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ABSTRACT 
 
Life-cycle management (LCM) of infrastructure systems is challenged by the presence of multiple uncertainties 
associated with load effects, deterioration phenomena, and effects of maintenance/repair actions on the 
structural performance, among others. Structural health monitoring (SHM) techniques provide useful tools for 
reducing the uncertainties associated with our imperfect knowledge. This paper presents the general concepts of 
the LCM including the probabilistic performance assessment, role of the integration of SHM information into 
the LCM of civil and marine infrastructure systems, and updating the management plans based on SHM and 
inspection information. The general concepts of maintenance, inspection, and monitoring optimization are 
discussed. Additionally, recent applications of the SHM information and inspection outcome integration into the 
LCM procedures are presented. 
 
KEYWORDS 
 
Structural health monitoring, infrastructure management, performance assessment, life-cycle optimization, 
uncertainty. 
 
INTRODUCTION  
 
Infrastructure systems are under continuous deterioration caused by mechanical and environmental stressors 
(Frangopol 2011; Kim et al. 2013). This deterioration if not effectively managed, may lead to significant 
negative economic and social consequences. Within the last decades, life-cycle management (LCM) of 
structures gained an increasing attention due to the limited availability of funding and aging of the infrastructure 
systems. Probabilistic life-cycle assessment and optimization provides a solid foundation to manage these 
deteriorating systems(Frangopol and Soliman 2013).In this approach, the management is accomplished through 
multiple successive steps, each of which is represented by its corresponding module in the LCM framework 
shown schematically in Figure 1. The first step of the management is to analyse the application under 
consideration to identify the deteriorating mechanisms and indicate the areas susceptible to damage. Next, the 
time-dependent structural performance, under the identified sources of deterioration, is predicted. The predicted 
structural performance profile is subsequently used, along with supplementary information such as the cost of 
interventions, performance thresholds, and the effect of maintenance on the structural performance, to find the 
optimum inspection/monitoring/maintenance types and application times.Optimum intervention scheduling can 
be performed with various objectives, as will be shown next, in which some of them may conflict. This 
requiresthe formulation of computationally-intensive multi-criteria optimization problems and a robust 
optimization algorithm. After obtaining the optimum inspection, monitoring, and/or maintenance schedule that 
best suits the management goals, the final step would be to apply the proposed plan to the investigated structure.  
 
Structural health monitoring (SHM) plays an important role in the LCM framework(Frangopol 2011; Okasha et 
al. 2010; Okasha and Frangopol 2012a). As shown in Figure 1, the LCM may be performed without the 
inclusion of the SHM information; however, this inclusion significantly improvesthe LCM by integratingthe 
actual structural responses which helps reducing the epistemic uncertainties associated with the LCMas well as 
providing the ability to detect the damage based on the recorded structural responses(Okasha et al. 2011). The 
implementation of SHM data can be performedat multiple stages within the LCM framework (see Figure 1). For 
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instance, the SHM information may be initially implemented to find the actual structural response under normal 
operation and integrate these responses to obtain the time-variant structural performance profile which will be 
used later for the intervention scheduling. Alternatively, information collected during future SHM or inspection 
actions can also be used to update the adopted deterioration modelsandestablish improvedintervention plans.  
 
This paper highlights the role of the SHM in the LCM framework and presents recent applications of integrating 
SHMinformation into the LCM of civil and marine infrastructures. The presented applications cover the 
reliability prediction of bridges and ship structures, subjected to fatigue and corrosion, as well as updating the 
time-dependent performance profiles with the presence of new information collected during inspections or SHM 
actions.  
 
LIFE-CYCLE MANAGEMENT UNDER UNCERTAINTY 
 
The life-cycle analyses of infrastructure systemsdeals with multiple sources of uncertainty associated with (a) 
material properties, (b) load effects, (c) deterioration phenomena, (d) modelling of the structural performance, (e) 
inspection and SHM outcomes, (f) effect of maintenance and repair actions on the structural performance, and 
(g) cost. Hence, the proper LCM can only be performed probabilistically. This requires the use of probabilistic 
performance indicators such as the reliability index, risk, and redundancy to provide a quantificationof structural 
performance in probabilistic terms. These performance indicators are explained briefly next. 
 
