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Abstract

:

The goal of this paper is to develop a quantitative resilience assessment framework for a supply chain system exposed to multiple risk factors. Most existing studies on supply chain resilience have primarily focused on assessing the system’s ability to withstand and recover from disruptions caused by a single type of hazard. However, a supply chain system is exposed to multiple exogenous and endogenous events and conditions over a planning horizon, and a comprehensive assessment of resilience should take into account multiple risk factors. Moreover, contrary to the conventional resilience assessment methods focusing on the short duration during which the system is impacted by a disaster event, the proposed framework measures the resilience capacities of the system over a long-term horizon through multi-risk assessment and multi-component resilience assessment. Specifically, a new multi-component resilience index is proposed to measure (a) hazard-induced cumulative loss of functionality, (b) opportunity-induced cumulative gain of functionality, and (c) non-hazard-induced cumulative loss of functionality. The case study results indicate that all three types of risk factors contribute to the overall resilience index significantly and ignoring any one of them may result in inaccurate supply chain performance and resilience assessment.
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1. Introduction


A supply chain system is subjected to multiple uncertain external and internal events and conditions over its planning horizon. Since it is often spatially distributed over a large geographic area, a supply chain system is potentially exposed to various types of catastrophic events, such as natural (e.g., earthquake, hurricane, flood, tsunami, wildfire) or man-made (e.g., terrorist attack, cyberattack) hazards and/or accidental events (e.g., major equipment breakdown, bankruptcy), most of which depend on the location, type, and properties of the supply chain system. For example, Toyota Motor Corporation suspended most of its car production for weeks due to the direct impact of the 2011 Great East Japan Earthquake and Tsunami on the part suppliers [1,2]. Although the earthquake and tsunami were the primary disastrous events, other subsequent risk factors, such as power outages and transportation disruptions, amplified the impacts of the disasters, leading to significant shortages of the part supplies. The COVID-19 pandemic affected global supply chains by disrupting manufacturing operations around the world. In addition, truck and labor shortages during the pandemic exacerbated and prolonged the supply chain disruption. As such, disastrous events may interact with other risk factors and disrupt the performance of a supply chain system, leading to significant negative economic impacts.



Although a supply chain system is seldom designed with a specific service life in mind, its planning decisions should consider a sufficiently long-term horizon to maintain system functionality under various uncertain conditions, which makes it increasingly crucial to consider multiple risk factors in supply chain resilience assessment. These uncertain conditions include inherent uncertainties in supply, demand and lead time, market competition, stakeholder preferences, policy standards, customer behavior, and technology development. Over the long-term planning horizon, these uncertainties may evolve over time [3,4,5]. In this paper, risks are defined as these hazard events and uncertain future conditions that may affect the capability of a supply chain system to maintain its intended function and meet customer needs. Risks are inevitable, and thus multiple supply-chain-related risk factors need to be understood, assessed, and managed in supply chain design and management.



In recent years, there has been a growing interest in research pertaining to resilience due to more frequent occurrences of extreme natural hazard events and their significant consequences for society [6,7]. The concept of resilience has been well investigated and formulated in the field of infrastructure/community planning. Resilience for an engineered system and/or community is generally defined as its capacity to withstand, adapt to, and recover from disruptions to ensure its functionality [8,9,10,11,12,13]. Based on this definition, system and/or community resilience can be improved by (a) “reducing failure probabilities,” (b) “reducing consequences from failures,” and (c) “reducing time to recovery” [10]. In other words, infrastructure/community resilience loss,   R L  , with respect to a specific hazard event, should be reduced to enhance resilience. Resilience loss is the area above the post-hazard-event restoration curve, as shown in Figure 1a, and can be mathematically expressed by [10]:


  R L =   ∫    t 0     t 1     [  100 − Q  ( t )   ]  d t  



(1)




where Q(t) = the time-dependent performance/functionality of an infrastructure system or community (unit: percent), t0 = the time of occurrence of an extreme hazard event, and t1 = the time when the system or community is completely restored.



Miao et al. [14] suggested two complementary parts of resilience: hard resilience and soft resilience. Hard resilience is more physically oriented toward the overall performance of a system against external disruptions, whereas soft resilience is determined by preparation, coordination, and collaboration among organizations and can be achieved through the process of risk management and quick response [14]. Other researchers have measured the resilience capacities of a system in terms of absorptive, adaptive, and restorative capacities [15,16,17]. Absorptive capacity is the ability of a system to absorb or resist the impacts of perturbations, which is considered the first line of defense against disruptions. If absorptive capacity is not sufficient, adaptive capacity, which is the ability of a system to adapt itself and overcome the perturbations during the event, serves as the second line of defense. Restorative capacity is the ability of a system to recover rapidly and effectively following a hazard event. It is the final line of defense when the system cannot maintain normal operations due to the lack of absorptive and adaptive capacities [15,17]. All three capacities should be improved to maintain system performance prior to, during, and following a hazard event.



Supply chain resilience has also received a great deal of attention [2,18,19,20,21] over the past two decades. Since there has been no universally accepted definition of resilience for supply chain systems, researchers have defined supply chain resilience differently. Gaonkar and Viswanadham [22] and Barroso et al. [23] defined supply chain resilience as its ability to keep a steady operation and performance after disruptions, whereas Datta [24] considered its adaptive capacity in addition to the abovementioned capacity. Other studies [18,25,26,27,28,29,30] focused more on the capacity of a supply chain to be fully restored following a disruptive event. Hosseini et al. [2] defined supply chain resilience as its capacity to withstand, adapt to, and recover from disruptions to meet customer demand and ensure performance, which is similar to the definition by Vugrin et al. [17] and Biringer et al. [15]. This definition is more comprehensive compared to the previously mentioned definitions because it can represent the temporal attributes of resilience prior to, during, and following a disruptive event. More definitions of supply chain resilience can be found in Ponis and Koronis [31].



The need for quantitative assessment of supply chain resilience has also been well recognized in recent years, as it serves as a rational basis for resilience-enhancing decisions. Falasca et al. [32] adopted the concept of the resilience triangle (see Figure 1a) from Tierney and Bruneau [33] and extended it to measure supply chain resilience. They proposed a simulation-based resilience assessment framework that accounted for uncertainty and measured both the risk of disaster and the overall response of a supply chain over time. Barroso et al. [34] computed a supply chain resilience index by aggregating companies’ fulfillment rates. This rate was defined as the ratio between the number of units delivered on time from suppliers to customers and the total number of units ordered by customers. Using this resilience index, they also provided guidance on the implementation of risk mitigation strategies. Vugrin et al. [17] proposed a resilience assessment framework for evaluating the resilience of infrastructure and economic systems and demonstrated its application by analyzing the resilience of a national petrochemical supply chain during hurricane-disruption scenarios. The framework included (a) a quantitative methodology that measured system resilience cost and (b) a qualitative analysis that evaluated the intrinsic characteristics (i.e., absorptive, adaptive, and restorative capacities) affecting system resilience.



