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Introduction 27 

Communities rely heavily on various infrastructure systems (e.g., water, energy, 28 

communication, and transport networks) to continue their social and economic activities. The 29 

adequate and uninterrupted performance of infrastructure systems is essential to the growth 30 

and prosperity of each community (Aktan et al. 2016). Several factors can affect the state of 31 

the infrastructure systems and limit their functionality. Aging and fatigue due to a variety of 32 

factors such as continuous loading and environmental agents (i.e., wind, solar radiation, 33 

precipitation, and chemicals) gradually change the state of critical infrastructure assets, 34 

deteriorate their conditions, and increase their vulnerability in the face of natural disasters such 35 

as earthquakes. The earthquake-induced damage to the degraded infrastructure assets can 36 

disrupt their functionality. The loss of infrastructure systems functionality can lead to 37 

significant consequences (i.e., social and economic costs). Approximately $3 trillion is 38 

recorded as the economic loss of natural disasters in the last 20 years (United Nations Office 39 

for Disaster Risk Reduction (UNISDR) 2019). Interventions such as the seismic retrofit of 40 

assets can reduce their vulnerability in the face of earthquakes and reduce the incurred losses 41 

(Tapia and Padgett 2016).  42 

 To avoid over- and under-investment of limited available resources, asset managers should 43 

develop the optimal plan that simultaneously minimizes the vulnerability of assets in the face 44 

of probable future disasters, their post-disaster service-interruption, and the whole-life cycle 45 

costs (WLC) incurred by the community. Otherwise, the outcomes of the planned interventions 46 

will be suboptimal and may lead to unnecessary costs for the community (Ellingham and 47 

Fawcett 2007). Past research studies (e.g., Han et al. 2017; Tabandeh and Gardoni 2015) have 48 

investigated various aspects of retrofit projects. Past studies have proposed several techniques 49 

and methods to devise optimal investment plans for infrastructure assets retrofit and 50 



rehabilitation. For instance, Frangopol et al. (1997) assessed the role of degradation the WLC 51 

of bridges under various circumstances. They attempted to minimize the WLC while 52 

maintaining the lifetime reliability of the structure at an acceptable level. Using bridges on a 53 

highway in Italy and a hospital consisting of 11 buildings, Nuti and Vanzi (2003) proposed a 54 

methodology to decide about retrofitting the assets given the pre- and post-intervention rates 55 

of exceeding limit states annually. Dong et al. (2014) proposed the application of genetic 56 

algorithms to determine the optimal retrofit plan of bridge networks before an earthquake. 57 

Taking a similar approach, Mondoro et al. (2017) developed a risk-based method for managing 58 

coastal systems facing hurricanes. Talebiyan and Mahsuli (2018) prioritized the seismic retrofit 59 

of 114 masonry buildings based on the extent of reduction in the regional loss per dollar spent 60 

on the retrofit of each building. 61 

 The literature analysis on infrastructure retrofits and rehabilitation planning shows that the 62 

existing models are subject to a critical limitation. The existing models do not consider the 63 

flexibilities that asset managers can incorporate into their capital planning to cope with the 64 

evolving uncertainties. Examples of these uncertainties are the future state of the assets, the 65 

magnitude and time of probable future hazards, the damage that the asset may sustain in the 66 

face of a hazard, and the costs associated with retrofitting and repairing infrastructure assets. 67 

Flexibility in capital planning, specifically in retrofit and rehabilitation projects, can take 68 

various forms, such as the deferral of the investment (Dixit and Pindyck 1994; Guthrie 2013). 69 

Incorporating this flexibility in a project provides the asset managers with the opportunity to 70 

delay the investment, observe the way the uncertainties resolve, and invest the limited available 71 

resources only when the situation becomes favorable. When it comes to the planning of 72 

investments in vulnerability reduction measures (e.g., seismic retrofits), asset managers need 73 

appropriate investment valuation models capable of assessing such flexible strategies designed 74 

to address the underlying uncertainties. 75 



 In recent decades, real options (RO) analysis has been proposed as an alternative to the 76 

conventional investment valuation methods. Real options analysis is a practical approach to 77 

investment valuation that can address the challenges that underlie an economic environment 78 

characterized by a significant degree of uncertainty. It can provide managers and decision-79 

makers the necessary tools to handle flexibility in capital planning by mapping the uncertainties 80 

and decisions over time (Triantis and Bensoussan 2001). It can help them overcome the 81 

undesirable consequences of decision-making under large uncertainties, including the probable 82 

loss of profit (Aven and Ford 2004). There has been a growing trend in various industries 83 

toward incorporating flexibility in capital planning and using RO analysis to optimize 84 

investment plans. For instance, the application of RO analysis has been reported in production 85 

modularization (Xu et al. 2012), land use management (Regan et al. 2015), mining (Evatt et al. 86 

2012), information technology (Yong and Lawrence Sanders 2002), energy (Cover and 87 

Thomas 2012; Kashani et al. 2015), agriculture (Sanderson et al. 2016), and retail (Ashuri et 88 

al. 2008).  89 

 Like the industries mentioned above, infrastructure asset management and construction 90 

industries can be characterized by high degrees of uncertainty. Several past studies (Ford et al. 91 

2002; Pereira et al. 2006; Siripongvakin and Athigakunagorn 2020; Taneja et al. 2010) have 92 

investigated the application of RO analysis to the management of infrastructure assets or 93 

construction projects. For instance, Ford et al. (2002) described several advantages of using 94 

real options in construction projects by providing managers with 1) a better understanding of 95 

project uncertainties, 2) more flexibility through evaluation of projects scenarios, 3) enhanced 96 

strategies and comprehensive managerial decisions, and 4) competitiveness to catch latent 97 

values in projects. Savvidis et al. (2019) evaluated the application of RO to the timing of 98 

investment in the seismic upgrade of seaports considering the growth of the demand over time. 99 

