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Fatigue reliability assessment and life-cycle cost analysis of roadway bridges
equipped with weigh-in-motion systems

Stefano Sacconia, Ilaria Venanzia , Laura Ierimontia, Michela Tortia, Simon Laflammeb and Filippo Ubertinia

aDepartment of Civil and Environmental Engineering, University of Perugia, Perugia, Italy; bDepartment of Civil, Construction, and
Environmental Engineering, Iowa State University, Ames, Iowa, USA

ABSTRACT
The fatigue safety assessment of critical details in steel bridges is dominated by several uncertainties
mainly related to load modelling. The use of integrated weigh-in-motion (WIM) systems in roadway
bridges allows to collect all the necessary information for tracking actual traffic conditions. Based on
WIM data, the uncertainty associated to the evaluation of the probability of fatigue failure is reduced,
allowing the optimal scheduling of repair and maintenance activities and thus improving safety and
economic savings. The paper presents a methodology for estimating fatigue life cycle cost (LCC) of
roadway bridges equipped with a WIM system that considers uncertainties in measurement and mod-
elling errors. The procedure allows the quantification of the economic gain enabled by WIM systems,
useful in assessing the cost/accuracy trade-off for a given WIM system. It is found that the continuous
use of a WIM system may improve the rate of decrease of the structural reliability index, compared
with temporally limited use of WIM data. The periodic update of the reliability index and of the prob-
ability of failure based on WIM measurements results in a rather accurate estimation of the fatigue life
cycle cost, which is crucial in identifying the payback time of the WIM system.
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1. Introduction

The optimal planning of civil infrastructure management is
currently of great interest for operators and other stakehold-
ers. In the context of limited economic resources, optimal
and customized solutions for infrastructures operation and
maintenance (O&M) must be developed to ensure the oper-
ability and safety of the transportation network (Frangopol,
Dong, & Sabatino, 2017; Jensen, 2020; Wu et al., 2020).
Research in that area has led to the advancement of innova-
tive and complex technologies to assess structural conditions
such as Structural Health Monitoring (SHM) systems
(Okasha & Frangopol, 2012; Sousa, Rozsas, Slobbe, &
Courage, 2020), and of decision-making algorithms such as
those based on decision trees, Value of Information (VoI)
assessment (Straub et al., 2017; Zonta, Glisic, &
Adriaenssens, 2014) and Life Cycle Cost (LCC) analysis
(Torti, Venanzi, & Ubertini, 2020). Indeed, the optimization
of the life-cycle cost of a project by analysing different alter-
natives is critical to the complex decision-making process
(Ierimonti, Caracoglia, Venanzi, & Materazzi, 2017;
Ierimonti, Venanzi, & Caracoglia, 2018; Venanzi, Ierimonti,
& Caracoglia, 2020). In this context, the LCC-based meth-
odology is gaining attention in different engineering fields
and for different applications (Kleingesinds, Lavan, &
Venanzi, 2020; Micheli, Cao, Laflamme, & Alipour, 2020;
Micheli & Laflamme, 2020; Torti, Venanzi, Laflamme, &

Ubertini, 2021; Venanzi, Lavan, Ierimonti, & Fabrizi, 2018),
as it allows to account for different sources of uncertainties.

The fatigue failure mode of the primary girders and their
joints is one of the main damage mechanisms of steel or
steel-reinforced concrete composite bridges, governing the
design and the inspection plans during the lifetime. The
brittleness of the mechanism along with the several uncertain-
ties in quantifying resistance (e.g., material properties, pres-
ence of imperfections in the welds) and traffic loads, require a
probabilistic approach for assessment and verification of
fatigue safety. Numerous studies were conducted on the
fatigue reliability of steel bridges (Tong, Aiqun, & Jianhui,
2008, Kwon & Frangopol, 2010, Guo & Chen, 2013, Chen,
Xu, & Wang, 2012, Farreras-Alcover, Chryssanthopoulos, &
Andersen, 2017, Park, Park, & Kim, 2018).

Typically, the fatigue failure of a critical steel component
of a bridge is due to traffic loads, and its estimation and
forecast used in the fatigue reliability analysis significantly
influence the results. A complete traffic model consists of
the vehicle classification, gross vehicle weight that is the
sum of single axles weights, axles spacing, traffic compos-
ition, average daily traffic and speed. All these parameters
may be detected and studied over time by equipping the
bridge pavement with a WIM system. Different WIM tech-
nologies have been developed in the last decade (Birgin,
Laflamme, D’Alessandro, Garcia-Macias, & Ubertini, 2020;
Haugen, Levy, Aakre, & Tello, 2016; Sekuła & Kołakowski,
2012), with the aim of providing reliable estimation of the
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traffic data and giving valuable information for forecast-
ing trends.

For fatigue reliability purposes, knowledge of field traffic
data allows to reduce the sources of uncertainty in traffic
model parameters and to correctly track the evolution of
traffic load over time (Guo, Frangopol, & Chen, 2012,
Zhang & Au, 2017, Lu, Liu, & Deng, 2019). Ma, Xu, Wang,
and Chen (2018) proposed fatigue-loaded vehicle models
and theoretical fatigue life analyses of ribs butt welds on
steel box girders based on large datasets collected by the
WIM system installed on XiHouMen Bridge. Sun, Xu,
Wang, Li, and Zhu (2019) modelled future vehicle loading
on the bridge using WIM records and the agent-based traf-
fic flow micro simulation method to evaluate fatigue damage
accumulation for long-span steel bridges. In addition,
Soriano, Casas, and Ghosn (2017) used WIM datasets col-
lected on site to model the maximum expected traffic load
effect on highway bridges. Deng, Zhang, Feng, and Li
(2021) predicted future fatigue damage of cables or hangers
on a suspension bridge by feeding the subsequent WIM
data into the regression. Sousa, Costa, Henriques, Bento,
and Figueiras (2015) used WIM data for a probabilistic-
based quantification of extreme traffic loads with different
return periods on roadway bridges.