Most existing studies on infrastructure or supply chain resilience, however, have assessed its performance against a single type of hazard and have quantified a snapshot of its resilience in the aftermath of the hazard event. For example, Moosavi and Hosseini [35] assessed the effect of resilience strategies on multi-stage supply chain systems in the presence of a pandemic. These approaches have captured the short-term behavior of a supply chain system during and following the event (e.g., t0 to t1 in Figure 1a). Moreover, many existing approaches are often combined with a scenario analysis by assuming that a scenario hazard event has already occurred at certain points in time and space. However, as described earlier, a supply chain system needs to be designed to sustain its performance against multiple types of uncertain events and conditions to which it may be exposed in the future. To ensure supply chain performance over the long-term planning horizon, it is essential to consider both the ability of a system to withstand and recover from the impacts of hazard events and the spatiotemporal flexibility of the system to adapt to different conditions. Moreover, existing studies on supply chain resilience assessment have not considered some of the uncertain events and conditions that may have a positive impact on supply chain performance (e.g., government assistance, technology development, customer preference towards a specific product, and the consequent increase in demand). Those opportunities should also be considered in supply chain resilience assessment to avoid underestimating system performance.



To overcome the limitations identified in the existing approaches, this paper aims to develop a multi-component resilience assessment framework for a supply chain system exposed to a wide range of uncertain events and conditions. Figure 1 compares the proposed multi-component resilience assessment approach with the conventional approaches and summarizes the research gaps and the main contributions of this study. The proposed method identifies multiple risk factors that may occur at different points in time and space over the long-term planning horizon and incorporates their positive and negative impacts on supply chain performance into the resilience assessment framework. By doing so, the proposed framework can provide more reasonable estimates of long-term supply chain performance under various scenarios and consider system redundancy induced by opportunities. The framework also allows supply chain managers and stakeholders to identify key risk factors that should be mitigated or capitalized upon so as to enhance supply chain resilience in both the short and long term. It should be noted that the generalized framework can be applied not only to a supply chain system but also to various types of infrastructure systems consisting of interdependent components.



The remainder of this paper is organized as follows. Section 2 describes the multi-component resilience assessment framework for a supply chain system. Section 3 illustrates the application of the framework to a hypothetical forest-residuals-to-sustainable-aviation-fuel supply chain system in the Pacific Northwest (PNW) region. Section 4 presents the results and discussion and compares the multi-component resilience index with the conventional resilience loss. Finally, in Section 5, we conclude with a general discussion of the findings and potential application of the proposed framework.




2. Methods: Multi-Component Resilience Assessment Framework for a Supply Chain System


In this paper, supply chain resilience is defined as the combined ability of a supply chain system to absorb or resist and recover from hazard events, adapt to changing conditions, and capitalize on opportunities. Based on this definition, this paper proposes a new resilience index consisting of three components, including hazard-induced cumulative loss of functionality (CLF), opportunity-induced cumulative gain of functionality (CGF), and non-hazard-induced CLF. As their names imply, these components are characterized by the type of uncertain events/conditions and their impact on supply chain performance. They are also graphically represented in the long-term system performance plot in Figure 1b. The newly proposed resilience index of a supply chain system is divided into these three measurable components so that each component is more manageable and facilitates decisions on the effective combination of various resilience-enhancing strategies. Moreover, this resilience index addresses the previously mentioned limitations of the existing approaches by considering both negative and positive impacts of various risk factors on long-term supply chain performance.



Figure 2 illustrates the proposed resilience assessment framework consisting of two stages: multi-risk assessment and multi-component resilience assessment. First, a multi-risk assessment is performed to identify risk factors occurring at different points in time and space, model and simulate individual risk factors, and generate a set of scenarios that produce different long-term supply chain performance to assess their combined effects. The top portion of Figure 2 presents an oilseed-to-alternative-jet-fuel supply chain system located in the state of Washington in the United States to illustrate the multiple risks that could possibly occur in this region. These include seismic risk from the Cascadia Subduction Zone, facility or airport shutdown due to strikes or terrorist attacks, severe droughts induced by climate change leading to reduction in feedstock amount (e.g., oilseeds in this case), and the advanced technology in the hydroprocessed ester and fatty-acid (HEFA) refineries that can increase the processor conversion rate. Although the occurrence of a single risk factor at a certain location may seem rare, the geographic spread of the supply chain system across a large region increases the possibility that the system could be exposed to such risk factors. The long-term system performance further increases this possibility. Thus, considering the combined effects of multiple risk factors on supply chain performance is necessary to assess system resilience comprehensively. In the second stage, the three resilience components (i.e., hazard-induced CLF, opportunity-induced CGF, and non-hazard-induced CLF) are measured and combined to quantify the overall resilience index of a supply chain system under a wide range of possible future scenarios. It should be noted that the long-term supply chain performance shown in the bottom portion of Figure 2 is just one scenario among a set of plausible scenarios obtained from the previous stage. Detailed procedures for each stage will be described in the remainder of this section.



2.1. Multi-Risk Assessment


2.1.1. Risk Identification and Categorization


A supply chain is a complex network system involving the whole process from the production of source materials to the delivery of a completed product to end-users. It also includes all the individuals, organizations, resources, activities, and technologies in this process [36]. A supply chain system is often modeled as a graph consisting of a set of nodes (e.g., feedstock, intermediate facilities, and demand nodes) and edges (e.g., highway segments). Potential risk factors affecting various types of nodes and edges as well as all the components in the process should be identified to accurately evaluate the long-term performance of a supply chain system [37]. The definition of supply chain risk varies among researchers, and in many cases is not defined explicitly. Based on the comprehensive literature review on supply chain risk assessment and management, Heckmann et al. [38] revealed that nearly 82% of the existing studies in this discipline did not define supply chain risks explicitly. Most of the studies that defined supply chain risk considered it “a purely event-oriented concept” and focused on the occurrence of a single event with negative consequences. For example, March and Shapira [39] defined supply chain risks as the “variation in the distribution of possible supply chain outcomes, their likelihood, and their subjective values.” Peck [40] considered supply chain risks to be any disruptions to “the information, material or product flow from original suppliers to the delivery of the final product to the ultimate end-users.”



In this paper, supply chain risk is defined as any factors that may have either negative or positive effects on supply chain performance. Based on such a definition, risk factors include a broad range of exogenous and endogenous events and conditions, such as natural and man-made hazard events, evolving conditions, inherent uncertainties in key variables, and opportunities. For example, structural deterioration of facilities and/or equipment may gradually affect their inherent capacities, whereas natural or man-made hazards induce capacity reduction in both nodes and edges. Uncertain events related to financial situation or human/organizational behaviors, such as supplier bankruptcy or strike, also disrupt supply chain performance. Moreover, time-evolving risk factors (e.g., customer preferences toward a specific product, competition among alternative products, technology development, regulations and policies) cause dynamic changes in future supply chain performance. Uncertainties in key variables (e.g., the amount and price of supply and demand, transportation and/or operation costs) also affect the normal operations of a supply chain system.