They considered the upgrade costs, repair costs, and costs associated with the downtime after 100 



the earthquake to determine the optimal time to retrofit seaport facilities. Nevertheless, they 101 

did not consider the state and functionality of infrastructure assets and the associated 102 

uncertainties in determining the optimal investment plan.  103 

 The full potential of real options analysis in vulnerability reduction of infrastructure asset 104 

management is yet to be realized. To address the limitations mentioned above, this study puts 105 

forward a framework that determines the optimal timing of seismic retrofit investments by 106 

considering the uncertainty about the state of the asset, future hazards, retrofit and repair costs, 107 

and the costs that users incur due to the earthquake-induced damage to a facility. At the core 108 

of this framework is a real options model that uses a multinomial lattice as the decision tree 109 

and compares the value of the immediate implementation of a retrofit against its deferment to 110 

reduce the WLC.  111 

 This study contributes to the body of knowledge in infrastructure asset management by 112 

proposing a real options framework that can be used for the optimal timing of investment in 113 

seismic retrofits of infrastructure assets by incorporating the uncertainty associated with 1) the 114 

state of an asset and its response in the face of probable future hazards, 2) the time and 115 

magnitude of hazards, and 3) the costs incurred by the community (e.g., the earthquake-induced 116 

economic losses and retrofit costs). Using the proposed framework, asset managers can 117 

determine the optimal time for implementing seismic vulnerability reduction measures, reduce 118 

the associated risks with their portfolio of assets under a limited available budget, and avoid 119 

under- or over-allocation of budget to seismic retrofits. As a result, the application of the 120 

proposed framework can reduce the costs that communities incur for maintaining and operating 121 

infrastructure assets. The proposed framework can provide asset managers with an effective 122 

retrofit decision-making scheme that enhances their flexibility in spending their limited 123 

available budget and prevents the misappropriation of this budget by limiting its expenditure 124 

to the projects for which the benefits exceed the costs. To highlight the capabilities of the 125 



proposed framework, it is applied to the retrofit timing of a bridge in INSURER City, a virtual 126 

community developed at the Center for Infrastructure Sustainability and Resilience Research 127 

(INSURER). The analysis results demonstrate that using the proposed framework to plan 128 

seismic retrofits yields the least expected WLC. A sensitivity analysis was conducted as part 129 

of this example, the results of which underline the impact of the asset degradation rate and the 130 

earthquake occurrence rate on the optimal implementation time of seismic retrofits.  131 

 This paper is structured as follows. In the following section, the proposed framework is 132 

discussed in detail. Next, an illustrative application, which features the optimal timing of the 133 

seismic retrofit of a bridge in INSURER City, is presented. The ensuing insights are 134 

subsequently discussed. Finally, the conclusions, limitations, and contributions of this research 135 

and directions for further research are presented. 136 

Methodology 137 

Fig. 1 demonstrates the structure of the proposed framework that comprises several 138 

interdependent modules. These modules contain models that characterize the variables used in 139 

this analysis. An extensive review of the relevant literature was conducted to ensure that choice 140 

of models used in this framework is consistent with the existing literature. The structure of the 141 

proposed framework is modular and flexible, which facilitates the updating or replacement of 142 

a model as the knowledge in the corresponding area evolves, and more sophisticated models 143 

become available. The flexible structure of the proposed framework provides the opportunity 144 

to extend its boundaries. This structure also enhances scalability making the proposed 145 

framework applicable to problems with varying scales in different contexts. 146 

 The main component of the proposed framework is a real options model that determines 147 

the optimal time to invest in vulnerability reduction measures (i.e., seismic retrofits) using the 148 

inputs received from several other models. The real options analysis (ROA) model yields an 149 



exercise boundary that, for each given year, characterizes the state of the asset beyond which 150 

the immediate retrofit of the asset is preferred to its deferment.  151 

Asset module 152 

The asset module configures and determines the state of an asset and its replacement cost over 153 

its life span. This module consists of two main sub-models. The first sub-model, called the state 154 

model, determines the state of the asset. The state of an asset can change due to degradation, 155 

hazards, or human interventions. The second sub-model, which is called the asset replacement 156 

cost model, estimates the replacement cost of an asset over its life span using statistical 157 

stochastic processes. In the following, these sub-models are discussed in more detail.  158 

State model 159 

The state of an asset characterizes its service level and functionality at any given time (e.g., 160 

before hazard occurrence, after the occurrence of the hazard, and after repair or recovery 161 

activities). According to HAZUS – MH2.1 (FEMA-NIBS: Federal Emergency Management 162 

Agency (FEMA) by the National Institute of Building Sciences 2003), it is also the principal 163 

determinant of costs associated with the operation and maintenance of the asset, its need for a 164 

retrofit intervention, and its response to probable hazards that may necessitate a post-hazard 165 

recovery action.  166 

 Past studies (e.g., Aboura et al. 2008; Cesare et al. 1992) have introduced schemes to rate 167 

the state of a bridge based on the subjective analysis of practitioners. The rating scheme used 168 

in this study is based on the rating scheme proposed by HAZUS – MH2.1. It expresses the 169 

condition of a given asset using one of the five pre-defined states. In this system, shown in 170 

Table 1, the first state corresponds to a new and intact asset while the fifth state corresponds to 171 

a severely deteriorated or damaged asset. 172 



 Degradation, retrofit, hazards, and recovery actions can change the state of an asset over 173 

time. Eq. (1) provides the abstract form of the state of an after one decision interval 174 

𝑆௧ାଵ ൌ 𝑆௧ ൅ Δ𝑆௧ାଵ, ௗ൅ Δ𝑆௧ାଵ, ௥௧൅ Δ𝑆௧ାଵ, ௥௖൅ Δ𝑆௧ାଵ, ௛  (1) 

Where 𝑆௧ାଵ and 𝑆௧ are the states at time 𝑡 and 𝑡 ൅ 1, Δ𝑆௧ାଵ, ௝ is the expected change in the state 175 

of the asset due to phenomenon 𝑗 (𝑑: degradation, 𝑟𝑡: retrofit, 𝑟𝑐: recovery, and ℎ: hazard 176 

response) in the time interval between 𝑡 and 𝑡 ൅ 1. Degradation, retrofit model, response, and 177 

recovery model are described in the following. 178 

 Degradation alters the state of an asset over time. The future state of an asset subject to 179 

degradation is uncertain since one cannot accurately predict the quality and extent of changes 180 

caused by degradation. Golabi et al. (1982) first proposed using Markov chain models to 181 

characterize the changes in the state of a given asset due to degradation. Numerous studies 182 