The efforts to obtain more accurate evaluations of fatigue
reliability using field data are synergic to the parallel
research activities developed in recent years on the use of
monitoring data in the optimization of O&M. In some con-
tributions, cost analysis is used to demonstrate savings that
can be achieved by structural monitoring (Frangopol,
Strauss, & Kim, 2008, Kim & Frangopol, 2011). Within the
framework of the fatigue limit state monitoring, it is worth
mentioning the COST Action TU 1402 devoted to the quan-
tification of the VoI of Structural Health Monitoring
(Diamantidis, Sykora, & Sousa, 2019; Sousa, Wenzel, &
Th€ons, 2019; Th€ons, 2018, 2019). Within this framework,
Th€ons (2018) described a tool for the quantification of the
VoI of SHM by comparing management strategies with or
without additional monitoring information. Bayane, Long,
Th€ons, and Br€uhwiler (2019) suggested that fatigue safety
verification of existing bridges should be based on SHM
data and not on code-based calculations, because they are
too conservative.

Most of the literature contributions on fatigue damage
assessment aimed at the quantification of economic benefits
of SHM systems either consider generic SHM-based infor-
mation without stressing the adopted sensor network, or
consider data from sensors other than WIM systems. This is
an important gap given that WIM systems are currently
receiving much attention in bridge monitoring worldwide.
Moreover, research works dealing with probabilistic estima-
tion of traffic loads or bridge’s response during lifetime are
based on short-term WIM monitoring periods, neglecting
the measurement errors and the influence of the monitoring
period on the assessment. WIM system measurements can
be subjected to a considerable uncertainty, because dynamic
phenomena occur during the movement of the vehicle

suspension. It follows that a probabilistic approach is par-
ticularly suitable in order to mitigate fatigue-related damage.

This paper presents a study on the evaluation of fatigue
life-cycle cost of bridges equipped with WIM systems, with
focus on the duration of the WIM data collection, termed
monitoring period. In literature, the calibration of the traffic
model is generally conducted over limited monitoring peri-
ods, ranging from a few days to a year. Longer monitoring
periods may provide more realistic estimation of the fatigue
life (Farreras-Alcover, Andersen, & Mc Fadyen, 2016), as
uncertainties related to traffic model characterization are
reduced. It follows that the precision of a given WIM sys-
tem may also play an important role in estimating fatigue
damage accumulation. In the present work, both monitoring
period duration and WIM system precision were considered
to increase the accuracy of the probabilistic approach of
fatigue damage based on WIM data and to stimulate the use
of long-term monitoring systems. This paper follows a
recent study by the authors (Sacconi, Ierimonti, Venanzi, &
Ubertini, 2021) where a preliminary cost comparison
between data obtained from monitoring systems and those
obtained from Eurocode was carried out. Although referring
to a similar case study, in the previous paper probabilities of
failure were computed through the PEER convolution inte-
gral, considering the fatigue damage index calculated
through the Palmgren-Miner’s rule as engineering demand
parameter. That study was therefore preliminary because it
considered all the sources of uncertainties involved in dam-
age index estimation through the damage index variability.
Nevertheless, it highlighted the importance of using WIM
data for the correct damage estimation and motivated the
present research, where the probabilistic analysis method
has been improved by considering uncertainties due to
measurement error of the WIM system, approximation error
in the stress cycles computation and the randomness on the
fatigue resistance model.

The main contribution of this paper is proposing an
LCC-based methodology that allows to assess the economic
advantages of installing a WIM system to provide traffic
monitoring data over a given duration. Such a methodology
is useful to support decision makers in selecting the best
WIM strategy by quantifying trade-offs between cost and
sensing precision and evaluate the influence of the monitor-
ing period. This would allow the evaluation of economic
benefits provided by an SHM system capable of guiding the
O&M scheduling based on fatigue estimation and forecast.
A case study is used for the numerical demonstration, con-
sisting of a 570m long continuous steel-concrete composite
highway bridge. Because of the lack of available WIM data
on the selected case study, field monitoring data from the
WIM system installed along the Interstate 80 (I-80) that
runs East-West across the central portion of Iowa, USA,
was used.

Different scenarios are compared in terms of probability
of failure and life-cycle costs: a first scenario in which WIM
data are available over all the bridge’s lifetime (denoted as
Continuous WIM, C-WIM) and a second scenario in which
data are available during a limited period (denoted as
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Temporary WIM, T-WIM). In the C-WIM analysis case, the
measured data are directly used to perform the reliability
analysis accounting for different sources of uncertainties
related to the WIM measurements. Since monitoring data
available for a restricted period of time, the case of C-WIM
is simulated by assuming the traffic model numerically con-
structed from the available experimental data as invariant
over the years.

In the T-WIM analysis case, the restricted number of
datasets provided by the WIM are used to predict the reli-
ability index and the corresponding life-cycle costs over the
structure’s lifetime with a consequent increase of the level of
uncertainty. The main novelties of the paper with respect to
the existing literature are the following:

� the approach based on the LCC analysis is explored for
addressing the problem of fatigue damage estimation
with a general methodology which can be easily extended
for considering different damages induced by other haz-
ards, such as earthquake and wind;

� the proposed method uses WIM data for reliability
assessment and accounts for measurement errors and
monitoring duration with different levels of
uncertainties;

� T-WIM and C-WIM analysis cases are differentiated,
allowing the quantification of advantages for a given
monitoring duration both in terms of uncertainty reduc-
tion and economic savings, over the bridge’s lifetime;

� a strategy is proposed to select the best WIM sensing
technology that provides an optimal trade-off between
cost and precision.

The paper is organized as follows. Section 2 presents the
LCC algorithm. Section 3 describes the case study bridge
and the experimental data used for traffic load modelling.
Section 4 presents the results. Section 5 concludes the paper.