Contrary to existing approaches to assessing the effect of a single risk factor in the immediate aftermath of its occurrence, the proposed framework begins with the identification of multiple site- and problem-specific risk factors affecting supply chain performance over its planning horizon. Then, the risk factors are classified into several categories based on its source and potential impact on system performance to facilitate the determination of appropriate risk assessment and management techniques. Table 1 summarizes potential supply chain risk factors and their categorization. In this example, each risk factor is classified into one of the 10 categories (i.e., natural hazards, man-made hazards, government intervention, climate change, market, supply, technology, logistics, finance, and human/organizational behavior). It should be noted that the risk identification and categorization presented in Table 1 are shown for illustration purposes only and should be determined based on the location, type, and properties of a supply chain system.




2.1.2. Assessment of Individual Risk Factors


The individual risk factors identified in Section 2.1.1 occur at different points in time and space, lasting for different durations and with different impacts on supply chain performance (see the last column of Table 1). Thus, each risk factor should be simulated by an appropriate modeling technique based on its physical and probabilistic characteristics. The middle part of Figure 3 shows one plausible sample path associated with each risk factor (i.e., its realizations over the planning horizon) that is generated by its own simulation model. Here, a sample path refers to a specific realization or outcome of the stochastic process. Thus, it is a sequence of values that the process takes over time. The values that make up a sample path are determined by the underlying random variables in the stochastic process. Since these risk factors are inherently uncertain and subject to variability, it is important to generate a large number of sample paths to accurately capture the range of possible outcomes for the stochastic process. The impact of an individual risk factor on long-term supply chain performance for each sample path is also assessed in this step.



More specifically, the occurrence time, location, and intensity of natural hazard events are often modeled by a probabilistic hazard analysis. First, the occurrence times of hazard events over a specified time horizon are usually modeled as a homogeneous Poisson process under the assumption that hazard event occurrences are statistically independent and the annual rate of occurrence is constant. The intensity level of a hazard event (e.g., peak ground acceleration for earthquake, 3-s gust wind speed for hurricane and tornado) is realized using a site-specific hazard curve or simulation models. Then, fragility curves and loss functions are used to estimate the hazard-event-induced physical damage and economic losses to major facilities (e.g., storage, preprocessors, refineries) and highway segments in the supply chain. As illustrated in Figure 1, the post-hazard-event recovery process should also be considered to appropriately model the effect of a hazard event on supply chain performance. The recovery processes of all the damaged nodes and edges are simulated based on their own restoration functions, and their time-dependent capacities are captured at every time step until the supply chain system achieves its pre-hazard-event level of functionality.



Inherent uncertainties in supplies, demands, prices, costs, etc., which are related to the business-as-usual operations of a supply chain, can be estimated based on statistical data. Classical statistical analyses can be used to model these well-known random variables. When analyzing massive and complex data, machine-learning techniques can be an option to find the underlying (or hidden) patterns in data without explicit instructions and make predictions based on training dataset(s) [41]. The impacts of most of these well-known risk factors on supply chain performance have been extensively investigated in existing literature.



Due to the non-repetitive nature or rare occurrence, only limited data and information about deeply uncertain events (e.g., terrorist attacks) are available. Thus, a purely probability-based approach can be problematic when estimating the occurrence times, locations, and intensities of deeply uncertain events. For example, a terrorist attack poses a unique challenge to risk analysis, as attacks do not occur randomly in the built environment, and thus the classical principles and assumptions of probabilistic risk analysis are difficult to apply. To reduce epistemic uncertainty, expert judgments can be used to construct narrative scenarios heuristically validated according to logical consistency and congruence with past trends.




2.1.3. Risk Integration


This step is to integrate the effects of multiple risk factors and generate a set of long-term supply chain performance scenarios. Figure 4 presents a simulation procedure for risk integration. From Section 2.1.2, each risk factor has  N  sample paths that represent different realizations over the planning horizon  T . For the  n th sample paths associated with all individual risk factors, supply chain performance is evaluated at every time step. If no hazard event occurs at time step t, the simulation process assesses supply chain performance by incorporating the effects of non-hazard events/conditions and opportunities and moves to the next time step t + 1. If a hazard event occurs at time step t, structural damage (and the associated capacity reduction) to all supply chain components (nodes and transportation edges) is computed, and its effects are incorporated into supply chain analysis to reoptimize transportation routes. The objective function of the re-optimization is to minimize the total supply chain cost per product (  c o s  t    n    ( t )   ) and is mathematically expressed by [42]:


  c o s  t    n    ( t )  =   c o s  t 0  +  w R  ·  (  c o s  t  R , n      ( t )  − r e w a r  d n     ( t )   )      p r o d u c  t n   ( t )     



(2)




where   c o s  t 0    = the business-as-usual supply chain costs, consisting of transportation cost and operation cost,   c o s  t  R , n      ( t )    = the resilience cost at time  t  under the  n th scenario,   r e w a r  d n     ( t )    = the reward at time  t  under the  n th scenario,    w R    = the weighting factor determined by a decision-maker based on the relative importance of the resilience cost/reward in total cost calculation, and   p r o d u c  t n   ( t )    = the amount of the final product at time t under the nth scenario. A unit cost is considered in this study to appropriately address the benefit and cost associated with each resilience-enhancing action. For example, although upgrading a production process requires a huge investment, it may lower the unit-production cost and enhance its profitability and overall competitiveness, which would otherwise be ignored in the cost calculation. In Equation (2),   c o s  t 0    is a deterministic value that is supply-chain specific and constant across scenarios. On the other hand,   c o s  t  R , n      ( t )    and   r e w a r  d n     ( t )    are sensitive to the realization of risk factors and vary across scenarios. To allow decision-makers to assign different weights on a design-specific fixed value and risk-specific variables in the optimization process,   c o s  t 0    is separated from the total supply chain cost in Equation (2).



In this paper, equal weights are assigned to   c o s  t 0   ,   c o s  t  R , n      ( t )   , and   r e w a r  d n     ( t )    (i.e.,    w R    = 1). More specifically,   c o s  t  R , n    ( t )    comprises four cost components, including unmet demand penalty (   c  U D P    ), facility restoration cost in the aftermath of hazard events (   c  r e s t o r a t i o n    ), and changes ( Δ ) in transportation cost (   c  t r a n s p o r t a t i o n    ) and operations cost (   c  o p e r a t i o n    ) due to risk factors. The term   r e w a r  d n   ( t )    is the reward for demand surplus to account for system redundancy. This term may not be an actual economic benefit that a supply chain system produces but a benefit obtained from meeting the minimum target demand under any uncertain scenarios in the form of redundancy or backup. The resilience cost and reward terms can be summarized in the following equations, respectively:


  c o s  t  R , n    ( t )  =  c  U D P , n    ( t )  +  c  r e s t o r a t i o n , n    ( t )  + Δ  (   c  t r a n s p o r t a t i o n , n    ( t )  +  c  o p e r a t i o n , n    ( t )   )   



(3)






  r e w a r  d n   ( t )  = −  S n   ( t )  ·  r  p r o d u c t , n    



(4)




where  S  = the surplus amount, and    r  p r o d u c t     = the reward rate per unit surplus. The variable denoted by the subscript “ n ” in Equations (3) and (4) represents the value of the  n th scenario. After reoptimizing transportation routes immediately following the hazard event, the recovery processes of the nodes and edges are simulated at every time step    t h    (where    t h    is the time interval considered during the recovery process), and their structural capacities are updated in supply chain analysis. This process is repeated until the supply chain performance achieves its pre-hazard-event functionality. As shown in Figure 4, the entire simulation process has an iterative structure and is repeated over the planning horizon ( T ). This simulation generates a single long-term supply chain performance scenario and should be repeated to generate a set of N scenarios. Due to uncertainties in risk factors, each scenario results in a distinctive long-term supply chain performance. To obtain a more realistic result, a large number of scenarios should be generated, which could greatly increase the computational burden of simulation. Thus, cluster analysis can be used to identify representative scenarios by finding a small number of scenarios that represent all other possible scenarios [43].