Probabilistic Performance Indicators 
 
A common performance indicator, the reliability index,can be based on the point-in-time probability of failure. 
The probability of failure of a system is defined as the probability of violating any of its limit states(Frangopol 
2011). A limit-state is defined as 
 

      g(X) = R - S = 0                                      (1) 
 
whereR and Srepresent the resistance and load effects, respectively, and X is the vector of random variables 
associated with R and S. are expressed in terms of the governing random variables. Figure 2 shows 
schematically the probability density functions (PDFs) of R andS, and g(X). Based on this limit state, the 
structural point-in-time probability of failure is evaluated as 
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Figure 1. Schematic for the general LCM showing the application of SHM 
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where ( )RF x  is the instantaneous cumulative probability distribution function (CDF) of the resistance and 
( )Sf x  is the PDF of the instantaneous load effect. The corresponding reliability index β is computed as 

 
1(1 )fPβ −= Φ −   (3) 

 
where (  )Φ ⋅ is the cumulative distribution function of standard normal distribution.For cases where R and S are 
statistically independent normally distributed, the reliability index can be computed as 
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in which Rµ  and Sµ  are the mean values of the resistance and load effects, respectively; and Rσ and Sσ are the 
respective standard deviations of the resistance and load effects. For more complex problems, where R and S are 
not normally distributed, efficient reliability techniques are used to evaluate the component reliability, such as 
the first order method (FORM), second order method (SORM), and Monte Carlo simulation. The FORM and 
SORM have been widely employed in many structural reliability problems and various software packages, such 
as RELSYS(Estes and Frangopol 1998), to calculate the reliability indices of structural components and 
systems. 
 
Cumulative-time failure probability of a component during a period of time tLisa useful performance indicator 
for the cases where the probability of satisfactory performance over a certain period of time is of interest. This 
probability is computed as (Mori and Ellingwood 1993) 
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where Ro is the initial resistance, ( )

oRf r  is the PDF of Ro, h(t) is the mean value of the degradation function 
H(t), λ is the mean occurrence rate of the applied load where its occurrence is assumed to follow a Poisson 
process, ( )SF s is the CDF of the applied load. 
 
Redundancy, as a performance indicator, measures the reserve capacity of the structure and gives an indication 
on the presence of alternative load paths within the structure. A system with high redundancy will not fail under 
the failure of any of its components and will provide enough warning before the total structural collapse.Several 

Figure 2. (a) PDFs of R and S, and (b) PDF of the safety margin and the reliability index 



redundancy indices have been proposed in literature; the following indicatorshave been widely adopted as 
measures of system redundancy (Okasha & Frangopol 2009; Decò et al. 2012) 
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where ( )in tβ is the reliability index of the intact system and ( )damaged tβ is the reliability index of the damaged 
system. ( )SF tβ is the reliability index with respect to the system failure and ( )FF tβ represents the reliability 
index with respect to the first failure.  
 
In addition to the aforementioned performance indicators, lifetime reliability measures (Leemis 1995) offer 
multiple performance indicators for the structural reliability of components and systems. These indicators have 
been successfully used for the life-cycle management of bridges under different deteriorating mechanisms 
(Okasha and Frangopol 2009; Orcesi and Frangopol 2011). Multiple lifetime functions can be defined based on 
the PDF of time to failure PDF such as the cumulative probability of failure, the survivor function, the hazard 
function and the cumulative hazard function. Each of these functions has different interpretation and represents 
a distinctive feature that can be implemented within the general life-cycle management framework.  
 
Extreme events associated with natural or man-made hazards causing sudden drop in performance were also 
considered within the LCM framework in addition to gradual time-dependent deterioration. Natural events may 
include earthquakes and tornadoes whereas man-made hazards can include accidents and explosions. These 
abnormal events may lead to a localized failure in the structure, which can lead tofailures in other major parts of 
the structure and eventually to progressive structural collapse. Infrastructures and specifically bridges must be 
robust enough to resist this progressive collapse. In this context, and to mitigate the risk of progressive collapse, 
Ellingwood(2006) defined K to be the event that a potentially damaging load occurs and D tobe the event that 
structurally significant local damage results, and he defined the annual probability of structural collapse due to K 
as 
 

 [ ]  [ | ] [ | ] KP Collapse P Collapse D P D K λ= ⋅ ⋅                  (8) 
 
in which Kλ  is the mean rate of occurrence of K, which can also serve as the annual probability of occurrence,