2. LCC-based methodology

2.1. LCC algorithm

In this section, the proposed probabilistic life-cycle cost
methodology is presented. The algorithm, schematized in
Figure 1, is as follows:

1. Process WIM data. Preliminarily, the WIM data are
pre-filtered to exclude inconsistent records. Then, the
data are processed to obtain the estimates of the prob-
ability distributions of the parameters defining the traf-
fic load. In particular, for each vehicle crossing the
bridge, its gross vehicle weight (GVW), axles weights
(AW) and axles spacings (AP) are estimated. Then, the
vehicle is classified by type and the average daily traffic
(ADT) and speed distributions are evaluated. Finally, to
consider the amplification factor related to the dynamic
response of the bridge, the AW are multiplied by 1.5
(Ludescher & Br€uhwiler, 2009).

2. Compute the loading-induced stress time histories.
Influence lines, representing the variation of bending
moment at a specific cross section of the bridge x, are
computed as functions of AW and AP, using the super-
position principle:

gjðxÞ ¼
XNa
n¼1

AWnjg x�
Xn�1

m¼1

APmj

 !
for 0�x�L

þ
XNa�1

m¼1

APmj (1)

where gj (x) is the influence line at coordinate x for
vehicle type j identified by the WIM system, Na is the
number of vehicle axles, AWnj is the weight of the n-th
axle of the j-th vehicle, APmj is the m-th axles spacing of
the j-th vehicle and L is the length of the bridge. Equation
(1) presents the response due to the passage of a vehicle
on the bridge. The effects of the vehicle axles are obtained
by summing the influence line of the first axle translated
of the distance between the first axle and the others
(Bertoncelli & Silvestri, 2019). Assuming a linear elastic
behavior of the bridge, gj(x) are used to evaluate the time
histories of the corresponding stresses at the locations of
each fatigue-sensitive structural detail (e.g. welds and
bolted joints) using the Navier flexural stress equation.
The simplified hypothesis of linear elastic behavior, that
neglects the cracks initiation and the viscous elastic
behavior of concrete, is considered acceptable for reliabil-
ity assessment in line with the existing literature
(Farreras-Alcover et al., 2017). The use of Navier flexural
stress equation is also a simplification, especially when
stresses are referred to local details, but this does not rep-
resent a limitation in generality given that the relation-
ship between axle load and stress may be corrected with
detailed FEM modeling and easily introduced in the cost
assessment procedure. For more accurate predictions,
data from a field calibration, i.e., a load test, could also be
utilized for response correction (Sousa et al., 2015).

3. Calculate the number of cycles (nij) associated to stress
ranges Drij. Using the time histories of stresses at the
locations of the fatigue-sensitive structural details, the
number of cycles nij associated with the stress range
Drij for each type of vehicle are determined through
the rain flow method (Downing & Socie, 1982). The
stress range Drij represents the i-th stress range due to
the passage of the j-th vehicle.

4. Compute the fatigue limit state function, defined as:

gðX, tÞ ¼ DcritðXÞ � DðX, tÞ (2)

where X is the vector of the random variables, Dcrit is
the Miner’s Damage sum at failure, t is time in years
and D is the fatigue damage index computed through
the Palmgren–Miner’s rule (Miner, 1945):

DðX, tÞ ¼
XV
j

XI
i

nijðtÞ
NijðX; tÞ (3)
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where V is the total number of vehicles, I is the total
number of stress ranges and Nij is the number of stress
cycles to failure associated with Drij obtained from the
two-slope S-N W€ohler curve with fatigue life endurance
limit. The S-N logarithmic curves are taken from
Eurocode 3 (Eurocode 3, 3, 2005). Each curve corre-
sponds to a detail category denoted as Drc, that accounts
for the possible presence of defects (e.g., imperfections
and residual stresses in welded connections) inducing
fatigue cracks. The choice of the random variables vector
X, and therefore the formulation of the limit state func-
tion, is different in the C-WIM and T-WIM cases.

5. Conduct reliability analysis. Once the limit state function is
computed, the reliability index (b) and the corresponding
probability of failure (Pf) are calculated as functions of time
using the Hasofer-Lind method modified in based on the
Rackwitz-Fiessler procedure to consider non-Gaussian dis-
tributions for random variables (Nowak & Collins, 2000) at
each analysed detail over a specific bridge’s cross section.

6. Conduct life-cycle cost analysis. The expected life-cycle
cost is computed as the sum of initial and maintenance
costs of the structure and the WIM system, and of
repair costs of the structure. The repair cost is com-
puted as a function of the probability of failure and
therefore depends on the duration of the monitoring
period and on accuracy of the monitoring system.

2.2. Reliability analysis

The reliability analysis methodology is presented below. It
differs between the case of continuous monitoring (C-WIM)
and the case of temporary monitoring (T-WIM).

2.2.1. C-Wim reliability analysis
In the C-WIM analysis case, WIM data is assumed to be
available during the whole bridge’s lifetime and the random
variables involved in the fatigue damage estimation (col-
lected in vector X) are those related to measurements and
modelling errors (em and ed, respectively) as well as uncer-
tainties on Miners’s damage sum at failure (D

�
c) and S-N

curve (~N):

X ¼ ½em, ed, D
�
c, N

�� (4)

In the previous formula, the random variable em repre-
sents the uncertainty due to measurement error of the WIM
system, ed is an approximation error in the computation of
the mean value of the probability distribution of Drij, D

�
c

takes into account the random nature of the fatigue resist-
ance model and N

�
takes into account the uncertainty related

to the number of cycles to failure obtained through the S-
N curves.

In particular em¼Dra/Dre, is the WIM measurement
error obtained by the ratio between the actual stress range
Dra and the stress range obtained through the data post
processing of the WIM system Dre. If Dra>Dre the WIM
system is underestimating the stress range value and a larger
number of cycles Nij to failure is estimated from the S-N
curve. In this case, em is larger than 1 corresponding to an
increase in damage accumulation.