2.2. Multi-Component Resilience Assessment


After generating a set of plausible long-term supply chain performance scenarios, supply chain resilience is assessed. This paper proposes a new resilience index consisting of three components: hazard-induced CLF, opportunity-induced CGF, and non-hazard-induced CLF. The first and last components are defined as the total losses in system functionality due to hazard events and non-hazard events, respectively, whereas the redundancy caused by opportunities is described by the opportunity-induced CGF. These three components are represented by the yellow, red, and green areas, respectively, in Figure 2. The overall supply chain resilience is divided into these three measurable components to make each component more manageable and provide effective guidance to supply chain managers on what to target in order to improve resilience.



In this paper, the unmet-demand ratio (  U D R  ) is used as one of the performance measures of a supply chain system [44], which represents the proportion of demand that is unmet (or not satisfied) at a given time. To illustrate the resilience assessment procedure, three types of nodes (i.e., feedstock node  f , processor nodes  p , and demand node  d ) are considered in this subsection, where f is an element of the set of feedstock nodes F, p is an element of the set of processor nodes P, and d is an element of the set of demand nodes D. The unmet demand at demand node d at time t under the nth scenario,    U  d , n    ( t )   , and the total unmet-demand ratio of the supply chain system at time t under the nth scenario,   U D  R n   ( t )   , can be computed as follows [44]:


       U  d , n    ( t )  = D  M  d , n    ( t )  −   ∑  p   x  p d , n    ( t )  · F C     p d , n    ( t )   



(5)






  U D  R n   ( t )  =     ∑  d   U  d , n    ( t )      ∑  d  D  M  d , n    ( t )                                             



(6)




where   D  M  d , n    ( t )    = the demand at the demand node d at time t under the nth scenario,    x  p d , n    ( t )    = the amount of material flow from node p to node d at time t under the nth scenario, which reflects the capacities of the node p and the previous nodes and edges, and   F  C  p d , n    ( t )    = the material flow capacity of the link from node p to node d at time t under the nth scenario. More specifically,   F  C  p d , n    ( t )    can be expressed by [45]:


                    F  C  p d , n    ( t )  =  {      1 ,                     i f    x  p d , n    ( t )  ≤   A  C  p d , n    ( t )          A  C  p d , n    ( t )     x  p d , n    ( t )    ,           i f      x  p d , n    ( t )  > A  C  p d , n    ( t )             



(7)






      A  C  p d , n    ( t )  =  [   γ  p d , n    ( t )  · T  C  p d    ( t )  − T  F  p d    ( t )   ]  · P V  



(8)




where   A  C  p d , n    ( t )    = the available material flow capacity of the edge between nodes p and d at time t under the nth scenario,    γ  p d , n    ( t )    = the remaining traffic-capacity ratio of the edge following risk factors between nodes p and d at time t under the nth scenario,   T  C  p d    ( t )    = the daily traffic capacity in the unit of vehicle amount of the edge between nodes p and d at time t,   T  F  p d    ( t )    = the daily traffic flow in the unit of vehicle amount at the edge between nodes p and d at time t, and   P V   = the product amount per vehicle. Any road damage or maintenance may reduce the traffic capacity, thus resulting in decreases in   A  C  p d , n    ( t )    and   F  C  p d , n    ( t )   . Consequently,   U D  R n   ( t )    increases. If   U D  R n   ( t )    is greater than 0, the supply chain system does not meet customer needs at time t under the nth scenario. On the other hand, positive events (e.g., the introduction of connected and autonomous vehicles) may enhance the road-traffic capacity and ultimately decrease the   U D  R n   ( t )   . Based on the UDR function under the nth scenario, three resilience components (   R  1 , n    ,    R  2 , n    , and    R  3 , n    ) can be computed, respectively, as follows:


     R  1 , n   =   ∑  i    ∫    t  h , i     c o s  t  R , n    (   t  h , i    )  d  t  h , i    



(9)






     R  2 , n   =   ∑  j    ∫    t  o , j     r e w a r  d n   (   t  o , j    )  d  t  o , j    



(10)






   R  3 , n   =   ∫      t h   ¯    c o s  t  R , n    (     t h   ¯   )  d    t h   ¯   



(11)




where    R  m , n     = the mth resilience component under the nth scenario, i = the number of hazard events over T under the nth scenario, th,i = the time period during which +UDR is induced by the ith hazard, j = the number of time periods during which −UDR is induced by opportunities over T under the nth scenario, to,j = the jth time period during which −UDR is induced by opportunities, and      t h   ¯    = the time period during which +UDR is induced by non-hazard events. More specifically,    R  1 , n     = hazard-induced CLF under the nth scenario,    R  2 , n      = opportunity-induced CGF under the nth scenario, and    R  3 , n     = non-hazard-induced CLF under the nth scenario. In Equations (9)–(11), although each resilience component is identified based on UDR, it is measured by cost/reward function. This is because, in many cases, the UDR is quickly recovered to its pre-hazard-event level of functionality following a hazard event due to a contingent rerouting strategy [46]. Although a rerouting strategy enables the supply chain system to meet customer demands quickly following the event, it brings about additional transportation costs due to detour, which cannot be captured by the UDR function. To appropriately reflect the damage and recovery processes of transportation edges and the consequent effect on supply chain performance, this paper measures hazard-induced and non-hazard-induced CLF by the cost function. Moreover, CGF induced by opportunities is quantified by the reward function. As such, the cost and reward functions are used to measure each resilience component, whereas UDR is still used to identify th,i and to,j to consider supply chain performance, cost effectiveness, and system redundancy simultaneously.