[ | ]P D K  is the conditional probability of damage state D, given K, and P[Collapse|D] represents the probability 
of disproportionate damage or collapse, given damage state D. If multiple hazards and damage states are 
possible,Eq. 8 yields 
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in which the summations are taken over hazards and damage states. This probability of collapse can be 
mitigated through the development of alternate load paths, redundancy, ductility in the structure, and continuity, 
among others(Ellingwood and Dusenberry 2005). After evaluating the occurrence probabilities of different 
hazards and the probability of structural damage or collapse and evaluating the consequences associated with 
failure due to different hazards, risk analysis can be performed by evaluating the instantaneous total risk as    
 

 [ ]total totalR C P Collapse= ⋅           (10) 
 
whereCtotalis the consequences associated with the failure of the structure. These consequences include 
rebuilding cost, running cost, time loss cost, and environmental cost, among others(Zhu and Frangopol 2013b). 
 
Each of the previously discussed performance indicators can be successfully integrated within the LCM 
framework to find optimal inspection/monitoring/maintenance schedules which fulfill the management goals. 
The adopted  performance indicators for such scheduling schemes include the reliability index (Kwon and 
Frangopol 2011), system reliability and redundancy (Okasha and Frangopol 2009), risk (Zhu and Frangopol 
2013b), life-time based reliability and redundancy (Okasha and Frangopol 2010), and probabilistic condition 
and safety indices (Neves et al. 2006a; Neves et al. 2006b). To achieve themanagement objectives, probabilistic 



optimization, which is considered as the core of the LCM, is performed within the LCM framework and 
provides the main outcomes of the LCM. 
 
Optimization of management plans 
 
Within this module of the LCM, information from the performance prediction process is combined with other 
inputs regarding the available budgets, effect of maintenance actions on the performance, and the performance 
thresholds to find the optimal intervention options. Due to the large number of variables and the presence of 
uncertainties, this process has to be performed probabilistically and can be highly computationally-intensive. 
Thus, innovative programming techniques along with advanced modelling tool such as the Latin Hypercube 
sampling and response surface method can be used to reduce the computational time.  
 
Up to date, multiple goals for the LCM optimization have been considered such as minimizing the damage 
detection delay (Kim and Frangopol 2011a; Kim and Frangopol 2011b; Kim and Frangopol 2012), maximizing 
the probability of detection (Soliman et al. 2013), minimizing the total life-cycle risk (Zhu and Frangopol 
2013b), minimizing the expected annual system failure rate(Barone et al. 2013), maximizing the expected 
service life (Kim et al. 2011; Kim et al. 2013), and minimizing the life-cycle cost (Kim et al. 2013). 
Additionally, the optimization process may have two or more conflicting objectives, such as minimizing the 
total life-cycle cost, which requires low number of inspections to be performed, along with minimizing the 
damage detection delay, which, in contrast, will require additional inspections. 
 
For the LCM optimization, genetic algorithms (GAs) were widely used due to their proven robustness against 
convergence for this type of problems. Other advantages, including the ease of implementationand the use of the 
objective function rather than its derivatives, make it very useful tool for the use in life-cycle optimization. 
Outcomes of this process include inspection times, inspection qualities, monitoring times, monitoring durations, 
and preventive and essential maintenance times and types. However, the inclusion of SHM data within the LCM 
optimization can lead to more reliable results(Frangopol 2011; Okasha & Frangopol 2012a). 
 
INTEGRATION OF INSPECTION AND SHM IN THE LCM FRAMEWORK 
 

Integration of SHM for Performance Prediction 
 
SHM provides effective tools to determine the actual structural responsesand aids in reducing the epistemic 
uncertainties associated the performance prediction process (Kim and Frangopol 2011c).Kwon and Frangopol 
(2010) used the long-term SHM data to perform fatigue assessment for steel bridges. They focused on 
evaluating the PDFs of equivalent stress range based on field monitoring data. The AASHTO (AASHTO 
2012)S-N (i.e., stress-life) approachwas used to estimate the capacity of structural details in their fatigue 
reliability assessment approach, whereas long-term monitoring data were used to provide efficient information 
for fatigue in terms of equivalent stress range and cumulative number of stress cycles. The approach used 
probabilistic distributions associated with stress ranges to effectively predict equivalent stress ranges for bridge 
fatigue reliability assessment.The following performance function was used to evaluate the time-variant 
reliability index 
 