The other error, ed, is the approximation error that is
committed when the term Nij in Equation (3) is evaluated
by considering the mean value of Drij as the input variable
for entering the S-N logarithmic curves (Figure 2(d)),
instead of including all the Drij associated to each type of
vehicle. Term ed can be written as:

Figure 1. Algorithm for LCCA of bridges equipped with WIM systems.
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ed ¼ Da�De

Da
(5)

where Da and De are defined as:

Da ¼
ðDrU
DrL

nijðDrijÞ
NijðDrijÞ dDr (6)

De ¼
ntot;jðDrijÞ

Ntot;jðDrmean;jÞ (7)

The variable Da is calculated by the integral of the fatigue
damage index over all stress ranges of the considered vehicle
(DrL � Drij � DrU). The lower bound of the stress range,
DrL, is the lower value that leads to damage accumulation
(Figures 2(a) and (b)), the upper bound DrU is the max-
imum stress value obtained from experimental data for the
considered type of vehicle. nij represents the number of
crossings of stress ranges Drij for the considered vehicle,
and Nij are the corresponding number of cycles of failure
(Figure 2(a) and (b)).

Variable De is calculated using the mean value of all
stress ranges of the considered vehicle (Drmean,j). The total
number of crossings for the considered vehicle (ntot,j) is the
sum of the number of crossings for the considered vehicle
(nij), in detail ntot,j is the sum of all frequencies in Figure
2(a). The mean value (Drmean,j) of all stress ranges is used
to calculate the number of cycles to failure Ntot,j (Drmean,j)
(Figure 2(c) and (d)) through the S-N curves. It follows that
ed quantifies the relative distance between the measured
coupled values nij-Drij and the estimated values ntot,j-
Drmean,j, as defined in Equation (5).

The term ed assumes larger values as the distance (Da-
De) positively increases, leading to a possible incorrect esti-
mation of the real cycles Nij that may induce a fatigue-based
damage. Conversely, if De approaches Da, then the error ed
approaches 0. This mathematical condition entails that Nij is
directly proportional to (1-ed), inducing a positive increment
of the damage accumulation D, consistently with the
increase of ed. The random variable D

�
c varies around unity

since damage may occur for D
�
c different than 1. Combining

uncertain parameters em, ed, D
�
c and N

�
, the limit state func-

tion can be defined as:

g X; tð Þ ¼ D
�
c � D

¼ D
�
c �

XV
j¼1

nj

NjðDrmean;jÞ � N
�

0
@

1
A em

1� ed
(8)

where, with respect to Equation (3), the summation on i is
neglected because the average value of the stress ranges for
the j-th vehicle has been considered to calculate Nj, t is the
time at which the limit state function is computed, V is
the number of different types of vehicles detected from the
processing of WIM data in each period t, nj is the number
of the vehicle cycles of the same type, Nj is the number of
cycles to fatigue failure corresponding to Drmean,j, D

�
c and N

�

have the same meaning as defined in Equation (4).
The modified Hasofer Lind method is then adopted to

estimate the reliability index based on to the Rackwitz-
Fiessler procedure. The design point on the failure surface is

determined through an iterative technique to find the reli-
ability index b that is the smallest distance between the fail-
ure surface and the design point (Nowak & Collins, 2000).
The probability of failure is then computed for each ana-
lysed bridge’s cross section (x) and as a function of time
after construction (t), as:

Pf ðx, tÞ ¼ /ð�bðx, tÞÞ (9)

where / is the normal cumulative distribution function.

2.2.2. T-Wim reliability analysis
In the T-WIM analysis case, WIM data are available only
during the monitored period (t� tmon). Therefore, a greater
level of uncertainty is considered in the limit state function
when assuming WIM data recorded in the monitored period
as representative of the traffic load in the following unmoni-
tored period. Hence, in addition to the design variables con-
sidered in the C-WIM case, the stress ranges Drmean;j

corresponding to the traffic load become uncertain at the
end of the monitored period (ti > tmon). The increase in the
number of random variables leads to an increased level of
uncertainty associated to the fatigue damage estimation and
to the predicted probability of failure.

Hence, in the case of not continuously recorded WIM
data, the probability of failure and the expected life-cycle
costs could be overestimated. The stress ranges calculated
from the data provided by the WIM system are directly
used to determine the limit state function (g) within the
monitored period while in the unmonitored period (t >
tmon) a forecast based on previously recorded data is con-
ducted. The random variables vector is therefore defined as:

X ¼ ½em, ed, D
�
c, N

�
, Drmean;j� (10)

where Drmean,j represents the mean stress range value (of all
stress ranges exceeding the life threshold of unlimited
fatigue) of the j-th type of vehicle. The limit state function
is defined as:

g X; tð Þ ¼ D
�
c � D ¼ D

�
c �

XV
j¼1

nj

NjðDrmean;jÞ � N
�

0
@

1
A em

1� ed

(11)

2.3. Life-cycle cost analysis

The expected total life-cycle cost c, normalized with respect
to the initial cost of the bridge CI, is evaluated using:

cðLtÞ ¼ E
C Ltð Þ�CI

CI

� �

¼ E CWIM, I þ
XVn
t¼1

CWIM,MðtÞ þ E CRðtÞ½ �
ð1þ rÞt

 !
1
CI

" #

(12)

where E [.] denotes the expected value, CWIM,I is the initial
installation cost of the WIM system, CWIM,M is the mainten-
ance cost of the WIM system, CR is the repair cost
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associated to a fatigue damage, Lt is the lifetime of the
structure, Vn is the bridge’s lifetime and r is the discount
rate. The initial cost CI includes the cost for design, con-
struction, testing, terrain purchase and safety burdens.

The installation cost of WIM system CWIM,I includes the
purchase cost of the sensors, the rehabilitation cost of the
road pavement once the sensor is installed, the cost of data
collection, the cost of labor and materials, and the cost of
calibration of WIM system. The yearly WIM’s maintenance
cost CWIM,M comprises the recalibration cost CWIM,M-r, on-
situ maintenance cost CWIM,M-s, and sensors replacement
cost CWIM,M-sr, and can be defined as:

CWIM,M¼ CWIM,M�r þ CWIM,M�s þ CWIM,M�srCðtÞ (13)

where C(t) is a temporal collocation vector for CWIM,M-sr

which is different from 0 if t¼�t , i.e., where �t is the year
at which the replacement of sensors is necessary.