By combining these three resilience components, the overall resilience of the supply chain system under the nth scenario (Rn) can be expressed by:


   R n  =  w  1 , n    R  1 , n   +  w  2 , n    R  2 , n   +  w  3 , n    R  3 , n    



(12)




where wm,n = the weighting factor assigned to the mth resilience component under the nth scenario, reflecting the relative importance of each component. These weighting factors can be determined by decision-makers to represent their preferences towards each resilience component. Although hazard events have catastrophic impacts on supply chain performance, their durations and recovery times are relatively shorter than the time period during which ±UDR is induced by non-hazard events and opportunities. If the equal-weighting factors are assigned to the three resilience components, cumulative impacts of non-hazard events will contribute more to the overall resilience index as compared to the impacts of hazard events. However, most non-hazard events occur slowly over a long-term horizon and give sufficient time for supply chain mangers to respond to the changes. In this context, to better reflect the consequences of each risk factor to system performance, the following weighting factors reflecting the impact on system performance per unit time are used in this paper for the purpose of illustration:


   w  1 , n   ∝  E i   [      ∫    t  h , i     c o s  t  R , n    (   t  h , i    )  d  t  h , i      t  h ,   i      ]   
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   w  2 , n   ∝  E j   [      ∫    t  o , j     r e w a r  d n   (   t  o , j    )  d  t  o , j      t  o ,   j      ]   
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           w  3 , n   ∝  E k   [      ∫      t h   ¯    c o s  t  R , n    (     t h   ¯   )  d    t h   ¯       t h   ¯     ]   
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Finally, since    R n    varies among scenarios, the final form of the overall resilience index can be represented by the probability density function (PDF) or cumulative distribution function (CDF).





3. Case Study: A Hypothetical Sustainable-Aviation-Fuel Supply Chain System


3.1. Description of the Hypothetical Supply Chain System


To illustrate the application of the proposed resilience assessment framework, a hypothetical forest-residuals-to-sustainable-aviation-fuel supply chain is used in this paper. As shown in Figure 5, this hypothetical supply chain system is distributed across three states in the Pacific Northwest (PNW) region (i.e., Washington, Idaho, and Oregon). The system consists of three types of nodes, representing raw material production, processing, and fuel destination, as well as transportation edges between them. In the supply chain system, forest residuals are used as the feedstock for fuel production. Forest residuals are residues from forest harvesting, are abundant in the PNW region, and are typically burned on site for disposal. In this case study, the forest residuals are converted into liquid fuels through a gasification Fischer–Tropsch (GFT) process. The total distillate production is a combination of jet fuel (40%) and road fuel (40% diesel and 20% naphtha) [47]. Jet fuel and road fuel are delivered to two types of destination nodes, airport- and road-fuel market, respectively. All the nodes and transportation edges are presented in Figure 5.



In this paper, the hypothetical supply chain is analyzed using the Freight and Fuel Transportation Optimization Tool (FTOT) developed by the U.S. Department of Transportation Volpe Center [45]. Although the service period of a supply chain system is not determinate and may extend across multiple generations, a 20-year planning horizon is assumed herein. An average annual inflation rate of 2.90% is considered in the cost calculation for resilience assessment [48]. To create a hypothetical supply chain system layout, all the possible raw material production and destination nodes in Washington, Oregon, and Idaho are used as inputs to generate potential candidate processor locations based on transportation costs, distance constraints, etc. [45]. Based on the demand outlook for oil products, jet-fuel and road-fuel demands are expected to increase by 26.3% and 21.5%, respectively, during the period between 2021 and 2040 [49]. Since this paper assesses long-term supply chain performance over the 20-year time horizon, the fuel demands in Year 2040 are used as total demand in the optimization process to meet customer demand in the future. It should be noted that, in reality, the supply chain layout may need to be reorganized over time to accommodate changes in demand. Although the approach taken in this paper can result in redundant capacities at the beginning of the planning horizon, the supply-chain layout is optimized based on the expected higher demand in Year 2040 because introducing another temporal variation in demand and changing the supply-chain layout may distract readers from understanding the impacts of risk factors on the supply-chain performance and resilience. Additionally, an adaptive plan for the supply-chain layout could lead to confusion when interpreting the baseline scenario, as well as an increased computational burden. However, such an adaptive plan can be easily incorporated into the proposed framework by considering changes in fuel demands as one of the major risk factors.



The unmet-demand penalty rate is USD 5000 for every thousand gallons of total unmet demand at all destination nodes for all fuel types [45], and the same rate is assigned to the reward rate. The optimal supply chain system layout was obtained by minimizing   c o s  t    0     (see Equation (2)) through the FTOT. In the simulation process, the locations of all the nodes are assumed to be fixed, whereas optimal routing and flows are changed at every time step due to risk factors realized over a planning horizon.




3.2. Risk Factors


Based on the location and characteristics of the supply chain system, only three risk factors are identified for the purpose of illustration: earthquake hazards, increased amount of annual forest harvest, and GFT catalyst deactivation. These risk factors represent a hazard event with an immediate negative impact, an opportunity with either an immediate or cumulative long-term positive impact, and a non-hazard event with a cumulative long-term negative impact, respectively. The following subsections describe each risk factor in more detail.



3.2.1. Hazard Event: Earthquake


Since a large portion of the supply chain system is located in moderate-to-high seismic hazard zones, an earthquake is considered a major natural hazard event in this case study. Seismic fault data are obtained from the 2008 USGS National Seismic Hazard Maps, and a total of 69 faults and/or fault segments are identified in the study region [50]. Probabilistic seismic hazard analysis (PSHA) is utilized to generate a stochastic set of seismic events, but to reduce computational burden, an importance sampling (IS) technique is used. Compared to the conventional Monte Carlo simulation (MCS) method, the IS technique can sample earthquake events with large magnitudes and low probabilities, which are considerably more important than small-magnitude events in risk assessment. For each seismic fault and/or fault segment, 25 magnitudes are generated using the IS technique [51]. However, since nine fault and/or fault segments are too short to host floating ruptures, only full ruptures are characterized in these faults by producing only the maximum-magnitude events [52]. As a result, 1509 earthquake scenarios are generated in the seismic catalog. Then, a ground-motion-intensity map in the study region conditioned on each earthquake scenario is generated through Open-Source Seismic Hazard Analysis (OpenSHA) [53]. Although various ground-motion-intensity maps should be generated for each earthquake scenario to account for uncertainties, only the median values of ground motion intensities are used in this paper for the purpose of simplification.



The seismic impact assessment begins with the physical damage and functional disruptions to individual nodes and transportation edges, which then propagates over the overall system performance. The structural response of each node and link to a seismic event is expressed in terms of four damage states, including slight damage (DS1), moderate damage (DS2), extensive damage (DS3), and collapse (DS4), which are consistent with the damage states defined in the Hazards U.S. Multi-Hazard (HAZUS-MH) model [54]. Each damage state describes the structural condition of a facility or a bridge following a seismic event. Damage state probabilities of the GFT facilities conditioned on peak ground acceleration are estimated from the seismic fragility curves for oil refineries defined in the HAZUS earthquake technical manual [54]. Each damage state is linked to a certain level of capacity reduction of the GFT facilities [55], which is subsequently incorporated into the FTOT analysis to assess the effects of facility damage on supply chain performance following an earthquake event.