 g D= ∆ −      (11) 

 
where Δ is  Miner’s critical fatigue damage accumulation index indicating the resistance, and D is Miner’s 
damage accumulation index indicating the demand and can be expressed, for single slope S-N lines, as (Kwon 
and Frangopol 2010) 
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whereA and m are the S-N relationship parameters (AASHTO 2012), Sre is the equivalent constant-amplitude 
stress range, and N is the cumulative annual number of stress cycles. By analyzing the fatigue performance 
function given by Eq. 11, the time-variant reliability profile of the studied location can be found and the fatigue 
service life can be obtained, as shown in Figure 3, after selecting the appropriate reliability threshold.The study 
compared the Weibull, lognormal, and gamma PDFs for the use in modeling the stress range distribution of the 
studied detail. It was concluded from the study that the adopted PDF for fatigue assessment has a significant 
impact on the time-dependent reliability of the detail.  
 



Frangopol et al. (2008) performedreliability evaluation of steel bridges, based on SHM data, with respect to 
multiple limit states. The following equation was used to calculate the reliability index 
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whereμR is the mean resistance; o

Mµ is the maximum monitored load effect; and σR is the standard deviation of 
the resistance; and fs is the error associated with the sensor reading. The proposed reliability model was applied 
to yielding and fatigue of steel members. 
 
SHM data wereused forfatigue inspection scheduling of steel bridges with multiple fatigue critical details by 
Soliman et al. (2013).  The proposed inspection scheduling approach uses field monitoring information to find 
the stress range and the average number of cycles affecting the critical details within a bridge. This information 
is integrated into a crack growth investigation based on linear elastic fracture mechanics to find the PDF of the 
time to failure at each critical detail using Monte Carlo simulation. This time to failure at a critical detail is 
found as 
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where C and m are material constants, Nan is the annual number of cycles based on monitoring data, Ssr is the 
stress range, and G(a) is a geometric function which depends on the crack shape, geometry and location (Fisher 
1984). The general approach for evaluating the PDF of the time to failure based on SHM data is shown in Figure 
4. The PDF of the time to failure was subsequently used to find the optimal inspection schedules. Two 
optimization problems were constructed and solved using GAs; the first problem has a single objective aiming 
to maximize the probability of damage detection, while the second is a bi-objective problem that simultaneously 
minimizes the inspection cost and maximizes the probability of damage detection associated with the inspection 
schedule. The outcomes of the first problem are the inspection times which minimize the objective function for 
a given inspection method, while the second problem yields the optimum inspection times and the type of 
inspection to be used at each of the critical location at each inspection. 
 
SHM information was also successfully implemented in the fatigue life assessment of high speed naval vessels 
in Kwon et al. (2013). In their study, data collected during seakeeping trials were used to find the fatigue 
reliability profile of the ship details under investigation and predict the remaining fatigue life based on the pre-
defined ship operational profile. 
 
 

 
 

Figure 3. Reliability profile and fatigue service life estimation 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Updating Structural Performance Profile based on Information from SHM and Inspection 
 
Knowledge obtained from recent inspection actions or SHM may give a clear indicationon the current condition 
state of the structure under investigation and provides useful information that can be used to update the 
performance prediction models (Okasha et al. 2012; Soliman and Frangopol 2013; Zhu and Frangopol 2013a). 
This updated performance prediction will result in updated intervention schedules. This process is schematically 
shown in Figure 5. The updating process is essential for the effective implementation of the LCM since 
inspection and SHM information carry uncertainties. Thus, maintenance and repair decisions should be made 
based on both, the inspection/SHM data and the results of the prediction models (Zheng and Ellingwood 1998). 
Within the last decades, multiple approaches have been proposed for updating the performance prediction 
models based on inspection outcomes and/or SHM data.Moan and Song (2000) proposed an approach to update 
the reliability of a system of fatigue critical details based on the results of the inspection of several components 
in the system. Other approaches in this field use the Bayesian updating of model parameters. In this process, 
information from inspection or SHM is used to represent the likelihood function which can be combined with 
the prior information on model parameters to find their posterior distributions.  
 
The posterior distributions can be found as (Ang and Tang 2007) 
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where ( | )P θ d  is the posterior distribution of model parameters θgiven the additional information d; P(θ) 
represents the prior distribution of model parameters; ( | )P d θ is the likelihood function of obtaining information 
d conditioned by θ;d and θ are the vectors of observed data and model parameters, respectively. 
 