The installation and maintenance costs are functions of
the type and number of sensors. The expected operating
period depends on the type of the sensor that is adopted

(Zhang, Haas, & Tighe, 2007). The structural repair cost can
be computed as a function of the probability of failure
using:

E CRðtÞ½ � ¼
XS
s¼1

Pf t, sð ÞCf if Pf t, sð Þ<Pf

Cr if Pf t, sð Þ ¼ Pf

8><
>: (14)

where s is the considered girder segment, S is the total num-
ber of segments of the girder, Pf(t,s) is the probability of
failure computed at time t and for segment s (in corres-
pondence of section at position x, in the middle of the seg-
ment), Cf is the unit failure cost, Cr is the unit repair cost,
and Pf is the probability threshold beyond which the repair
is required. After introducing the term cwim,i¼ CWIM,i/CI,
Equation (12) can be rewritten as:

cðLtÞ ¼ E
C Ltð Þ � CI

CI

� �
¼ cwim, i þ E

nðt; sÞþcWIM;M

ð1þrÞt
" #

(15)

where nðt; sÞ and cWIM,M can be defined using:

Figure 2. Schematical representation of the calculation of Da and De: (a) relative frequency histogram of nij as a function of the stress ranges Drij; (b) stress range
curve as a function of Nij; (c) total number the number of nij with the corresponding mean value of stress ranges Drmean,j depicted from Figure 2(a); (d) evaluation
of N(Drmean,j).
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nðt; sÞ ¼
XLt
t¼1

XS
s¼1

Pfðt; sÞCf

CI
if Pf t; sð Þ<Pf

Cr

CI
if Pf t; sð Þ ¼ Pf

8>>><
>>>:

(16)

cWIM, M ¼
CWIM,M�r þ CWIM,M�s

CI
if t 6¼ t

�

CWIM,M�sr

CI
if t ¼ �t

8>><
>>: (17)

3 Application to the case study of a multi-span
steel-concrete composite roadway bridge

3.1. Description of the bridge

The proposed algorithm described in Section 2 was applied
to a viaduct located near Serra San Quirico, along the
Perugia-Ancona highway, in Central Italy. The structure is a
570m long continuous steel-concrete composite highway
bridge that includes 10 spans of lengths varying from 40m
to 70m. The deck width is 12.55m including a 9.75m road-
way and 2.8m sidewalk (Figure 3(b)). The cross section
consists of two double-T section steel girders fabricated by
welding and spaced at 7m, while the height of the girders
along the longitudinal direction of the bridge is 2.3m with a
0.32m thick concrete slab. The strength class of concrete is
C38/35 for the slab, the characteristic yield strength of
reinforcement steel is 450MPa, and S355 steel is used for
the girders.

A linear static analysis of the girder was performed by
using a Matlab code (The MathWorks Inc, 2018). The FEM
of the girder consists of continuous Euler/Bernoulli beams
(Figure 3(a)) connected by 5700 nodes, positioned every
10 cm, with 3 degrees of freedom per node. The girder is
simply supported at piers and hinged at fixed abutments.
The FEM allows to determine the nodal displacements and
the stresses of a two-dimensional structure, after assigning
the stiffness of the frame sections, loads and constraints.
Then, nodal displacements are converted into stresses at a
discrete number of points between two subsequent nodes.
Stiffness properties of the steel-concrete composite beams
have been calculated considering their long-term behaviour.
Vehicle axle weights are applied as point loads to reproduce
the different types of vehicles passing through the bridge.

For each cross section and for each type of vehicle, the
influence lines of the bending moment are evaluated along
57 cross sections of the girder (at every 10m), shown in
Figure 3(a). The corresponding normal stress range values
(Drij) are computed for each analysed cross section at the
interior of the girder at the location of the welded connec-
tions between the web and the flange, which can be consid-
ered as the most stressed. According to Eurocode 3, the
detailed category adopted for the welded connection is Drc
¼ 125MPa (continuous longitudinal welds). In general, the
procedure could be applied to more than one fatigue detail
to obtain the total expected life-cycle cost.

3.2. WIM data pre-processing

It is assumed that the bridge is equipped with a WIM sys-
tem. As no traffic load data is available for the analyzed
bridge, WIM data made available by the Iowa Department
of Transportation was used for the analysis. The WIM data
was collected from July 1, 2009 to March 31, 2011 along the
Interstate 80 near Walcott, Iowa, USA, that runs through
Iowa, connecting San Francisco (California) to Teaneck
(New Jersey). To the aim of demonstrating the efficacy of
the methodology and of comparing different WIM systems,
it was considered acceptable to use WIM data measured on
a different, yet similar, bridge instead of on the selected case
study, neglecting the site-dependency of the traffic load.

Data from the WIM system consists of the date and the
time of registration, the overall weight of each vehicle, the
class of vehicle, the weight of single axles and the spacing
between consecutive axles. According to the WIM data ana-
lyst’s manual of the U.S. Department of Transportation
Federal Highway Administration (U.S. Department of
Transportation Federal Highway Administration, 2010), 34
different types of vehicles have been identified by analysing
WIM data. Among the 34 classes, 13 classes correspond to
those indicated by FHWA.

The monitored period is divided into seven quarters, i.e.,
groups of 3months. Figure 4(a) reports for each quarter and
for each one of the 34 classes the relative frequency of
vehicle passages. It is evident that about 80% of the vehicles
passing during each quarter are attributable to the ninth
class of heavy vehicles (FHWA). This is probably due to the
fact that close to the location of the WIM system (Walcott,
Iowa, USA) is the world’s largest truck stop. As an example
of the results of data processing, Figure 4(b)–(f) illustrate
the relative frequency of the axles weights (AWn,13,
n¼ 1,… ,5) of the 13th vehicle type (class 9 with 5 axles of
the FHWA) obtained from WIM data in the 7th moni-
tored quarter.