Bridges are one of the most vulnerable components in a transportation system during an earthquake event [56], and thus structural damage to bridges is primarily used to calculate physical damage to edge segments and the associated capacity reduction. In the study region, there are 28 types of bridges with different bridge structural forms (continuous steel, simply supported, etc.), span lengths, design types (conventional or seismic), and ages according to HAZUS-MH. Each type of bridge has its own fragility curve, and combined with the spectral acceleration at a period of 1.0 s realized at each bridge location under a given earthquake scenario, the damage state for each bridge can be calculated through MCS. Subsequently, the bridge damage state is converted into the bridge damage index (BDI) and used to calculate the associated edge damage index (EDI) through the relationship shown below [56]:


  E D  I i  =     ∑   j = 1    M i       (  B D  I j   )   2     
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where   E D  I i    = the edge damage index, indicating the damage condition of the highway segment  i ,    M i     = the total number of bridges located on the highway segment  i , and   B D  I j     = the bridge damage index, representing the jth bridge’s capacity reduction. Then, the EDI for each edge is converted into the associated edge capacity ( γ  in Equation (8)) based on the relationship presented in Shiraki et al. [56]. The reduced edge capacities are incorporated into the FTOT analysis to simulate the effect of edge damage on supply chain performance.



After assessing the system performance immediately following a scenario earthquake event, the post-earthquake recovery processes of the damaged nodes and edges are simulated. The recovery process includes (a) delay time and (b) restoration activities. The delay time associated with each bridge damage state is estimated using data available in Hashemi et al. [57], whereas the recovery activities of the damaged bridges are modeled by using the restoration functions obtained from the HAZUS earthquake technical manual [54]. For GFT facilities, three delay sequences due to multiple impeding factors (e.g., inspection, engineering mobilization, financing, contractor mobilization, permitting) are suggested by the REDi™ framework [58], and the longest delay sequence controls the overall delay time [59]. The recovery activities of the damaged facilities are modeled by using the restoration function of oil refineries obtained from the HAZUS earthquake technical manual [54].




3.2.2. Non-Hazard Event with Cumulative Negative Impact: GFT Catalyst Deactivation


In the GFT process, Fischer–Tropsch synthesis (FTS) is mainly used for converting syngas into fuels, which can only occur in the presence of proper catalysts [60]. Therefore, FTS performance depends on the activity of the catalyst and varies over time [61]. For diesel-range products, a cobalt catalyst with a lower temperature (200–240 °C) is widely used [62,63]. In recent years, many studies have revealed that the main causes of deactivation of cobalt FTS are (a) cobalt oxidation, (b) formation of inactive co-support compounds (e.g., surface cobalt aluminates or silicates), (c) sintering of the active metal, and (d) fouling or poisoning by carbon or coke deposits [61,64]. Argyle et al. [65] proposed a generalized power-law expression model to simulate the deactivation rate of a cobalt catalyst as follows:


  a  ( t )  =    (   k d  t +    (  1 −  a  s s    )    − 1    )    − 1   +  a  s s    



(17)




where   a  ( t )    = the time-dependent normalized activity of the cobalt catalyst, generally defined as the ratio of the reaction rate at any time to the highest observed initial rate,    k d    = the constant rate of deactivation,  t  = the time from the initiation of the catalyst activity, and    a  s s     = the catalyst activity as time approaches infinity. To account for inherent uncertainties in catalyst activity, variables related to the equipment and reaction environment,    k d    and    a  s s    , respectively, are modeled as statistically independent normal random variables with mean values of 0.11 and 0.36 and the standard deviations of 0.05 and 0.19, respectively [65].



The normal operating cost of the GFT facility is assumed to be USD 5.79 per gallon of product (in 2021 USD) in this study [63]. If a hazard event damages or destroys the facility, its full replacement cost is estimated at USD 597,765,301 (in 2021 USD) [63], and its repair cost (   c  r e s t o r a t i o n     in Equation (3)) can be estimated by combining its damage state with the facility restoration-cost functions provided in the HAZUS earthquake technical manual. The catalyst-replacement cost should also be considered as   Δ  c  o p e r a t i o n     in the resilience cost (see Equation (3)). Swanson [63] estimated that, in lower-temperature scenarios, the cobalt-FTS replacement cost is USD 9,155,407 per plant (in 2021 USD). The catalysts for all reactors are replaced only when their activities reach a certain threshold. In this paper, such a threshold (   a  t h r e s h o l d    ) is assumed to be the catalyst activity at Year 3 with the mean values of    k d    and    a  s s    , which can be estimated from Equation (17). Due to the uncertainties in    k d     and    a  s s    , catalyst replacement occurs at different points in time and space (i.e., facility). The catalyst is assumed to be activated immediately when it is replaced, and its time-varying activity can be calculated by Equation (17).




3.2.3. Opportunity: Increased Amount of Forest Harvest


Since forest residuals are a byproduct of forest harvesting [66], the amount of annual forest residuals may be proportional to the annual forest harvest. In this study, the ratio of forest residuals to harvest is assumed to be constant over the planning horizon (2021–2040), and therefore the change in annual feedstock amount can be estimated from the long-term change in the amount of annual forest harvest from Year 2021 to Year 2040. Haynes et al. [67] developed the base scenario that represents the likely future of the U.S. forest-products sector and provided several possible future scenarios in response to different strategic forest policies. To predict the long-term change in the amount of annual forest harvest, this paper considers three possible scenarios obtained from Haynes et al. [67] in addition to the base scenario, as summarized in Table 2. As all four scenarios predict that annual forest harvest will increase in the next 20 years, this risk factor can be considered an opportunity that brings about increasing supply. The detailed description of these scenarios and their rationales can be found in Haynes et al. [67].



These four scenarios are assumed to have equal probability of occurrence, and if a certain scenario is realized, then the implementation of the corresponding strategic forest policy occurs at a random point in time over the planning horizon. In this hypothetical supply chain system, 83.3% of forest residuals are obtained from softwood and 16.7% are obtained from hardwood [47]. Therefore, for a given scenario, the annual increases in the amounts of softwood and hardwood harvests can be estimated from the rates of increase in annual forest harvest shown in Table 2. Finally, the updated capacities of all the feedstock nodes in the supply chain system for a given scenario are incorporated into supply chain analysis to assess the effect of the opportunity on supply chain performance.





3.3. Simulation Process


Individual risk factors are simulated to generate a set of sample paths using the models and predictions described in Section 3.2. For example, the occurrence of earthquake events during the 20-year planning horizon under a given scenario is modeled by a Poisson process, where the annual mean rate of occurrence is the sum of the probabilities of all earthquake events in the pre-generated seismic catalog. If an earthquake event occurs at a certain time step, the MCS method is applied to sample an earthquake scenario from the seismic catalog to realize the location and magnitude of the event and the resulting ground-motion-intensity map. The sample paths of the other two risk factors are also obtained using MCS and the models described in Section 3.2.2 and Section 3.2.3. As such, the number of events and future conditions vary among scenarios, and each risk factor realization occurs at different points in time and space due to inherent uncertainties. Realizations of all the risk factors under a given scenario are integrated together (see Figure 3), and their combined effects on supply chain nodes and transportation edges can be represented by a set of time-varying variables (e.g., node and edge capacities). These variables are then incorporated into the FTOT optimization analysis to reoptimize transportation routes and compute long-term system performance and total resilience cost/reward for each scenario. This process is repeated to generate a set of plausible future scenarios. Although many scenarios should be generated to fully represent plausible futures, this case study considers only 30 scenarios that can best represent future supply chain risks for the purpose of illustration.





