitted) 

Figure 6 Posterior probability evolution using displacements as evidence of bridge behaviour. 

 

consequently, the probability of the healthy state of 
the whole bridge (node 5) decreases. Particularly, the 
probabilities of the degraded states of the TLC (node 
2) are subject to the highest increment, as the TLC is 
the degrading bridge element in this example. It is 
worth noting that following the importance weight 
vector of Table 3, the BLC is the most influenced el-
ement by the degradation of the TLC and, conse-
quently, its health states are updated by mainly in-
creasing the probability of the partially degraded 
health state, as shown by node 4 in Figure 6. Finally, 
the probability of the health states of the TRC and 
BRC, node 1 and 3 in Figure 6, respectively, are up-
dated by nearly the same amount, as suggested by 
the FAHP.  

Figure 6 shows that as soon as a new evidence of 
the bridge behaviour becomes available, in this case 
study the 7 displacement patterns provided by the FE 
model, the probability of each health state for each 
node is updated. Consequently, the probability of the 
whole health state of the bridge is monitored and the 
causes of the bridge deterioration are recognised. 
This way, the most degraded component of the 
bridge can be identified and the maintenance pro-

gramme can be adequately scheduled, based on the 
degradation level of the bridge elements. 

4 CONCLUSION 

Although in the recent years the technology for data 
acquisition, processing and analysis has improved 
significantly, currently the bridge condition monitor-
ing and fault detection is mainly carried out by 
adopting time-consuming and expensive visual in-
spections. Therefore, automatic SHM methods, 
which rely on the analysis of static and dynamic re-
sponses of the bridge in order to provide reliable as-
sessment of the bridge health state, can drive bridge 
managers towards a better management of the asset, 
by assessing the health state of railway bridges relia-
bly.  

In this paper, an FE model of a truss railway 
bridge has been developed using the SAP2000 soft-
ware. The unavoidable micro-cracks failures, which 
occur during the welding process of the joints in 
steel bridges, have been simulated by gradually re-
ducing the cross sectional area of the truss elements 
of the bridge, in order to study this degradation 

Sensors of Bottom chords in state A 
Sensors at y=0 A B 
Sensors at y=7 A B C 

From D to F 
 

A B C 

From D to F 
Health 

State of the 
TCL 

Healthy 
state 

0.9 0.66 0.47 0.83 0.54 0.35 

Partially 
Degraded 

0.05 0.2 0.30 0.1 0.26 0.37 

Severely 
degraded 

0.05 0.14 0.23 0.07 0.20 0.27 



mechanism of the bridge. A BBN has been devel-
oped by considering the bridge health state and its 
elements as the nodes of the BBN, and the 
knowledge of bridge structural experts on influence 
among different bridge elements has been consid-
ered. The developed BBN has demonstrated the abil-
ity to monitor the health state of the bridge and its 
components effectively, by updating their health 
state each time when new evidence of the bridge be-
haviour is available, and, consequently, the most de-
graded bridge component can be identified.  

The proposed method is the first step towards 
meeting the requirements of a real time condition 
monitoring and fault detection tool of bridges, in or-
der to achieve a reduction of the whole life cost of 
the asset by adopting a condition-based maintenance 
strategy. Indeed, a reduction of maintenance cost can 
be achieved by adequately planning the activities 
based on the health state of the elements of the 
bridge. Despite the fact that the method has shown 
good results in monitoring the health state of the 
bridge and of its components, several improvements 
are needed in order to achieve better accuracy of the 
fault detection method. For example, all possible de-
pendencies between different elements of the bridge 
(such as the relationship between joints and beams 
within the chords) need to be considered in the struc-
ture of the BBN, and a more robust definition of the 
CPTs is needed. In addition, the proposed method 
could to be verified in a real framework, where sen-
sors could be installed on a real bridge in order to 
collect data on bridge behaviour, and, thus, the 
bridge health state could be monitored in real time, 
to identify deteriorated bridge behaviour. 
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