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Abstract
In the last decades a significant portion of research in Structural Health Monitoring has been developed
upon the principles of vibration-based methods, where monitored modal properties have been treated as
a set of features for damage detection. Unfortunately, factors external to the structural system, such as
environmental/operational effects, have been shown to mask relevant anomalous patterns. This paper
presents a modular Bayesian damage identification framework which considers external effects explic-
itly, along with other sources of uncertainty. A calibrated finite element model of the Tamar bridge
is used in order to identify anomalous features in the bridge main/stay cables and its bearings. Dis-
placements, natural frequencies, temperature and traffic monitored throughout a year are used to form
a reference baseline, which is compared against a posterior identification with one month of monitored
data. The proposed framework allows to account for observation errors, estimation of damage and
model discrepancy of the predictive model. Multiple response Gaussian processes emulate the model
response surface and its discrepancy enhancing the identification task while minimising costly compu-
tations. Results indicate .

1. INTRODUCTION

Throughout the past decades, SHM as matured considerably and is expected to eventually surpass visual
inspection-based decision-support [1]. Early stage detection of damage in large civil infrastructures,
such as suspension bridges, is a core goal of the Structural Health Monitoring (SHM) concept. An
automated decision-making process for damage detection, implemented in SHM, can be posed as a
statistical pattern recognition paradigm. As described by Farrar et al [2] the four levels of a damage
detection hierarchy are: (1) detection, (2) location, (3) extent, (4) and prognosis of existent damage.

The above mentioned problem has been more frequently addressed by interpretative methodologies
not based on the physics of the structural system, i.e. data-based, rather than physics-based. Examples
include cointegration [3], blind signal separation [4], or genetic-based clustering approaches [5]. Al-
though physics-based models are usually cumbersome to fine-tune, their predictive ability considerably
enhances a damage evaluation process, and their use/development agrees more reasonably with engi-
neering knowledge [6, 7]. Unfortunately, a considerable number of uncertainties also need to be taken
into account in order to ensure a reliable identification. In addition to unknown structural parameters
and error of a measurement setup, a model is always limited by its inadequacies to represent the real
structure, aka model discrepancy. Finally, external effects due to the environment/operational conditions
also mask informative patterns from data, further complicating the damage evaluation process [8, 9].
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Therefore, it is important to develop highly comprehensive methodologies for probabilistic damage
detection in SHM. The Bayesian probabilistic logic is a well known basis of several inference methods,
which can consider an extensive amount of uncertainties. Particularly relevant Bayesian formulations are
the classical Bayesian framework (CBF) by Beck and Katafygiotis [10], and the hierarchical Bayesian
framework (HBF) by Behmanesh et al. [11]. Although the same mixture of uncertainties has been
considered in both frameworks, the HBF allows to enclose external effects in the variability of estimated
parameters, improving their separation from influences due to damage.

Examples of damage identification with the CBF include a laboratory reduced scale steel
bridge [12] and a seven-story full-scale building slice [13], whereas the HBF application has been illus-
trated in a Dowling Hall footbridge on the Tufts university campus [11, 14, 15] and a nine-story build-
ing [16]. Despite the relatively well controlled environment of these specimens, difficulties have been
reported due to unidentifiable or potentially biased identifications (deviations up to 13.2% relatively to a
damage reference value of 50% were observed). The HBF results also registered biases (magnitude up
to 20%), despite having considered the inherent variability of structural parameters. Research suggests
that large model discrepancy is the underlying cause of such disparity, along with its estimation as a
zero-mean uncorrelated Gaussian [17, 18]. Authors such as Goulet and Smith [19], or Papadimitriou
and Lombaert [20] have highlighted the benefits of weakening such assumptions for structural identi-
fication (st-id) and measurement system design, respectively. Finally, costly computations associated
with damage detection should not be overlooked, given the urgent necessity of developing real-time
detection systems for large-scale civil infrastructure.

Hence, the current publication concerns the first three levels of the damage classification hierarchy,
putting forward a modular Bayesian framework (MBA), which as been developed and applied by Jesus
et al. [21] for st-id. This is the first implementation of the MBA for damage evaluation in SHM. Advan-
tages include its comprehensiveness towards the aforementioned uncertainties, consideration of model
discrepancy as a Gaussian stochastic process whose correlation can be assumed, and how it allows to
take into account external effects explicitly, while maintaining a relatively low computational effort.