(e.g., Cesare et al. 1992; Morcous et al. 2002) have applied Markov chain models to 183 

characterize the degradation process of assets. Consistent with the past studies, this study uses 184 

a first-order Markov Chain to characterize the probable state of an asset that is subject to 185 

degradation. A first-order Markov chain model is a stochastic process with a finite number of 186 

states in which 𝑆௧ାଵ(i.e., the state at 𝑡 ൅ 1) solely depends on 𝑆௧ (Ross 2010). Also, it is 187 

assumed that there is a fixed probability of transition from one state to another, Pr ሺ𝑆௧ାଵ|𝑆௧ሻ. 188 

 To determine the post-earthquake state of an asset, there is a need for appropriate models 189 

that characterize the probable future hazards in terms of their occurrence time and intensity, 190 

their impact on the infrastructure assets, and the consequent reduction in the functionality of 191 

assets. Dong et al. (2014) adopted a simple frequency-based approach to characterize the 192 

probable future hazard scenarios. Talebiyan and Mahsuli (2018) generated earthquake samples 193 

based on several parameters such as the fault characteristics and the distance between the 194 

location of structures and the epicenter of the earthquake. This process is called scenario 195 



sampling, a particular implementation of Monte Carlo sampling, in which magnitude and 196 

occurrence time of earthquakes are sampled in a timespan (Mahsuli et al. 2019; Rahimi and 197 

Mahsuli 2019). 198 

 The proposed framework employs the well-known Poisson point process to model the 199 

frequency or temporal distribution of the earthquakes that a seismic source can generate. A 200 

Poisson process is a continuous stochastic process in which the number of occurrences in time 201 

follows a Poisson distribution. Several past studies have used this model (see, e.g., Ashtari 202 

Jafari 2010; Wang et al. 2012; Weichert 1980) to simulate the occurrence of rare events (e.g., 203 

earthquakes).  204 

 Given the mean occurrence rate for the earthquakes from a specific source, the probability 205 

of exactly n events from the source during a time interval of duration t is: 206 

𝑃ேሺ𝑛|𝜆ሻ ൌ
𝑒ିఒ௧ሺ𝜆. 𝑡ሻ௡

𝑛!
, 𝑡 ൐ 0; 𝑛 𝑖𝑛𝑡𝑒𝑔𝑒𝑟 ൒ 0 (2) 

where 𝜆 is the occurrence rate (i.e., average numbers of events per unit of time). It can be shown 207 

that the time between two consecutive events follows an Exponential distribution (i.e., 𝑓ሺ𝑡ሻ ൌ208 

𝜆. 𝑒ିఒ௧). The inputs needed for the occurrence model are estimated as follows. Assuming that 209 

only ground motions with M > m are of interest and that occurrence of earthquakes with 210 

magnitudes greater than m follow a Poisson process, the mean occurrence rate, λ is estimated 211 

from data as: 212 

𝜆 ൌ
𝑛௛|ெவ௠

𝑡ଶ െ 𝑡ଵ
 (3) 

Where 𝑛௛|ெவ௠ is the number of earthquakes with 𝑀 ൐ 𝑚 in ሺ𝑡ଵ, 𝑡ଶሻ. Alternatively, λ can be 213 

determined subjectively. Random event occurrence times can be generated by generating the 214 

realizations of t (i.e., the time between two consecutive events) using parameter λ. Note that 215 

since t is a continuous variable, earthquake events can occur at any time during the study period. 216 



The generated realizations of t are then discretized by assigning the events that occur at any 217 

time within the 𝑇௜ and 𝑇௜ାଵ interval to time 𝑇௜ .  218 

Existing risk-analysis approaches often take a “hazard curve” as a starting point. In the context 219 

of seismic risk, a hazard curve displays the probability of exceeding values of a site-220 

specific ground shaking intensity, such as Sa. The underlying models of hazard curves 221 

characterize earthquake magnitude and location and the propagation of rupture energy. 222 

Hazard location models aim at predicting the earthquake location. In this study, the location 223 

model proposed by Mahsuli and Haukass (2013) is used. This location model takes random 224 

variables as input and generate earthquake location as output. Each realization of the random 225 

variables is associated with one earthquake location. Once the coordinates of this location are 226 

known, the distance to the site of the asset can be computed. 227 

 A truncated exponential distribution is often used to characterize the magnitude frequency 228 

statistics of earthquakes. The lower bound of magnitude distribution, 𝑚௠௜௡, is chosen to reflect 229 

the minimum magnitude that can cause damage and loss and, hence, must be considered in the 230 

risk mitigation analysis. The magnitude distribution is truncated at an upper-bound value 𝑚௠௔௫ 231 

to take into account the saturation of the magnitude scale and the fact that a given zone cannot 232 

generate magnitudes above 𝑚௠௔௫. Therefore, the probability density function is truncated and 233 

normalized (McGuire 2004).  234 

 An earthquake intensity model primarily uses the characteristics of the earthquake and the 235 

path of shock wave propagation to predict the site-specific ground shaking parameters. A 236 

variety of models and intensity measures exist in the literature. To generate the data, first, 237 

several realizations of earthquake magnitudes and distances are randomly generated. For each 238 

magnitude and distance pair, the ground shaking parameter (e.g., Sa) at the location of each 239 

asset is computed. To this end, several models, including those proposed by Atkinson and 240 

Boore (2003) and Boore and Atkinson (2008), can be used. For each asset, the ground shaking 241 



parameters are the inputs to the capacity spectrum method (Freeman 1998). The peak 242 

displacement and acceleration responses from the capacity spectrum method are used as inputs 243 

to the HAZUS fragility and loss functions (FEMA-NIBS: Federal Emergency Management 244 