The traffic model used in LCC analyses is developed
based on experimental WIM data. In the C-WIM case, the
traffic characteristics obtained from the last monitored quar-
ter are assumed constant over time. In the T-WIM case,
after the end of the monitoring period, the traffic model is
unknown and the associated stress ranges are assumed as
random variables. A more accurate traffic model could be
used for the numerical prediction of the traffic flow, but it
is beyond the scope of the current study and is left to
future work.

3.3. Reliability model

The mean values (l) and the coefficients of variation (COV)
of the random variables em, ed, D

�
c, N

�
are listed in Table

1, where the mean value and the standard deviation of ed
are numerically estimated from the values of ed calculated
for each quarter. An ideal measuring system entails l¼ 1
and COV ¼ 0, and l¼ 0 and COV ¼ 0 for em and ed,
respectively. The mean values and the standard deviations
of D

�
c and N

�
are taken from literature ( Joint Committee on

Structural Safety, 2011; Det Norske Veritas, 2011 ).
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Figure 3. Schematic representation of the FEM model of the girder (a) and detail of the steel girder of the bridge (b).

Figure 4. Relative frequencies of the different types of vehicles (a) and frequency histograms of the AW1 (b), AW2 (c), AW3 (d), AW4 (e), AW5 (f) of 13
th type of

vehicle (7thquarter).
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Figure 5 depicts the mean values and the standard devia-
tions of Drmean,j, that depend on the considered section of
the bridge. It is worth noticing that only the vehicles caus-
ing the exceedance of the threshold value DrL for fatigue
damage accumulation are included.

3.4. Cost model

The initial cost of the bridge (CI) is known from surveys
carried out during the design phase. The individual initial
cost items are detailed in Table 2 (Venanzi, Castellani,
Ierimonti, & Ubertini, 2019), here divided by two to match
the single beam being analyzed. Two types of WIM systems
have been considered: the first one has an initial cost of
e20.000 (for two traffic lines) and has a 15% error in evalu-
ating the vehicle weight (GVW¼ ±15%) and the second one
has an initial cost of e60.000 and a 5% error in evaluating
the vehicle weight (GVW¼ ±5%), based on a commercial
producer (KISTLER, 2021).

Initial WIM costs include sensors and all ancillary works.
The annual cost of maintenance of the WIM system
(CWIM,M-rþCWIM,M-s) is assumed equal to the 20% of the
initial cost. It is hypothesized that after 10 years the sensors
are replaced, and the cost of the new sensors (CWIM,M-sr) is
40% of the initial costs of the WIM system, based on litera-
ture (National Cooperative Highway Research Program,
2004). The repair cost is assumed to be the same of the
monitoring cost while the failure cost is one hundred times
higher than the monitoring cost, based on literature (Neves,
Leander, Gonzalez, & Karoumi, 2019). The threshold of the
reliability index b beyond which a repair intervention is
required is taken as 2.3 corresponding to a value of prob-
ability of failure equal to 10�2. This assumption has been
made using the target reliability index reported in the
Eurocode 0 and findings reported in Rackwitz, 2000. As
reported in Table 3 summarizing the main cost items, the
repair and failure costs are assumed to be the same for both
WIM system solutions.

4. Numerical results

Numerical results have been computed for both the C-WIM
and T-WIM analysis cases and, additionally, the T-WIM
analysis case has been sub-classified based on the length of
the initial monitoring period, whereby subscript n (T-
WIMn) is added indicating the number of monitored quar-
ters for the analysis case. The analyses have been conducted
considering a monitoring system with a measurement error
of GVW¼ ±15% (low-performance WIM system) and com-
pared against that of GVW¼ ±5% (high-performance WIM
system). This comparison allows to demonstrate the efficacy
of the methodology in selecting the monitoring system as
the best compromise between initial costs and measurement
accuracy. In this sense, life-cycle cost is considered as a
measure guiding selection, achieved by the comparison of
alternative WIM systems.

4.1. Results of the reliability analysis

In this section the results of the reliability analysis are pre-
sented. For the purpose, the reliability index b and the cor-
responding probability of failure (see Section 2.2) are
calculated over the lifetime for each reference section along
the length of the girder. To evaluate the influence of the
duration of the monitoring period, two sub-cases are ana-
lysed for the T-WIM case: i) the sub-case with one moni-
tored quarter (T-WIM1); ii) the sub-case with seven
monitored quarters (T-WIM7). Since the available WIM
data are relative to a limited number of quarters, the
b-index is numerically predicted for the rest of the life-time.
The prediction is made based on the probability distribu-
tions empirically estimated in the monitoring period, i.e.,
the mean value and standard deviation of each random vari-
able are assumed equal to those estimated in the previous
period in which WIM data is available. While this repre-
sents a simplifying assumption, it is considered acceptable
for comparing different WIM systems, provided that the
monitoring period is long enough to provide reliable esti-
mates accounting for seasonal trends and given that possible
changes in traffic conditions are expected to be slow over
the years.

Figure 6(a) depicts the trend over time of b at the 37th

section, one of the most severely stressed sections of the
bridge located in the 7th midspan, as highlighted in Figure
3(a), while Figure 6(b) displays the corresponding probabil-
ity of failure (Pf). From the plots, it is possible to observe a
significant decrease of the b-index at the end of the moni-
toring periods, due to the increase in the number of random
variables that affect the reliability analysis (from 4 to 5). In
addition, it can be observed that the b-index decay is more
pronounced for a reduced length of the monitoring period.

The C-WIM and the T-WIM7 analysis results relative to
the 37th section are compared in Figure 7 from which it can
be observed that the trend of the b-index over time is signifi-
cantly higher for the C-WIM case when compared to the
T-WIM7. Indeed, when a continuous monitoring system is
considered (C-WIM), the uncertainties affecting the process of
b-index calculation are only related to the data acquisition
and to the post-process approximation error. In the T-WIM7

additional random variables are included in the reliability ana-
lysis, i.e., stress ranges Drij, after 7 monitored quarters. It is
worth noticing that, although the traffic model is assumed
invariant over time in the simulation of the C-WIM analysis
case, it could increase during years due to the modification of
type and number of heavy vehicles transiting the roadway net-
work (Wang, Xu, & Asce, 2019). This would lead to an
increase of the failure probability with time and a correspond-
ing decrease of the reliability index in the C-WIM case.