Additionally to the presentation of the methodology, an health assessment of the Tamar long sus-
pension bridge will be detailed. Advantages of such case-study include:

• a significant amount of uncertainty due to its complex behaviour and scale, e.g. because of wind,
temperature, traffic, reconstruction of the bridge deck, etc.;
• and the amount of continuous monitored data, and localised tests carried out through time, which

can be used to validate the current results.

There are three aspects which are relevant for management of the bridge, and which will be identified
and assessed for existent damage. The first is the friction in the bearings of Saltash tower and the global
deformation of the bridge. The remaining two are initial strain in the main and stay cables of the bridge.
The initial strain is defined as the strain relative to when the bridge cables have been installed initially,
i.e. containing all the load-history that the cables have supported since installation. Its increase could
indicate internal damage, such as broken wires, corrosion, cracks and wear.

The health assessment is based on monitoring data collected throughout a one year/month period
and simulations of the FE model. Data sets of temperature, traffic, mid-span displacements and modal
properties are analysed collectively in order to extract relevant information from the structural system in
a reference and current health state. Identification results, limitations of the present study and suitability
of the assumed damage metric will also be discussed. The current work is a proof of concept, designed
to highlight the benefits of applying a comprehensive Bayesian framework to damage detection of a
challenging case-study, rather than focusing on validation of the results.

The paper is summarised by a description of the methodology, detailed in Section 2., a brief over-
look of the Tamar bridge SHM system and the detailed FE model under consideration, in Section 3.,
the results of the damage detection and their discussion, presented in Section 4., and finally Section 5.
highlights the major conclusions of the present work.



2. MODULAR BAYESIAN DAMAGE DETECTION

2.1 Modelling assumptions

The modular Bayesian approach aims to solve an equation of model calibration, which can be written as

Y e(Xe) = Y m(Xe,θ ∗)+δ (Xe)+ ε (1)

where: Y e are observations, dependent on design variables Xe; Y m are simulations of a model, dependent
on the design variables and a vector of unknown fixed calibration parameters θ

∗; δ (Xe) is a discrepancy
function that translates the difference between the model and the true process; and ε is an observation
error, that is assumed to follow a Gaussian distribution N (O,Λ). Eq. (1) is analogous to the formula-
tions of the CBF and HBF, although it features the design variables Xe to allow to consider temperature,
wind, loads and other external effects which influence the structural response. Note however, that unlike
the HBF, the true value of the calibration parameters is assumed as fixed.

As typically presented in Bayesian inference, the estimated parameters are assumed as random
variables θ with an associated probability density function (PDF). On the other hand, the model dis-
crepancy and the model response surface are approximated by statistical models, known as multiple
response Gaussian processes (mrGp), whose parameters (hyperparameters φ ) have to be estimated. The
estimation of the hyperparameters, also known as Bayesian model selection [22], depends of the training
data and is carried out through maximum likelihood estimation (MLE) or empirical Bayes methods.

Finally, Bayes’ theorem is used to compute the posterior of the calibration parameters, which in
turn is based on the prior and likelihood function built by Eq. (1). For additional details of the modelling
assumptions, considered uncertainties and application of the methodology for st-id the reader is referred
to the following publications [21, 23–25].

2.2 Damage identification

In this section the application of the modular Bayesian for damage detection will be detailed. In the
context of a supervised damage detection evaluation, the most relevant sources of uncertainty in Eq. (1)
are the calibration parameters and the discrepancy function. In the current work, we restrict our attention
to the calibration parameters influence. Specifically, the core idea is to establish a reference state, when
the structural system is assumed healthy, and estimate the parameters, subsequently comparing this
reference with an estimate of the parameters for a current state.

The algorithm flowchart is depicted in Fig. 1. As can be seen, the damage detection framework
requires computation of a mrGp of the computer model identically to the original MBA, in Task 1.
Subsequently the discrepancy function and calibration parameters posterior are estimated in a reference
and current state, Task 2 and 3, respectively. Each of the tasks iterates over module 2 and 3 from the
MBA, supplying prior information of the calibration parameter and monitored data De

r or De
c. During

such computations it is advisable to supply a monitored reference dataset De
r which includes as much

information as possible, e.g. seasonal variations in a one year time frame, and is acquired at the earliest
possible stage of the structure’ life-cycle. Finally, in Task 4 the uncertainties of the parameters posteriors
are propagated to a damage metric random variable DF , defined as follows

DF =
θc−θr

θr
(2)

where θr and θc are also random variables which represent the parameters in the reference and current
health state, respectively. By analysing the PDF of DF for each calibration parameter it is possible to
comprehensively evaluate damage.