Agency (FEMA) by the National Institute of Building Sciences 2003) to determine the damage 245 

sustained by the asset. HAZUS – MH2.1 (FEMA-NIBS: Federal Emergency Management 246 

Agency (FEMA) by the National Institute of Building Sciences 2003) proposes a set of 247 

procedures to characterize the response of the infrastructure assets to an earthquake. These 248 

procedures involve applying fragility curves, which are a group of cumulative distribution 249 

functions that return the probability of exceedance of a given damage state as a function of a 250 

ground motion intensity measure (e.g., peak ground acceleration or spectral acceleration). The 251 

probability of exceedance of each damage state given an earthquake intensity is calculated 252 

using Eq. (4) 253 

𝑃ௌஹௌ೔|ூெ ൌ Φ ቊ
1

β ୗ౟

ln ቆ
𝐼𝑀
𝑚ௌ೔

ቇቋ (4) 

where 𝑃ௌஹௌ೔|ூெ  is the probability of exceedance of the state of the asset from the damage state 254 

𝑠௜, 𝛷 is the standard normal cumulative distribution function, 𝐼𝑀 is the ground motion intensity 255 

measure, 𝑚ௌ೔
 is the state-dependent median value of ground motion intensity with damage state 256 

𝑖, 𝛽௜ሺ𝑠௧ሻ is the dispersion factor (i.e., the state-dependent standard deviation of ground motion 257 

intensity) of damage state 𝑖. The abovementioned models are implemented in Rtx software 258 

(Mahsuli and Haukaas 2013), which was is used in this study. 259 

 This approach omits the uncertain rate at which the seismic performance of the asset 260 

declines over time. As time passes, the state of an asset changes. The change in the asset state 261 

changes the probability of exceedance from a given damage state in response to the probable 262 

future hazards. Therefore, there is a need for state-dependent fragility curves (i.e., fragility 263 

curves that can determine the response of the asset to probable future hazards considering their 264 



states after degradation). Dong et al. (2014) used time-variant fragility curves presented by 265 

Ghosh and Padgett (2009) to consider seismic performance deterioration due to corrosion and 266 

find the conditional probability of damage states in response to a specific ground motion 267 

intensity. An approach inspired by the HAZUS methodology was used to find the response of 268 

a degraded asset, rather an intact one, in the face of hazards. In this approach, when an asset is 269 

in the 𝑆௝ state ሺ𝑗 ് 1ሻ, the probabilities of exceedance from 𝑆௜ ൫𝑆௜ ൐ 𝑆௝൯ will be normalized so 270 

the sum of all probabilities remain 1. Therefore, the probability of exceedance of the state of a 271 

degraded asset from the damage state 𝑠௜ is determined using Eq. (5)  272 

𝑃ௌஹௌ೔|ூெ,ௌೕ ൌ Φ ൜ ଵ

ஒ౏౟
ln ൬ ூெ

௠ೄ೔
൰ൠ /Φ ቊ ଵ

ஒ౏౟
ln ቆ ூெ

௠ೄೕ
ቇቋ , 𝑆௜ ൒ 𝑆௝    (5) 

where 𝑆௝ is the state of the asset before the occurrence of an earthquake.  Fig.  2 demonstrates 273 

examples of fragility curves used in this study. 274 

 Similar to other state models, change in the state of the asset in response to the earthquakes 275 

is calculated using Eq. (6) 276 

Δ𝑆௧ାଵ,௛ ൌ 𝑓൫𝑆௧, ൫𝑚௜ሺ𝑠ሻ, 𝛽௜ሺ𝑠ሻ൯, 𝐼𝑀൯ (6) 

where 𝑆௧ is the state of the asset at step 𝑡, ൫m୧ሺsሻ, β୧ሺsሻ൯ is the set of state-dependent median 277 

and dispersion ground motion intensities, 𝐼𝑀 is the ground motion intensity. 278 

 The impact of a set of retrofit actions on the state of an asset is characterized using the 279 

retrofit model. It is assumed that the retrofit directly improves the state of a system. Two types 280 

of retrofit are considered in this study: 1) compulsory retrofit, 2) planned retrofit. Compulsory 281 

retrofits are implemented when the state of an asset degrades to the level that renders its 282 

functionality unacceptable. Planned retrofits are implemented at a pre-set time in the future to 283 

maintain the functionality of the system above a minimum desired level and reduce its expected 284 

life cycle costs. Eq. (7) demonstrates the general form of the model that describes the changes 285 

in the state of an asset following the implementation of a retrofit action 286 



Δ𝑆௧ାଵ,௥௧ ൌ 𝑓ሺ𝑆௧ሻ (7) 

where Δ𝑆௧ାଵ,௥௧   is the expected change in the state of the asset due to retrofit in the time interval 287 

between 𝑡 and 𝑡 ൅ 1, and 𝑆௧ is the state of the asset at step 𝑡. 288 

 Recovery comprises a set of actions needed to restore an asset to the acceptable service 289 

level in the aftermath of a hazard such as an earthquake. In the proposed framework, the extent 290 

of the recovery actions is determined by the post-earthquake state of the asset and the recovery 291 

lag. The post-earthquake state of the asset describes the state of the asset immediately after an 292 

earthquake. Asset managers can start recovery operations immediately after the occurrence of 293 

hazards. Alternatively, they can delay the initiation of recovery efforts. The recovery lag, Γ 294 

characterize this delay. Several factors, such as the criticality of the asset, the availability of 295 

funds, and logistical issues, can determine the recovery lag of a given asset. Eq. (8) 296 

demonstrates the general form of the model that describes the changes in the state of an asset 297 

following the implementation of a recovery action 298 

Δ𝑆௧ାଵ,௥௖ ൌ 𝑓ሺ𝑆௧, Γሻ (8) 

where Δ𝑆௧ାଵ,௥௖ is the expected change in the state of the asset due to the recovery efforts in the 299 

time interval between 𝑡 and 𝑡 ൅ 1,  𝑆௧ is the state of the asset at step 𝑡, and Γ is the anticipated 300 

time between the occurrence of hazard and the commencement of recovery operations.  301 

Asset replacement cost model 302 

Consistent with the commonly used approach prescribed by HAZUS – MH2.1 (FEMA-NIBS: 303 