Figure 8 presents the trend over time of the b-index deter-
mined along the bridge’s longitudinal beam for the two ana-
lysis cases C-WIM (Figure 8(a)) and T-WIM7 (Figure 8(b))
for different lifetimes: 10, 20, 30, 40 and 50 years. The sections
of the bridge that need repairs are indicated in the Figures
through the horizontal lines representing the acceptable reli-
ability threshold b¼ 2.3, corresponding to the probability of
failure Pf¼10�2. Lower values of the b-index occur at the
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longest span, because the normal tension at the interior of the
girder due to the bending moment is considered. In the C-
WIM case the b-index varies more significantly than in the

T-WIM7 case, because there is an increase in the random var-
iables after seven quarters in the T-WIM7 case.

Figure 9 displays the trend over time of the b-index
determined along the bridge’s longitudinal beam for the two
analysis cases C-WIM characterized by different perform-
ance levels in terms of measurement error: GVW¼ ±15%
(high-performance) and GVW¼ ±5% (low-performance)
and for different lifetimes: 10 (Figure 9(a)) and 50 years
(Figure 9(b)). As it can be observed in Figure 9, the b-index
decreases with time and its trend along the beam is higher
in the case of the more performing monitoring system with
a consequent lower probability of failure.

Table 1. Mean values and coefficients of variation of the random variables em, ed, ~Dc and ~N used in the C-WIM and T-WIM analysis cases.

v.a. l (GVW ¼ 5%) COV (GVW ¼ 5%) l (GVW ¼ 15%) COV (GVW ¼ 15%) Types of distribution

em 1 0.05 1 0.15 Normal
ed 0.06 0.13 0.06 0.13 Normal
~Dc 1 0.3 1 0.3 Lognormal
~N 0 0.2 0 0.2 Normal

Figure 5. Mean values (a) and coefficients of variation (b) of the random variable Drmean,j.

Table 2. Initial costs of the bridge (Venanzi et al., 2019).

Cost item Cost (e)

Costruction 3.331.431
Design 233.200
Terrain puchase 83.182
Safety 337.046
Testing 99.942
Total initial cost CI 4.084.801
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It should also be noted that the differences in the beta
indexes obtained with the two WIM systems depend on the
considered cross-section of the bridge. The differences
between patterns of the beta index decrease with time due
to damage accumulation that becomes more influential
with time.

4.2. Results of the life-cycle cost analysis

In this section the results of the life-cycle cost analysis are pre-
sented. Figure 10(a)–(c) illustrate the expected life-cycle cost

over time of the structure normalized with respect to the initial
construction costs, as defined in Equation (12). According to
Equation (14), the sum of the failure probabilities is related to
the expected value of the repair cost, being Cf constant for all
sections s. From the results, it can be noted that different gaps
characterize the T-WIM7 curve, which are mainly due to the
repair costs associated to the attainment of the failure probabil-
ity threshold. The size of each gap depends on the number of
sections that reach the damage state and need to be repaired.
Also, an additional punctual increase of the costs in the C-
WIM, related to decommissioning and replacement of sensors,
can be observed at the time at which sensors are substituted,

Table 3. Lifetime cost items.

Cost item GVW¼ ±15% GVW¼ ±5%

WIM system 20.000 e 60.000 e

Structural repair 20.000 e 20.000 e

Structural failure 2.000.000 e 2.000.000 e

WIM maintenance 4.000 e (per year) 12.000 e (per year)
Replacement of sensors (only for C-WIM) 8.000 e (every 10 years) 24.000 e (every 10 years)

Figure 6. Reliability index (a) and probability of failure (b) in the 37th section computed for the T-WIM analysis cases.

Figure 7. Reliability index (a) and probability of failure (b) in the 37th section computed for the C-WIM and T-WIM7 analysis cases.
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which is denoted as CWIM,M-sr in Equation (13). It can be
observed in Figure 10 that the use of a continuous monitoring
system is more economically advantageous than having the
same WIM system installed for a limited period of time.
Indeed, the initial cost of the WIM system will be recovered
after approximately 2 years, because the repair costs are
reduced due to the lower probability of failure.

In Figure 11, the normalized expected life-cycle cost is
evaluated for two monitoring systems characterized by dif-
ferent performance levels in terms of measurement error:
GVW¼ ±15% (high-performance) and GVW¼ ±5% (low-
performance). It can be observed from the Figure that the
differences between the costs obtained using the two differ-
ent WIM systems are due to:

Figure 8. Reliability index (a)-(b) along the bridge’s span computed for the C-WIM and T-WIM7 analysis cases.

Figure 9. Reliability index along the bridge computed at the 10th (a) and 50th (b) year for the two considered WIM systems.
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� Initial costs that are quite different for the two systems.
� Maintenance costs that, according to Equation (13), are

the sum of annual costs due to recalibration and on-site
maintenance, that influence the slope of the cost graph,
and the periodic sensor’s replacement costs, that influ-
ence the leaps. These costs have been assumed propor-
tional to the initial WIM cost and therefore produce the
separation of the two lines with time.

� Repair costs that lead to the same slight progressive cost
increase over time for the two systems, related to the fail-
ure probability growth, and lead to sudden costs increase
due to bridge repair when the probability of failure reaches
the threshold in a specific section. In case of continuous

monitoring no section reaches the threshold of the beta
index relative to the repair action (as shown in Figure 9).

It can be noted that the use of a low-performance moni-
toring system is a more advantageous solution, since initial
and maintenance costs of the high-performance monitoring
system are higher. Moreover, the best performing WIM sys-
tem allows a better prediction of the time of bridge repair
with respect to the low performance system that seems to
anticipate the expected repair time. This is due to the
increased uncertainty in the fatigue damage accumulation
estimation related to the increased number of random varia-
bles considered in the probabilistic model.