4. Results and Discussion


To illustrate the effects of the risk factors on supply chain performance, time-dependent UDRs under a set of pre-generated scenarios (light-grey lines) are presented in Figure 6a. In most scenarios, UDRs in the first few years are mostly less than zero because the supply chain layout is optimized based on the expected higher demand in Year 2040 and accordingly has redundant capacities at the beginning. The base case, the red dotted line in Figure 6a, represents zero UDR under the base scenario (i.e., the scenario without any risk factors). UDR changes over time due to the three risk factors. For example, in the sample scenario (the blue line) in Figure 6a, GFT catalyst deactivation gradually increases UDR until the catalyst is replaced. Once it is replaced, UDR decreases immediately. In this scenario, the “reduction in nonindustrial private forest area” policy is implemented (see Table 2) and UDR decreases as feedstock amount increases. Moreover, an earthquake event occurs in the Year 2036, which induces a 9.56% increase in UDR and a 298.03% (USD 3.68 million in total) increase in daily unit cost immediately following the event. Such increases are attributed to structural damage to facilities and bridges, the consequent reduction in capacities, and the resilience costs. Following the earthquake event, all the damaged facilities and bridges are recovered based on the HAZUS recovery dataset. As shown in Figure 6a, the recovery process is not a smooth curve but a stepwise curve, because the recovery of UDR is highly dependent on facility functionality. As the contingent re-routing strategy is performed immediately following the event, the increase in UDR due to bridge damage can be recovered quickly. Therefore, the increase in UDR in the aftermath of the event is mainly attributed to facility damage, and UDR decreases only when each damaged facility is fully recovered. In this sample scenario, it takes about 49 weeks for the system to achieve its pre-earthquake functionality.



As explained in Section 2.2 and shown in the sample scenario, the additional burden and losses induced by bridge damage cannot be captured by UDR appropriately. To account for the damage and recovery processes of transportation edges, this study introduces cost/reward functions to measure each resilience component. However, the cost function also has its limitation—for example, as illustrated in Figure 6b, in Year 2031, the daily unit cost increases due to the replacement cost of the GFT catalyst, whereas UDR decreases due to the increased system performance. As such, the sole use of the cost function does not appropriately represent the ability of the system to meet customer demand. Moreover, the reward function is also introduced to quantify the potential benefit from system redundancy caused by external opportunities or its inherent nature. Thus, in order to represent all of the supply chain operation capacity, consequences of risk factors, and system redundancy, both UDR and cost/reward functions should be adopted in the framework to provide a more comprehensive assessment of supply chain resilience.



As shown in Figure 6, UDR is used to identify    t  h , i    ,    t  o , j    , and      t h   ¯    in Equations (9)–(11). If UDR value becomes positive due to a hazard event,    t  h , i     starts and the yellow-shaded area in the cost function (see Figure 6b) is measured to quantify    R  1 , n    . If the UDR value is negative due to its inherent capacity (i.e., it is designed to meet the increased customer demand in the future) and/or the opportunity,    t  o , j     starts and the green-shaded areas in the reward function (see Figure 6c) are measured to quantify    R  2 , n    . If a positive UDR value is not induced by a seismic event, it is induced by non-hazard risk factor with a negative impact on the supply chain and       t h   ¯    starts (the red-shaded areas). During this time period, the area above the cost function is measured to quantify    R  3 , n    . As such, after identifying the time blocks associated with each resilience component from the UDR function, three resilience components can be computed using the corresponding cost/reward functions.



In the sample scenario, seismic damage to a bridge does not affect UDR significantly due to the adopted rerouting strategy. To highlight the importance of a rerouting strategy in the aftermath of an earthquake event, we examine another sample scenario in which one of the critical routes in the supply chain system is severely damaged. As illustrated in Figure 7b, this critical route is the longest transportation edge that connects between eastern (feedstock nodes) and western (demand nodes) Washington State and serves a large amount of commodity flow compared to other transportation edges. In this sample scenario, a magnitude 7.0 earthquake event occurs on the Saddle Mountain Fault in Washington State in Year 2024, and the spatial distribution of ground motion intensity induced by this event is presented in Figure 7a. Although all the GFT facilities experience low ground motion intensities (i.e., yellow and green regions in Figure 7a) and do not sustain any substantial structural damage, several bridges located on the critical route experience high ground motion intensities (i.e., red and orange regions in Figure 7a) and are extensively damaged.



Figure 8a illustrates the long-term UDR of the supply chain under this sample scenario. Although it is expected that UDR would increase following the earthquake event, UDR in Year 2024 actually decreases, as shown in Figure 8a. This decrease is primarily induced by the catalyst replacement, which also occurs in Year 2024. Since UDR is quickly recovered due to a contingent rerouting strategy, as described in Section 2.2, seismic damage to the bridges located on the critical route does not affect UDR significantly. This highlights the deficiency of the sole use of the UDR function as a performance measure. In the supply chain analysis, if the capacities of the original optimal routes are reduced due to bridge damage, supply chain transportation edges are reoptimized so that some/all of the commodities can be delivered through the reoptimized routes to reduce the unmet-demand penalty. Although rerouting is possible, seismic damage to any of the bridges located in this critical route may require a substantial detour and additional transportation costs (Figure 8b). As such, the effect of bridge damage on the supply chain can be captured by the cost function. During the recovery processes of the damaged bridges, transportation edges in the system are reoptimized until the bridges complete repairs and regain full functionality.



As described in Equation (12), each scenario produces its own overall resilience index (   R n   ) of the supply chain system, and thus the resilience index has a range of values. Figure 9 shows the empirical CDF of the resilience index (   R n   ). The index ranges from USD −12.46M to USD −0.43M. A lower resilience index indicates that the supply chain system has less resilience capacity in response to risk factors under a certain scenario. Normal distribution is well fitted to these resilience index values, as presented in Figure 9, and its mean and standard deviation values are USD −3.02M and USD 2.48M, respectively.



The results show that the expected values of the three resilience components (   E n  [  R  1 , n   ]  ,    E n  [  R  2 , n   ]  , and    E n  [  R  3 , n   ]  ) are USD −0.84M, USD 0.37M, and USD −2.33M, respectively. As expected in Section 2.2, the cumulative impacts of non-hazard events and opportunities contribute more to the overall resilience index than seismic events do, because an earthquake has low probability of occurrence and its effect on system performance is relatively short. This fact justifies the unequal weighting factors assigned to the three resilience components assumed in this paper (see Equations (13)–(15)). To reflect the high consequence of an earthquake event, this paper assigns the weighting factors proportionally to the consequence that each risk factor brings about for a given unit time (or a unit duration). By doing so, a decision-maker can place greater importance on high-consequence risk factors. Using Equations (13)–(15), the expected values of the weighting factors assigned to    R 1   ,    R 2   , and    R 3    are 3.44, 0.10, and 0.39, respectively. However, different weighting factors can be used based on the decision-maker’s preferences. To test the sensitivity of the resilience index to weighting factors, the uniform weighting factors are compared with the weighting factors suggested by Equations (13)–(15). As shown in Figure 10a, when equal weights are assigned to all three components, the mean and standard deviation values of the resilience index are USD −0.63M and USD 0.38M, respectively. In this case, the mean value of the resilience index is greater than the one obtained from Equations (13)–(15) (mean: USD −3.02M) because the high consequence of an earthquake event is offset by its short duration and low probability of occurrence. It should be noted that if the proposed resilience index is used to determine the most resilient supply chain layout among alternative designs or compare one supply chain system with another, the same weighting-factor system should be utilized to maintain consistency in the comparison process.