Federal Emergency Management Agency (FEMA) by the National Institute of Building 304 

Sciences 2003), the proposed model characterizes the earthquake-induced losses incurred by 305 

the community as a function of the replacement value of an asset and its post-earthquake state. 306 

The asset replacement cost is the sum of all costs to replace an asset with an identical asset. 307 

The future replacement costs are subject to uncertainty. This uncertainty about the future asset 308 

replacement costs stems from various factors such as the changes in the dynamics of supply 309 



and demand of goods and services in the market or the general inflation. To characterize the 310 

uncertain movements of costs over time caused by various economic factors such as uncertain 311 

market supply and demand, statistical models such as the Wiener process and its variations can 312 

be used. The Weiner process has been widely used in finance and economics to model asset 313 

price and value movements over time (See, e.g., (Brennan and Schwartz 1976; Capasso et al. 314 

2020; George and George 2018; Hirsa and Neftci 2013; Kim et al. 2017; Kim and Lee 2018; 315 

Pindyck 1993; Ross 2010). Past studies (see, e.g., Ilbeigi et al. 2014 ; Ashuri et al. 2012) have 316 

used the Weiner process to model the movement of asset replacement, construction, or retrofit 317 

costs. The Weiner process is a stochastic process that can effectively model continuously 318 

changing market phenomena (e.g., price movements) dominated by ordinary events in contrast 319 

to extreme events that may occur very infrequently (Hirsa and Neftci 2013). The Wiener 320 

process is the natural choice for modeling the asset replacement costs since, due to market 321 

forces, they continuously move over time and have unpredictable increments. Accordingly, in 322 

this study, it is assumed that the temporal variations of the asset replacement cost follow a 323 

Wiener process. Wiener process with drift can be defined by two parameters: 1) drift rate, 𝜂, 324 

that determines the trend, 2) standard deviation, 𝜎, that represents the volatility in the 325 

replacement costs of the asset. Eq. (9) is used to characterize the asset replacement costs over 326 

time: 327 

𝑣ሺ𝑡ሻ ൌ 𝑣଴ ൅ 𝜂𝑡 ൅ 𝜎𝑊௧ (9) 

where 𝑣ሺ𝑡ሻ is the replacement costs at time 𝑡, 𝜂 is the drift ratio of the Wiener process, 𝜎 is the 328 

standard deviation of the predicted cost, 𝑊௧ is the Wiener process, and 𝑣଴ is the initial 329 

replacement cost at 𝑡 ൌ 0. It should be noted that the Wiener process is a Markovian process, 330 

which means that past events do not affect future events (Ross 2010). Also, deviations from 331 

the trend are statistically independent. They follow a normal distribution with a zero mean and 332 

a standard deviation that equals volatility in square root of time. The drift rate and standard 333 



deviation used in Eq. (9) can be calibrated by historical indices such as construction cost index 334 

(CCI), building and construction index, and cost catalogs. 335 

Life cycle cost module 336 

Life cycle costing (LCC) involves analyzing the cash flows of an investment over a study 337 

period by including all the direct and indirect costs (Ellingham and Fawcett 2007). The net 338 

present value of the mentioned cash flow is the whole-life cost (WLC) of the asset. In the 339 

proposed model, the LCC module calculated the whole-life cost of various retrofit plans by 340 

considering the costs of owning and operating an asset during its life cycle under various 341 

probable scenarios. The retrofit plan with the minimum expected lifecycle cost is the optimal 342 

plan, which gives a proposed timing for retrofit of the asset.  343 

 Fig.  3 demonstrates a sample scenario of the event that an asset may experience over its 344 

life. In this sample, the asset degrades, experiences several earthquakes, and undergoes retrofit 345 

and recovery actions during its operational life. Starting in an intact state, 𝑆ଵ, the asset degrades 346 

gradually over time and reaches a moderate state, 𝑆ଷ, in approximately 20 years. The response 347 

of the asset to the earthquakes that occur at this point leads to no damage or loss. Next, the 348 

asset undergoes a planned retrofit and returns to the state 𝑆ଵ. In its 32nd year of service, a 349 

relatively strong earthquake occurs. Due to extensive earthquake-induced damage, the state of 350 

the asset changes to 𝑆ସ. Recovery actions take place immediately after the earthquake and 351 

restore the state of the asset to the pre-determined acceptable level of performance, 𝑆ଵ.  352 

The LCC module calculates the total discounted incurred costs to the community based on the 353 

state and the mode of the asset each year. In this process, a step-by-step procedure is followed. 354 

This procedure determines the costs associated with maintaining the asset and, consequently, 355 

its lifecycle costs. To account for the uncertain nature of the events that the asset experiences 356 

and the uncertainty associated with the costs of retrofitting or repairing assets, a Monte Carlo 357 



sampling is conducted. Note that, in Monte Carlo sampling, all the events within the investment 358 

horizon of 𝑇 occur at discrete time intervals.  To further clarify this procedure, the algorithm 359 

of this analysis is provided in Table A1 in Appendix A. The LCC model comprises of sub-360 

models to incorporate various costs related to an asset. Five major types of costs are assumed 361 

considered to be effective in the life cycle of the asset. These costs, without loss of generality, 362 

are simplified to be employed, simulated, and analyzed. 363 

Cost sub-models 364 

The costs associated with operating an asset are classified into the following categories: 365 

opportunity costs, user costs, maintenance costs, retrofit costs, losses, and recovery costs. In 366 

the context of this study, opportunity costs equal to the benefits that the money used for retrofit 367 

could have earned by being invested elsewhere. To estimate the opportunity costs, in this 368 

manuscript, it is assumed that instead of investing in seismic retrofits, managers can invest in 369 

alternatives, the most highly valued of which periodically earn benefits expressed as a 370 

percentage of the invested capital and denoted by 𝑟௔. Therefore, the opportunity costs over the 371 

investment horizon can be expressed using: 372 

𝐶௠ ൌ 𝐶ோ ൈ ቈ൬
1 ൅ 𝑟௔

1 ൅ 𝑟
൰

௡

െ 1቉  (10) 

where 𝐶௠ is the opportunity cost over the investment horizon, 𝐶ோ  is the retrofit cost, 𝑛 is the 373 

remaining years in the investment horizon, 𝑟 is the discount rate, and 𝑟௔ is the benefits that 374 

could have been acquired by investing in the most highly valued alternative and expressed as 375 

a percentage of invested capital per period. 376 

User costs are incurred by society when the functionality of an asset is disrupted (e.g., when 377 

the loss of functionality of the transportation system increases the travel time of the 378 

commuters). In this study, losses incurred by the community are classified as the social losses 379 