Figure 4. Evaluation of the PDF of time to failure based on SHM data 



 
Figure 5. Updating model parameters and LCM plans based on SHM and inspection data 

 
By knowing the prior distributions and the likelihood function, the posterior distributions can be established 
using sampling approaches based on Markov chain Monte Carlo simulation such as the Metropolis algorithm 
(Metropolis et al. 1953)or the slice sampling algorithm(Neal 2003). Although this updating process may be 
computationally expensive, it has been successfully included within the proposed LCM framework.Soliman and 
Frangopol (2013) proposed an approach for obtaining the updated optimal inspection times based on 
information collected during previousinspections performed within the initially designed inspection plan. They 
considered the following likelihood function (Perrin et al. 2007) 
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where di and ap,i are the observed and predicted data, respectively, at the ith inspection; σe represents a single 
error term combining the measurement and modeling errors which is assumed to follow a normal distribution 
with zero mean and a standard deviation σe (i.e., N(0, σe)). Based on studying the sample space of inspection 
outcomes, subsequent inspection times can be found. 
 
Okasha and Frangopol (2012b)proposed another approach for integrating the information obtained from SHM in 
the life-cycle bridge management framework. In their approach, the bridge performance is predicted using 
extreme value statistics. Advanced modeling tools and techniques were used for the lifetime reliability 
computations, including incremental nonlinear finite element analyses, quadratic response surface modeling 
using design of experiments concepts, and Latin hypercube sampling, among other techniques. The new 
information is considered in the form of discrete sample values such as the maximum daily bending moment 
affecting a certain cross section over a given period of time. Accordingly, the likelihood function was defined as 
(Ang and Tang 2007) 
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in which ( | )X if x θ  is the PDF of the Xevaluated at the SHM data value xi.This likelihood function was used to 
update the extreme value distributions of the bending moments at the bridge girders and accordingly, the time-
dependent probability of failure profile was updated based. A similar approach was used in Okasha et al. (2010) 
to evaluate the reliability of ship structures withthe integration of SHM information.Okasha et al. 
(2012)proposed another approach for the automated finite element updating using strain data recorded by SHM 
crawl tests.  The automated finite element model updating technique was used for updating the resistance 
parameters of the structure. The results from the crawl tests were used to update the finite element model and, in 
turn, update the lifetime reliability.  
 
The inclusion of monitoring results into reliability evaluation and life-cycle assessment of highway bridges has 
major advantages. However, monitoring systems can, in some cases, add economic burden to the LCM process. 
The cost of monitoring generally consists of: (a) preparation cost, (b) maintenance cost of monitoring system 



(sensors, wiring, and data acquisition systems), (c) analysis and report preparation costs, and (d) continuous 
review of data for long-term monitoring programs(Frangopol et al. 2008). Each of the discussed items contains 
staff and material costs. Among these items, the continuous review of monitoring data contributes as the 
maximum portion of the monitoring cost for monitoring actions that lasts up to three years(Frangopol et al. 
2008). Therefore, the proper LCM technique should seek the optimal balance between the safety requirements 
and the financial constraints. 
 
CONCLUSIONS 
 
This paper presented the probabilistic LCM methodologies and the recent applications on integrating the SHM 
and inspection information into the LCM framework. This framework covers predicting the time-variant 
structural performance and scheduling the future interventions, including inspections, monitoring, and/or 
maintenance and repairs actions, such that an optimal management solution which satisfies the goals and 
constraints (e.g., safety levels and available budgets) is achieved. The LCM framework allows the effective 
integration of SHM into the performance assessment and prediction module. For bridges, the SHM information 
can be used to update the load effects caused by traffic; thenew information is next combined with the prior 
knowledge and used to establish new performance profiles. For ship structures, the SHM data can be used to 
update load effects arising from sea operation and, as a result, update the lifetime projected performance profiles. 
These updated profiles are utilized to find more refined optimal intervention schedules. Information from 
inspection can also be incorporated within the LCM framework to update the damage propagation model 
parameters to assist achieving improved damage propagation predictions. The proposed framework with the 
integration of the SHM information should be able to support the decision makers to make rational and accurate 
decisions regarding the infrastructure system under consideration. 
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