Figure 10b shows the comparison between the conventional resilience index and the proposed resilience index. As the conventional resilience index is calculated by the cost function to capture system performance against a single earthquake event, it is a deterministic value, as shown by the black dotted line. Furthermore, to illustrate the effect of the other two risk factors (i.e., non-hazard events and opportunities) that are not considered in the conventional resilience index, the scenarios are divided into two categories: scenarios with earthquake events and scenarios without earthquake events. Figure 10b compares the theoretical CDFs of the resilience index for these two categories. In this comparison, the weighting factors calculated from Equations (13)–(15) are used. As expected, the CDF is shifted to the left if scenarios include at least one earthquake occurrence. The mean values of the theoretical CDFs for scenarios with and without earthquake events are USD −3.84M and USD −1.09M, respectively: The difference between these two (USD −2.75M) indicates the contribution of earthquake events to the resilience index, whereas USD −1.09M represents the effects of the other two risk factors. Since all three risk factors contribute to the overall resilience index, ignoring any one of them may lead to an overestimation or underestimation of system resilience. This highlights the advantage of using the proposed resilience index compared to the conventional ones which consider only one type of hazard event in resilience assessment.




5. Conclusions


The main goal of this paper is to propose a quantitative framework for assessing the resilience of a supply chain system exposed to multiple risk factors over a long-term planning horizon. Contrary to conventional resilience assessment with respect to a specific hazard event, the proposed framework considers the effects of multiple risk factors to provide a more reliable estimate of system capacity that meets customer needs under a wide range of plausible future scenarios. The results from the case study also highlight the need for incorporating multiple risk factors into resilience assessment by showing that all three risk factors contribute to the overall resilience index significantly. Moreover, most existing studies ignore opportunities in risk and resilience assessment. As the case study results indicate, the opportunity and its positive impact on supply chain performance play an important role in evaluating the capacity of a supply chain to respond to uncertain conditions in the future. Therefore, we designed the proposed resilience index to measure the combined ability of a supply chain system to resist and recover from hazards, adapt to changing conditions, and capitalize on opportunities by accounting for the effects of multiple risk factors that may occur over a long-term planning horizon.



The proposed resilience index also addresses the limitations observed in conventional supply chain resilience assessment that utilizes a single performance measure (mostly either UDR or supply chain cost). Although UDR cannot capture transportation edge damage and the consequent capacity reduction, supply chain cost cannot appropriately represent the ability of a system to meet customer demand in certain situations. The proposed resilience index uses both performance measures in addition to reward function to better represent supply chain operation capacity, the consequences of different risk factors, and system redundancy. In summary, the proposed multi-component resilience assessment framework can provide supply chain managers with meaningful guidance on how to determine key factors that significantly affect supply chain resilience and facilitate decisions on the effective combination of various resilience-enhancing strategies. The framework can also be used to compare different supply chain designs and determine the most resilient one at the planning stage.



Although the proposed resilience index and framework can successfully overcome the shortcomings of the existing methodologies, there are several areas for further research. First, the state-of-the-art computational models, leveraging the latest advancements in artificial intelligence and machine learning, can potentially alleviate the computational challenges associated with simulating a large number of scenarios in the proposed framework. These computationally efficient models will enable risk managers to test the framework using a broader range of plausible future scenarios, which can improve the accuracy and robustness of the proposed approach. Moreover, this framework has a wide range of applicability in assessing the resilience of various types of large-scale infrastructure systems, such as water distribution networks, electric power systems, and communities. Thus, future research can explore how the proposed resilience index can be adapted to assess the resilience of other critical infrastructure systems.
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Figure 1. Comparison between the conventional resilience assessment approach and the proposed multi-component approach. 
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Figure 2. The proposed multi-component resilience assessment framework for a supply chain system. 
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Figure 3. Multi-risk assessment procedure. 
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Figure 4. Simulation procedure for integrating multiple risk factors. 
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Figure 5. A hypothetical forest-residuals-to-sustainable-aviation-fuel supply chain system. 
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Figure 6. Supply chain long-term performance under a set of scenarios: (a) UDR, (b) cost function, and (c) reward function over the 20-year planning horizon. 
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Figure 7. A magnitude 7.0 earthquake event on the Saddle Mountain Fault: (a) ground-motion-intensity map and (b) critical route damaged by the earthquake event. 
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Figure 8. A sample scenario in which the critical route is damaged by the magnitude 7.0 earthquake event on the Saddle Mountain Fault: (a) supply chain UDR and (b) cost function over the 20-year planning horizon. 
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Figure 9. Empirical and theoretical CDFs of the supply chain resilience index. 






Figure 9. Empirical and theoretical CDFs of the supply chain resilience index.



[image: Sustainability 15 06197 g009]







[image: Sustainability 15 06197 g010 550] 





Figure 10. (a) Sensitivity of the resilience index to weighting factors and (b) the impact of earthquake events and other risk factors on the resilience index (using the weighting factors obtained from Equations (13)–(15)). 
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Table 1. Example: potential supply chain risk-factor identification and categorization.
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Category

	
Risk Factors

	
Threat/Opportunity






	
Natural hazards

	
Earthquake

	
Threat




	
Man-made hazards

	
Intelligent attacks

	
Threat




	
Government intervention

	
Minimum price guarantee

	
Opportunity




	
Emissions cap

	
Threat




	
Climate change

	
Increasing hazard intensity and frequency

	
Threat




	
Increased precipitation

	
Threat/Opportunity




	
Market

	
Competition among alternative products

	
Threat/Opportunity




	
Evolving customer preferences

	
Threat/Opportunity




	
Supply

	
Increase in feedstock amount

	
Opportunity




	
Decrease in feedstock production

	
Threat




	
Technology

	
Increased conversion rate due to development

	
Opportunity




	
New technology developed by competitors

	
Threat




	
Logistics

	
Automation

	
Opportunity




	
Port delay

	
Threat




	
Finance

	
Investment

	
Opportunity




	
Bankruptcy

	
Threat




	
Human/Organizational behavior

	
Engagement

	
Opportunity




	
Human error/Strike

	
Threat
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Table 2. Rate of increase in annual forest harvest for four scenarios (adapted from Haynes et al [67]).






Table 2. Rate of increase in annual forest harvest for four scenarios (adapted from Haynes et al [67]).





	
Scenarios

	
Rate of Increase in Annual Forest Harvest (%)




	
2021–2030

	
2031–2040






	
Base scenario

	
+0.181

	
+0.475




	
Reduction in nonindustrial private forest area

	
+0.178

	
+0.471




	
Sequestration of carbon in plantations

	
+0.186

	
+0.472




	
Restoration thinning on public lands

	
+0.215

	
+0.435
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