(e.g., casualties, reduction of life-quality, and mental injuries) as well as the direct and indirect 380 



economic losses (e.g., loss of capital and business interruptions) (Bradley et al. 2008; Sudaryo 381 

et al. 2012).  382 

In the proposed framework, cost sub-models are used to calculate the expected whole life cost 383 

of an asset given various policies (i.e., retrofit plans) and under various uncertainties such as 384 

the occurrence time of an earthquake and the market volatilities. Consistent with the approach 385 

prescribed by HAZUS – MH2.1 (FEMA-NIBS: Federal Emergency Management Agency 386 

(FEMA) by the National Institute of Building Sciences 2003), user, maintenance, retrofit, and 387 

recovery costs and the losses sustained by the community, are expressed as a function of 388 

replacement costs and state of the asset understudy. 389 

Cost aggregation model 390 

Monte Carlo sampling is used to simulate various events (e.g., deterioration, retrofit actions, 391 

hazards, and recovery actions) that can occur throughout a given investment horizon and 392 

calculate the associated costs incurred by the community. Due to the high number of uncertain 393 

variables that affect the costs carried by the community over the life-cycle of assets, the number 394 

of simulations (i.e., the sample size of the uncertain variables) should be carefully calculated 395 

since it affects confidence in the results. Each sample represents a realization of the probable 396 

events that can occur throughout the lifecycle of the asset under study. The asset model returns 397 

the replacement costs of the asset (i.e., all costs for building a duplicate of the asset) and its 398 

states throughout a life cycle. Total costs at each step depend on the mode of the asset. Four 399 

modes are defined to describe the condition of the asset at each step: damaged, undergoing 400 

recovery, undergoing retrofit, and operational. An asset can experience each mode multiple 401 

times during its life. Fig.  3 demonstrates various modes of an asset during its life cycle. 402 

 For each sample, Eq. (11) is used to calculate the whole life cost of the asset. The whole 403 

life cost of the asset is the sum of the discounted relevant costs over its life as determined by 404 

the mode of the asset. 405 



𝐶௝ ൌ  ෍ሾ𝐶௨ሺ𝑡ሻ ൅  𝐶௥௧ሺ𝑡ሻ ൅ 𝐶௥௖ሺ𝑡ሻ ൅ 𝐶௠ሺ𝑡ሻ ൅ 𝐶௟ሺ𝑡ሻሿ/ሺ1 ൅ 𝑟ሻ௜

்

௜

 (11) 

where 𝐶௝ is the WLC of the asset in the 𝑗௧௛ simulation, 𝑟 is the discount rate, 𝐶௨ is the user 406 

costs, 𝐶௥௧ is the retrofit costs, 𝐶௥௖ is the recovery costs, 𝐶௠ is the maintenance costs, and 𝐶௟ 407 

characterizes the losses. 408 

Investment valuation module 409 

In this research, the flexibility to implement or delay retrofit actions is characterized as a real 410 

option. The flexibility can enhance the value of an investment. Fig.  4 illustrates the benefit of 411 

incorporating options in retrofit investment. It depicts the histogram of the whole life cost of an 412 

asset over the remainder of its life. The current state of the asset is 𝑆ଶ and the owner can only 413 

choose between retrofitting the asset now or never. 414 

 In this scenario, not only does retrofit at the current time reduce the expected WLC of the 415 

asset from $7.11M to $6.34M, but it also decreases the standard deviation of the costs, which 416 

is a measure of the investment risk. Nevertheless, the immediate implementation of the retrofit 417 

action means forfeiting all the possible benefits that the financial resources used for retrofit can 418 

generate if invested in other ventures. Real options analysis provides the investors with the 419 

opportunity to explore the value that can be potentially gained by delaying the investment.  420 

Yao and Jaafari (2003) studied the applicability of binomial or trinomial lattice and dynamic 421 

programming to real options analysis. In complex projects with higher degrees of uncertainty, 422 

decision-makers should assess all the possible scenarios. To this end, scholars (e.g., Cheah and 423 

Liu 2006; Yao and Jaafari 2003) have used Monte Carlo sampling and decision trees in ROA.  424 

 In this study, the multinomial lattice model (Fig.  5) is used in the process of analyzing the 425 

value of a retrofit option and identifying the best time to exercise it given the possible changes 426 

in the state of the asset and the probable costs associated with its operation, maintenance, 427 

retrofits, and post-hazard restoration.  428 



 At each step and for each possible state of the asset, the lifecycle costs associated with the 429 

immediate retrofit of the asset, which is referred to as scenario (Ψଵ), is compared against two 430 

probable outcomes of deferring the retrofit: 1) a hazard occurs during the current period after 431 

which, depending on the intensity of the hazard and the extent of the damage to its components, 432 

it may enter the recovery or operational (scenario (Ψଶ)); 2) no hazard occurs during the current 433 

period, which allows asset managers to take action in the future (scenario (Ψଷ)). The decision 434 

tree shown in Fig.  6 characterizes these scenarios. The cost associated with a decision at each 435 

node of the tree is driven by Eq. (12)  436 

𝐸𝐶௧ሺ𝐷௦ሻ ൌ 𝑀𝑖𝑛 ቐ𝐸𝐶௧ሺΨଵሻ, 𝑃௘ ൈ 𝐸𝐶௧ሺΨଶሻ ൅ ሺ1 െ 𝑃௘ሻ ൈ ሾ𝐸௧𝐶 ሺΨଷሻ

൅  ෍ 𝑃൫𝑆௜, 𝑆௜ା௝൯ ൈ 𝐸𝐶௧ାଵሺ𝐷ௌ೔శೕ 
ሻሿ

௡ି௜ାଵ

௝ୀ଴

ቑ 

(12) 