Note that the assumed metric presumes that an increase of the parameter is associated with loss
of its current or future performance, which might not necessarily be the case, e.g. if the parameter
represents the stiffness or area of a structural element. Moreover, note that damage which occurs at a
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Figure 1 : Flowchart of the MBA original approach (left) and the proposed damage detection framework (right).

location, other than the one modelled by the identified parameters, would not be readily captured. One
possible way to surpass the last limitation would be to also examine the variability of the discrepancy
function between the current and reference state, which would capture any anomalous trend. However
the current work is limited to the analysis of the calibration parameters.

Subsequently, the probability of damage exceeding a given damage factor d f given the measured
data in both the reference and current state of the structure is defined as

p(DF ≥ d f ) = p
(

θc−θr

θr
≥ d f

)
= p(θc−θr ≥ d f ×θr) (3)

provided that the identified parameters do not become negative. The density in Eq. (3) can be further
developed as

p(θc−θr ≥ d f ×θr) = 1−CDF
(

d f ×θr− (µc
θ −µ

r
θ ),
√
(σ r

θ
)2 +(σ c

θ
)2

)
(4)

=
1
2
− 1

2
er f

d f ×θ r− (µc
θ
−µr

θ
)√

2((σ r
θ
)2 +(σ c

θ
)2)

 (5)



where (θr,σ
r
θ
), (θc,σ

c
θ
), are the mean and standard deviations for the calibration parameters estimated

in the reference and current health state, respectively, CDF is the cumulative Gaussian density function
and er f is the Gauss Error function.

The probability distribution for the most probable damage factor corresponds to the 50% level of
Eq. (4). As it can be observed, the uncertainty associated with such estimate is directly associated with
the uncertainty of the posteriors in the reference and current state. For the present work these have been
assumed independent, and computed with the variance formula [26].

3. SEASONAL AND OPERATIONAL DATA OF THE TAMAR BRIDGE

In this section some information related with the Tamar bridge and the monitoring systems which allow
for its health assessment will be briefly discussed. The bridge spans over the Tamar river, which sepa-
rates Plymouth–Saltash, in the UK. Several environmental and operational factors have influenced the
dynamic behaviour of this complex structure, and a considerable amount of related research has been
developed in this regard.

In addition to these effects, the Tamar bridge deck has been rebuilt in 1999-2001, changing the
behaviour of its thermal expansion, and sixteen stay cables have been added to support the deck. All of
these new elements and their interaction with the bridge have also sparked interest in the SHM research
community.

Since the greatest threat to critical infrastructure is climate change, causing ever more frequent
typhoons, tsunamis, floods, etc., it is vital to develop and calibrate models in a early reference state
of the structure, which can be used to monitor its resilience against the environment. Particularly for
Tamar bridge, an FE model which represents the structure after its reconstruction has been developed
specifically to analyse the above mentioned external effects.

A more in depth overview of the calibration of the Tamar bridge FE model in its reference state is
detailed in a companion publication by Jesus et al. [27].

3.1 Post-processing of monitored data

In the framework of the MBA, the selected design variables which drive Tamar’s bridge dynamic re-
sponse are traffic, temperature and wind, by decreasing order of relevance [28]. However, the current
study is limited to traffic and temperature effects.

Having selected the factors which excite the structural behaviour it is now necessary to choose
which responses are more informative for the identification task. It is recalled that the objective is to
identify the main and side cables initial strain and the stiffness due to friction in the bearings of the
bridge. Then, one straightforward way of selecting the output responses is by performing a sensitivity
analysis with an FE model of the infrastructure. Based on the Tamar bridge FE model, it is known
that the simulated natural frequencies are sensitive to the cables initial strain, as noted in Westgate and
Brownjohn [29] analysis, and the mid-span displacements are sensitive to the stiffness of the thermal
expansion gap bearings, as shown by Westgate et al. [30].

Therefore, natural frequencies based on a set of acceleration data, mid-span displacements from a
total positioning system (TPS) reflector, cable temperature from thermocouples, and vehicle counts from
toll gates of the Plymouth side are considered. For the reference state and current state, data was obtained
from 24 May 2009 to 1 March 2010, and between 9 March 2010 to 27 March 2010, respectively. After
these dates several sensors have stopped working and it became impossible to obtain synchronised data.
Fortunately the collective sensory system worked for more than one year, and therefore large seasonal
variations are included for calibration.