Figure 10. Expected normalized total costs (a) over the lifetime of the bridge computed for the T-WIM7 (b) and C-WIM (c).
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Since the maintenance costs represent the cost item
mostly affecting the results, a parametric analysis has been
carried out on the variation of sensor’s replacement time.
The sensors lifespan duration is guaranteed by the manufac-
turer and depends on the type of sensor and site conditions.
Figure 12 presents the normalized expected life-cycle cost
evaluated for different values of sensors’ replacement time
and for monitoring systems characterized by different per-
formance levels: GVW ¼ 15% (a) and GVW ¼ 5%. The
hypothesis of replacing sensors more frequently, being equal

the replacement cost, leads to an increase in lifetime costs
of the structure. This implies that both initial and mainten-
ance costs of WIM are crucial to establish the economic
advantage of installing a traffic monitoring system.

Since the Eurocode 0 provides a range of reliability index
(1.5 < b< 3.8) for the structural members subjected to the
fatigue limit state, a parametric analysis has been carried out
for the T-WIM7 case to estimate the influence of the prob-
ability threshold on the expected life-cycle cost. The results
in terms of the normalized expected life-cycle costs are

Figure 11. Expected normalized total costs over the lifetime of the bridge computed considering C-WIM with GVW ¼ 15% and C-WIM with GVW ¼ 5%.

Figure 12. Expected normalized total costs over the lifetime of the bridge for different values of sensors’ replacement time computed considering the low-per-
formance system (a) and the high-performance system (b).
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shown in Figure 13, for different probability thresholds.
From Figure 13, it can be observed that, as the b threshold
increases (the probability of failure decreases), the expected
normalized cost increases since there are more sections
needing repairs over the lifetime.

5. Conclusions

In this paper, a new LCC-based algorithm was presented, speci-
alized for fatigue-induced loss analysis, with the main objective
of developing a practical support decision-tool in assessing the
economic advantages of installing a WIM system on roadway
bridges by integrating expected probabilistic traffic models. The
methodology provides the fatigue reliability index, the corre-
sponding probability of failure and the total life-cycle cost over
the bridge’s length and lifetime. Different sources of uncertainty
were considered, associated with the precision of the WIM sys-
tem and the estimation of the stress cycles, including uncertain-
ties in bridge modelling and response prediction.

Based on the proposed algorithm, the best type of WIM
system can be selected among different alternatives by quan-
tifying the trade-off between cost and precision. The influ-
ence of the duration of the monitoring period and the
economic benefit of setting maintenance and repairing oper-
ations on the most critical bridge sections, triggered by the
monitoring system, is also highlighted.

The results obtained from the case study bridge using
WIM data measured over a monitoring period of seven
quarters, demonstrate the following:

� The decreasing rate with time of the structural reliability
index is lower in the case of a long-term WIM system
rather than when WIM data is available over only a lim-
ited period. Therefore, an important economic gain can be
attainted in terms of life cycle cost through continuous
WIM measurements and continuous fatigue assessment.

� The periodic update of the reliability index and of the
probability of failure based on WIM collected data
results in an accurate estimation of the fatigue life cycle
cost and a more precise prediction of the time at which
repair actions are needed.

� The adoption of a better performing WIM system, with
lower measurement errors, may not be economically

advantageous. This depends on the differences between
the systems in terms of initial and maintenance costs.
Moreover, the sensors’ replacement time is a crucial par-
ameter that significantly influences the total costs.

The use of a WIM-based reliability assessment method-
ology allows a precise estimation of fatigue-induced life-cycle
costs of roadway bridges, as it accounts for measurement,
modeling and traffic model uncertainties, in dependence of
the specific type of WIM system that is adopted. It also avoids
the overestimation of fatigue induced damage, that is the
usual consequence of fatigue verification based on codes and
technical standards. Due to the availability of WIM data for a
limited period, the numerical results are obtained by extend-
ing the probabilistic traffic model obtained from WIM data to
the entire bridges’ lifetime and neglecting the possible traffic
increase over time. Further development of the work could
comprise the use of a more realistic traffic model for the
numerical prediction of the vehicles flow over years.
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Abbreviations

ADT average daily traffic
AP axles spacing
APmj m-th axles spacing of the j-th vehicle
AW axles weight
AWnj weight of the n-th axle of the j-th vehicle
c costs normalized
CF failure cost
CI initial cost
COV coefficient of variation
CR repair cost
cwim,i initial cost normalized
CWIM,I initial installation cost of WIM
CWIM,M maintenance cost of the WIM
cwim,i maintenance costs normalized
CWIM,M-r recalibration cost of the WIM
CWIM,M-s maintenance cost of the WIM
CWIM,M-sr sensors replacement cost
C-WIM continuous monitored period
D fatigue damage index
Da actual fatigue damage index
D
�
c uncertainty about the Miner’s damage sum at failure

Dcrit Miner’s Damage sum at failure
De fatigue damage index obtained through the data

post processing
E [.] expected value
ed approximation error
em measurement error
g limit state function
GVW gross vehicle weight
L length of the bridge
Lt lifetime of the structure
n failure and repair costs normalized
n number of quarters monitored
Na number of vehicle axles
nij number of cycles associated with the stress range Drij
Nij number of stress cycles to failure associated with Drij
Nj number of cycles to failure associated of the Drmean,j

N
�

uncertainty about S-N curves
nj number of the vehicle cycles
ntot,j total number of crossings for the considered vehicle
Pf probability of failure
Pf probability threshold
r discount rate
s girder segment
S total number of segments of the girder
t time
tmon monitored period
t year at which the replacement of sensor is necessary
T-WIM temporary monitored period
WIM Weight In Motion
x cross section
X vector of the random variables
b reliability index
C(t) temporal collocation vector
Dra actual stress range
Drc detail category
Dre stress range obtained through the data post processing
Drij i-th stress range due to the passage of the j-th vehicle
DrL lower bound of the stress range
Drmean,j mean value of all stress ranges of the considered vehicle
DrU upper bound of the stress range
gj(x) influence line at coordinate x for vehicle type j
l mean value
/ normal cumulative distribution function
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