 

where 𝐸𝐶௧ሺΨ௞ሻ is the expected cost of scenario 𝑘, 𝑘 ൌ 1,2,3, at 𝑡, 𝑃௘  is the probability of 437 

occurrence of hazards in the next year from 𝑡, 𝑛 is the number of states, 𝑆௜ is the state at the 438 

intended node, 𝑃ሺ𝑆௜, 𝑆௜ା௝ሻ is the transition probability from state 𝑆௜ to 𝑆௜ା௝, 𝐸𝐶ሺ𝐷ௌ೔శೕ
) is the 439 

expected cost of the decision at state 𝑆௜ା௝ at 𝑡 ൅ 1. For each given year over the investment 440 

horizon, the exercise boundary identifies the state beyond which the value of the immediate 441 

implementation of the retrofit intervention exceeds the value of its deferment and triggers the 442 

implementation of the retrofit intervention. Therefore, whenever the asset state passes the 443 

threshold determined by the exercise boundary, the immediate implementation of the retrofit 444 

becomes preferred to its deferment since it will be associated with a lower overall life-cycle 445 

cost.  446 

Illustrative example 447 

The proposed framework is applied to the Chamran bridge (Table 2) in the INSURER 448 

community. INSURER is a virtual community that serves as a testbed for the algorithms 449 



developed at the Center for Infrastructure Sustainability and Resilience Research (INSURER) 450 

at the Sharif University of Technology. The building stock comprises 17418 buildings of 451 

various occupancies such as single and multifamily residential, retail, finance, healthcare, 452 

educational, light and heavy manufacturing, and public services. Infrastructure systems that 453 

serve this community are transportation, power, water, gas, and communications networks. The 454 

transportation infrastructure of the community consists of 20 km of urban roads and nine 455 

bridges. Chamran bridge, which imitates a real bridge, is used as an example to showcase the 456 

application of the proposed framework. Table 2 presents the characteristics of this bridge. 457 

 The INSURER community is exposed to moderate to severe seismic hazards created by a 458 

fault with seismic characteristics similar to those of the Kahrizak fault in Tehran, Iran. Table 3 459 

summarizes the state-dependent parameters used in this framework. 460 

 The number of iterations in the Monte Carlo simulation affects confidence in the results 461 

and should be carefully estimated. Based on the central limit theorem, the average of a large 462 

number of estimations (e.g., the calculated LCC in each scenario in this study) after 𝑛 iterations 463 

follow a normal distribution characterized as follows: 464 

𝑁~ሺ𝜇௫̅,
𝜎

√𝑛
ሻ ( 13) 

 In this case, the confidence interval of estimation of the mean is േ𝑍ఈ/ଶ
ఙ

√௡
 (Law and Kelton 465 

2000). To calculate the minimum required number of iterations, 𝑅, 100 rounds of sampling is 466 

conducted to find the initial estimates of average, 𝜇଴, and standard deviation, 𝜎଴. One percent 467 

of the initial estimation of 𝜇 is considered to be the maximum allowable confidence interval, 468 

𝜖. Therefore, minimum number of iterations is calculated as follows 469 

𝑅 ൒ ൭
𝑍ఈ

ଶ
ൈ 𝜎଴

0.01 ∗ 𝜇଴
൱ ( 14) 



The proposed framework is applied to evaluate and compare the three policies. In addition 470 

to retrofitting now or never, three alternative policies are assessed. According to policy A, the 471 

asset is retrofitted when it reaches a certain service level. Based on policy B, the asset is 472 

retrofitted at a pre-set time. According to policy C, the asset undergoes retrofit actions when 473 

its state reaches the threshold determined by the exercise boundary characterized by the real 474 

options analysis. The policies mentioned above are used in several rounds of simulation to 475 

identify the optimal policy. The following section presents the simulation results. 476 

Results 477 

Fig.  7 depicts the WLC of the asset as a function of the year at which it is retrofitted, assuming 478 

that policy B, which requires a retrofit at a pre-set date regardless of the asset state, is followed. 479 

As shown by Fig.  7, retrofitting the bridge six years from the time of this analysis (i.e., 2020) 480 

yields the minimum WLC (i.e., $4.51 Million) in the remaining life cycle.  481 

 Next, using the proposed real options framework, an exercise boundary is derived. Fig.  8  482 

shows the state of the asset beyond which the value of implementing the retrofit action exceeds 483 

the value of deferring its implementation to the following period.  484 

 Fig.  9 demonstrates the likelihood distribution of the event that the retrofit action is 485 

implemented in any year over the investment horizon. 486 

 Fig.  10 demonstrates the histogram of the costs associated with various strategies and 487 

policies. The results are also summarized in Table 4. As demonstrated, using the exercise 488 

boundary as a guide for making the retrofit decisions yields the lowest WLC. 489 

 Fig.  10 shows that abandoning the retrofit yields the highest WLC in comparison to other 490 

policies. This can be attributed to the losses incurred by the community due to the damage the 491 

seismically vulnerable asset can sustain in the aftermath of a future earthquake. If the asset is 492 

retrofitted when it reaches the pre-determined minimum acceptable state (Policy A), the WLC 493 



will be reduced by 16.4% compared to the immediate implementation of the retrofit (i.e., in the 494 

year 2020). The histogram of Policy B, which involves plans the retrofit actions based on the 495 

optimization of the LCC, is similar to that of Policy C. Nevertheless, the mean WLC of the 496 

latter is 8.8% lower than that of the former. It is noteworthy that the relatively high standard 497 

deviation of the WLC of implementing each of the policies mentioned above is due to the 498 

significantly high costs associated with a rare event (i.e., the earthquake). 499 