After cleansing and synchronising the whole data sets 2419 and 270 common points were obtained
for the reference/current state. For the current health state these are visualised in Fig. 2. Frequency labels
follow the convention: L is a lateral mode shape, V is vertical mode shape, T is a torsional mode shape,
TRANS is a longitudinal translation mode, S is symmetric, A is asymmetric, SS is side span and the



numbers are their relevant order. It is now important to observe the patterns that the data follows, in order
to establish the correlation functions which will have to be assumed for the mrGps. For example, the
natural frequencies and the displacements in the mid-span generally follow linear correlations, except
perhaps for the traffic/displacement relation in Fig. 2(d). Furthermore, vertical displacements of the mid-
span are very noisy comparatively to the other directions, cf Fig. 2(c). Therefore, a linear correlation
function was assumed for the mrGps that fit the discrepancy function, and the variance of the vertical
mid-span displacement observation error was set with a larger search interval.

(a) (b)

(c) (d)

Figure 2 : Post-processed data – 9 March 2010 to 27 March 2010 time period - natural frequencies (a), (b) and
mid-span relative displacements (c) and (d).

3.2 FE simulation of thermal and traffic effects

Having established the experimental data sets, including the dependency Y e/Xe, the mrGp of the dis-
crepancy function δ and the observation error ε , it is necessary to proceed similarly for the FE model
term Y m(Xm,Θm). Similarly to what has been presented before, the mrGp of the FE model has to be
trained with simulated data. This data provides a mapping between the model inputs (Xm,Θm) and the
model output Y m. In essence, the input is generated in a Latin hypercube space and the output is stored
for each iteration. Approximately 400 data points have been sampled in this manner.

Firstly, it should be mentioned that the Tamar bridge FE model has been developed using ANSYS
and comprises approximately 45000 elements, from which: expansion joints have been modelled with
linear spring elements; truss members with fixed-rotation beams; deck/towers with shells and the cables



and hangers with uniaxial tension only beam elements. Additionally to thermal and traffic effects the
three aforementioned calibration parameters θ will also be generated. These are the stiffness of linear
springs, denoted as Kd , which represents friction in the thermal expansion bearings of the Saltash tower,
and the initial strain εi in the two main and 16 stay cables of the bridge, respectively.

Secondly, it is necessary to highlight how temperature and traffic effects are considered. For tem-
perature, a gradient is applied uniformly across all the elements, provided that the temperature of a main
cable is below a notable value τc ≤ 15◦. If the temperature is above this value, different temperatures
are applied to lighted and shaded elements of the bridge as follows

τS =

{
0.433τc +7.877 τc > 15
τc τc ≤ 15 τL =

{
1.544τc−8.798 τc > 15
τc τc ≤ 15 (6)

where τS and τL represent the applied temperature in shaded (truss bridge under deck), and lighted
(other components except cables) elements, respectively. Essentially, Eq. (6) represents a temperature
fork, occurring at 15◦, where lighted and shaded structural elements attain a higher/lower temperature
than cables.

Thirdly, the effects of traffic are assumed as a set of distributed mass nodes, evenly spread lon-
gitudinally across the bridge deck, and asymmetrically in the lateral direction, similarly to the model
detailed by Westgate et al. [30]. The main differences are that in the current work temperature is also
taken into account, and only the traffic from the Plymouth to Saltash direction has been considered.

Finally, and gathering all the above mentioned information, the simulations of the FE model have
been generated with varying values of temperature, traffic mass, calibration parameters, and the corre-
sponding natural frequencies/displacements stored. The resulting simulations are shown in Fig 3. As
expected, by comparison with Fig. 2 there is additional variability on the model output, not only due
to the larger temperature/traffic intervals but also the varying calibration parameters. The vertical dis-
placement has the larger variability and it is primarily dominated by the initial strain of the main cables,
whereas the LS1a variability occurs mainly due to the stay cables initial strain. Overall the trends are
also linear and a linear correlation function was also assumed for the model mrGp.

Note that to avoid mixtures between mode shapes while running the simulations, a comparison
against reference mode shapes has been performed using the modal assurance criterion (MAC) at 80%.

4. BRIDGE CABLES/BEARINGS DAMAGE IDENTIFICATION

In this section the results of the application of the MBA for damage detection will be presented. As
mentioned in the introduction, the main goal of the present work is not to validate the results, but to
showcase the potentiality of the proposed approach.