Fig. 11 demonstrated the WLC of the asset over the study period under various policies 500 

with varying degradation and occurrence rates. Fig. 11(a) demonstrates that a higher 501 

degradation rate leads to a higher WLC since the state of an asset is a determinant of its 502 

ownership and operation costs. Similarly, Fig. 11(b) shows that higher frequencies of the 503 

earthquake occurrence increase the WLC except for the case in which the asset manager 504 

abandons seismic retrofits altogether. The expected costs of Policy C, real options-based 505 

retrofit, is of the highest importance to this discussion. In all cases, the optimal timing of retrofit 506 

actions as determined by the real options analysis yields the lowest expected WLC. The 507 

reduction of costs by Policy C compared to Policy B was up to 14% in some cases. 508 

Conclusions 509 

Due to budget limitations and the underlying uncertainties about various aspects of the state 510 

and performance of infrastructure systems, asset managers planning to invest in seismic 511 

retrofits must use proper investment decision-making methods to ensure that funds are 512 

appropriately allocated, and vulnerability reduction goals are realized. These investment 513 

valuation methods should be capable of generating proper retrofit plans for seismically 514 

vulnerable infrastructure systems. This study was motivated by the need to address a gap in the 515 

existing body of knowledge stemming from the need for a valuation method that enables 516 

investors to determine whether they should delay an improvement and when it becomes 517 



financially sound to adopt a seismic retrofit action. The theoretically well-founded and 518 

practically useful framework presented in this study is tailored to investment decision making 519 

for seismic retrofits. The proposed investment valuation model uses real options analysis to 520 

determine the optimal time to invest in retrofit interventions while considering the degradation 521 

rate of the assets, frequency, magnitude, and consequences of hazards, as well as the 522 

fluctuations in the recovery and retrofit costs over time. It determines the optimal time to invest 523 

in retrofit actions by conducting a trade-off between the total costs of immediate 524 

implementation and its deferment. It provides an exercise boundary beyond which the retrofit 525 

of the asset is beneficial.  526 

 Chamran bridge in INSURER virtual community was chosen to showcase the capabilities 527 

of the proposed framework. The results of this analysis showed that implementing retrofit plans 528 

based on outcomes of ROA (Policy C) reduces the WLC of the asset in comparison to fixed 529 

strategies (Policy A) and optimized retrofit plans (Policy B). Employing Policy C instead of 530 

Policy B (conventional retrofit plans by conducting optimization) can reduce the WLC of the 531 

asset by 8.8% in the remaining operational years. The results of this study showed that the 532 

benefits of ROA are not limited to reducing overall costs. As shown by Fig.  9, there is a 23% 533 

likelihood that using the exercise boundary as the basis for deciding about the retrofit 534 

implementation leads to no action over the lifecycle of the asset. In comparison with rigid plans, 535 

ROA can reduce the misappropriation of available resources. A sensitivity analysis conducted 536 

by perturbing the degradation rate of the asset and the occurrence rate of the earthquake showed 537 

that regardless of the extent of variations of the parameters mentioned above, implementation 538 

of retrofit interactions based on the plans devised by real options analysis yields the lowest 539 

WLC.  540 

 The proposed framework can be enhanced in a variety of ways. Future studies can focus 541 

on developing models that appropriately characterize the degradation process of various assets. 542 



There is a need for appropriate models that determine the post-earthquake functionality of the 543 

asset based on the extent of the damage that it may sustain in the face of the probable future 544 

earthquake. The proposed framework can be extended to include models that properly quantify 545 

the economic, social, environmental, and socioeconomic costs of hazards. It can also be 546 

extended to determine the optimal timing of vulnerability reduction interventions for multiple 547 

assets in a network (e.g., multiple bridges in an urban transportation network) and 548 

interdependent assets (e.g., components of the electricity network that support the water 549 

distribution network). Lastly, the proposed framework can be applied to determine the optimal 550 

timing of vulnerability reduction interventions of other assets such as buildings and 551 

components of lifelines (e.g., water, electricity, and gas networks). 552 

Appendix A 553 

Table A1. Pseudo-code for life cycle cost analysis in the proposed framework 554 
1: Input: Asset’s characteristics  
2: Input: Environmental and hazards’ characteristics
3: 𝑍 = 0 // 𝑍: Holder for simulations’ results (total 

costs) 
4: for 𝑗 ∈ ሼ1, 2, … , 𝑁ሽ do:  // 𝑁: Number of simulations 
5:     𝑌 = {} // 𝑌: Holder for each simulation’s result 
6:     𝑅𝑇 = A generated retrofit scenario  
7:     𝐻 = A generated hazard sample  
8:     for t ∈ ሼ0, 1, … , 𝑇ሽ do: // 𝑇: Investment horizon  
9:         if 𝑡 in 𝐻:  
10:             find 𝑆′, 𝑀 as a response to hazard // 𝑆ᇱ: State after hazard, 𝑀: Mode 
11:             𝑅𝐶 = Generate recovery scenario  
12:         if 𝑡 in 𝑅𝐶:  
13:             find 𝑆′, 𝑀 as a result of recovery // 𝑆ᇱ: State after recovery 
14:         if 𝑡 in 𝑅𝑇:  
15:             find 𝑆′, 𝑀 as a result of retrofit // 𝑆′: State after retrofit 
16:         else: // The asset undergoes degradation 
17:             find 𝑆′, 𝑀 as a result of degradation // 𝑆′: State after degradation 
18:         𝑌ሾ𝑡ሿ = ሼ𝑆ᇱ, 𝑀ሽ 

        𝑆 ൌ 𝑆′ 
// Storing each year’s results 
// Assigning 𝑆′ to state of next year  

19:     end for  
20:     𝑉 ൌ Estimate replacement costs in years  
21:     𝐶௝ ൌ calculate costs given 𝑌 and 𝑉 

     
// Calculate all costs given simulations results 
and replacement costs estimation 

22:     𝑍 ൌ ሺ𝑍 ൈ ሺ𝑗 െ 1ሻ ൅ 𝐶௝ሻ/𝑗 // Updating the average of total costs 



23: end for  
24: return 𝑍  

 555 
Data Availability Statement 556 

All data that support the findings of this study are available from the corresponding author 557 

upon reasonable request. 558 
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