4.1 Posterior distributions of reference and current health state

An identified posterior distribution of the calibration parameters for the current state is shown in Fig 4.
The shown histograms display samples which were obtained with the Metropolis Hastings algorithm.
The assumed prior has equivalent moments to the posterior of the reference state, and the likelihood is
built from the probabilistic model described in Section 2.1. The moments for the current and reference
state posteriors are shown in Table 1. It is noticeable that the variances are smaller for the current state,
despite the smaller amount of data which was used for its inference. In particular the stay cables variance
decreased by 89% of its original value.

4.2 Probability of damage

Subsequently, the probability that the damage factor DF of Eq. (2) exceeds a certain threshold value
d f is shown in Fig. 5. The Metropolis Hastings samples have been used to propagate the uncertainty
in the parameters of the reference and current state to the damage factor. Note also that the current



(a) (b)

(c) (d)

Figure 3 : Simulated data – natural frequencies (a), (b) and mid-span relative displacements (c) and (d).

Mean Variance
Reference Current Reference Current

Main cables 0.0012 0.0012 0.25×10−6 0.14×10−6

Stay cables 0.0024 0.0029 1.17×10−6 0.13×10−6

Bearings (kN/mm) 8.3290 6.8365 5.39 4.11

Table 1 : Posterior PDF moments for the reference and current health state.

(a) (b) (c)

Figure 4 : Prior and posterior PDFs for main (a) stay cables (b) and stiffness of bearings (c).



damage identification takes into account model discrepancy, external effects and observation error, being
therefore challenging. If more data had been made available the estimation uncertainty visible in the
plots would be expected to decrease. Another factor which also contributed to the overall amount of
uncertainty, is that the estimates of the calibration parameters have been assumed as independent.

(a) (b) (c)

Figure 5 : Probability of exceeding a certain damage factor for main (a) stay cables (b) and stiffness of bearings
(c).

Finally, the distributions of the most probable damage factor can be seen in Fig. 6. Its moments are
µDF = [−2.44,18.60,−17.92]% and VDF = [0.2527,0.2968,0.1404] for the mean and variance, respec-
tively. It should be noted that the used metric allows for negative values to occur, which indicates that
the estimate for the reference state was too high.

(a) (b) (c)

Figure 6 : Probability density function of damage factor of main (a) stay cables (b) and stiffness of bearings (c).

Since for the considered parameters only an increase would be cause of concern, the main cables
and the bearings are believed to be in good structural condition. The stay cables, on the other hand,
display an increase of almost 20% of its initial strain. Furthermore, vertical plane oscillations of up to
100mm amplitude have been registered in these cables, and to avoid public concern/ensure durability of
the cable sockets, these vibrations have been eliminated with water-butt dampers [32]. At this point, it
is important to recall that we have assumed that our calibration parameters true value is fixed; and that
all the cables have the same initial strain. Thus, and to ensure that the 20% increase is not due to the
inherent variability of the parameter, a comparison against available cable forces in the stay cables of
the bridge will be carried out.

Summarily, measurements of cable forces in the bridge fifteen stay cables for a single month in
2008 have indicated a mean value of µ = 1183.6 kN and a standard deviation of σ = 267.1 kN. An
histogram of the cable forces is shown in Fig. 7. Therefore, the cables are expected to have a variation
of σ/µ = 22.6% of their average value within a prediction interval of 68.2%. Since this variation is
larger than the increase which has been computed by the MBA it is plausible to assume it as caused by
the inherent variability of the parameters.



Figure 7 : Histogram of fifteen stay cable forces – January 2008. The dotted lines represent the mean cable forces
for the two types of stay cables.

5. CONCLUSIONS

In this work a modular Bayesian approach has been applied for damage detection of the Tamar bridge’s
main, stay cables and the stiffness of its bearings. Major conclusions can be stated as follows

• The main cables and the bearings have shown no signs of any structural anomaly.
• On the other hand, the stay cables have registered a considerable increase of its initial strain,

which was however attributed to the inherent variability of the cable properties.
• The estimation uncertainty of the damage factor is considerable and future efforts are target at

reducing this constraint.

Another avenue of research is the use of the discrepancy function as an indicator of the presence of
damage. With this work the authors hope to motivate further developments of the MBA for damage
detection, and to enhance the state of the art of the SHM community.
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