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The design of resilient food supply chain networks

prone to epidemic disruptions

Abstract

Food supply chains are nowadays perturbed by an increased supply and demand uncertainty, and more and more
suffering from unexpected disruptions. In the specific context of food supply chains (FSC) for perishable products,
these could be linked to natural hazards, industrial accidents or epidemics and their impact could lead to huge
economic losses. The case of epidemic events has been little studied in the existing literature, although there are
numerous cases reported in practice. At the strategic level, this requires a novel risk modeling approach to tackle the
correlation and propagation features and advanced stochastic multi-period models to design the FSC network. Our
interest in this research is to propose a comprehensive two-stage scenario-based mathematical model to design a
resilient food supply chain under demand uncertainty and epidemic disruptions. In order to adequately characterize
epidemic disruptions, they are modeled as a compound stochastic process and a Monte Carlo procedure is developed
to generate plausible scenarios. The modeling approach covers the special characteristics of FSC, such as products
perishability in time and discount prices based on product’s age. In addition, a number of resiliency strategies are
incorporated into the core model to enhance the resilience level of the FSC network design. The developed models
are solved through an efficient solution approach relying on scenario reduction technique and Benders

decomposition. Numerous problem instances are used to validate the modeling approach and to derive managerial
insights.

Keywords: Food Supply Chain, Resiliency, Epidemic Disruptions, Uncertain Demands, Stochastic Programming
1. Introduction

There is no aspect of everyday life more critical than the means by which the world is fed (Bourlakis & Weightman
2004). The food supply chain (FSC) is considered to be one of the main infrastructures as its continuous flow
provides welfare and security for customers and profit for companies involved. The optimization of FSCs was
extensively studied in the last decade from efficiency (Mohan et al., 2013), sustainability (Validi et al, 2014), quality
(Rong et al, 2011), and robustness (Vlajic et al, 2012) facets. At the strategic level, the design of FSCs involves the
location of a set of capacitated production and distribution facilities and the determination of their mission in order
to serve efficiently and durably a customer base. When food products are considered, the problem complexity is
usually raised because it deals additionally with limited shelf-life of products, safety requirements, pricing issues
and an increased concern for resiliency (Dani & Deep, 2010; Behzadi et al., 2017). Here, perishability of products
imposes a geographical and temporal traceability of the product flow and age along the SC. In addition, the price of
a product is dependent on product age in order to control demand and increase revenue (Goh, 1992; Goh &
Sharafali, 2002; Wang & Li, 2012; Kaya & Polat, 2017; Grillo et al., 2017). Moreover, from an inventory

management perspective, the inventory holding cost also is linked to the effort required to keep the inventory safe



and to preserve its freshness (San-José et al, 2015). A typical example is meat or poultry supply chain where
preservation methods along time are critical. All these elements make the design of FSCs a worthy to study context

but a challenging optimization problem, especially under uncertainty.

Moreover, it is well established that SCs evolve in an uncertain environment prone to business-as-usual and to
disruptive events (Ponomarov; 2012, Klibi et al.; 2010, Tang; 2006). FSCs are subject to business-as-usual
uncertainty typically related to market demand and costs caused by internal and external factors (Behzadi et al.,
2018, Vlajic et al., 2012). Additionally, FSCs are increasingly exposed to multiple derivers of disruptions posed by
various type of uncertainties such as natural disasters, extreme weather, economic and political crisis, industrial
accidents, and so on (Tendall et al. 2015, Stone & Rahimifard, 2018). Further, in the food context, biological
deliberate acts and epidemic outbreaks could be additional sources of unavoidable SC disruptions (Manning et al.
2005, Tendall et al. 2015, Gonzalez, 2011, Torabi et al., 2016). According to the World Economic Forum (WEF)
risk report in 2019, the world has entered a new era of epidemic risk (Brende, 2019). This report underlined that past
outbreaks indicate important contributions from the areas of supply chain and logistics in an effective epidemic
readiness. However, a lack of anticipation was observed as we are still moved by the dramatic descriptions from the
past (Schwab & Brende, 2018). The COVID-19 crisis shown the vulnerability of agro-food products because it
provoked farmers’ and workers’ illness and thus critical losses in productivity and in production of food products in
the USA (https://ag.purdue.edu/agecon/Pages/FoodandAgVulnerabilityIndex.aspx). A well-known example of a
food epidemic disruption is the Salmonella outbreak through peanut butter in the USA (Terreri, 2009). Another
noticeable example is Avian Influenza crisis that affected the whole poultry chain in several countries and incurred
losses of about 200 million Euros to the French poultry industry in 2006 (Le Hoa Vo & Thiel, 2011). Epidemic
outbreaks may occur in the context of natural causes, such as the outbreak of novel influenza A (HIN1) virus
(WHO, 2010) or linked to a deliberated act such as smallpox and anthrax that are considered as biological agents
(Henderson, 1999). When inspecting closely all these cases, it is clear that such disruptions are unexpected and
highly impacting events for the FSC which argue for the necessity to anticipate, at the design level, their impact on
the business continuity. It is also noticeable that epidemic events are characterized by a specific SC disruption
profile and propagation behavior (Dasaklis et al., 2012), and thus the consideration of the spread of disruptions on
the FSC network facilities and inventories is crucial. Although their increasing threat, only few studies modeled the

risk of epidemic disruptions and investigated its impact on FSCs.



Furthermore, to cope with disruptions in SCs, the field of resiliency has aroused interest worldwide in the last
decade. The resiliency concept enhances the ability of SCs to quickly return to their normal performance level after
disruption (Sheffi, 2007). Examples of resilience strategies include multiple-sourcing, capacity expansion, product

substitution, backup facilities and so on (Tang 2006, Klibi and Martel 2012a). Tendall et al. (2015) defined food

system resilience as “the capacity over time of a food system and its units at multiple levels, to provide sufficient,

appropriate and accessible food to all, in the face of various and even unforeseen disturbances”. Resiliency strategies

could be reactive or proactive: proactive strategies are applied before disruption occurrence, like preservation
methods, staff training, vaccination, positioning and strengthening, etc., while reactive strategies are applied in the
aftermath of disruptions. Recent reviews of supply chain resilience approaches are found in Kamalahmadi & Parast,
(2016) and in Tukamuhabwa et al., (2015). In fact, when a food epidemic disruption occurs, a series of actions are
often taken that include stopping the propagation and identifying its source and cause (Terreri, 2009). These result in
shutting down infected or suspicious facilities in the supply chain network. For instance, the author reported that
during the Salmonella outbreak in the USA, one of the main reasons for the buoyancy was the continued production
of peanut products. Accordingly, the design of FSCs prone to epidemic disruptions necessitates the inclusion of
modeling constructs enhancing the resilience of the SC network design, through advanced stochastic multi-period
modeling and epidemic risk modeling approaches. Despite the growing efforts to design resilient SC networks, more
work needs to be done to quantify resilience (Klibi et al. 2018) and to model resilience-seeking strategies (Ivanov et
al. 2019). To the best of our knowledge, no specific epidemic risk modeling approach was developed in the FSC

context and applied in a stochastic setting to design resilient SC networks.

With this in mind, the aim of this paper is to propose a comprehensive modeling approach to design a resilient food
supply chain network prone to epidemics. The modeling approach presents a multi-period setting to cover the
special characteristics of FSCs, such as products perishability and product’s age-based discount prices. It also
proposes a novel scenario-based approach in order to model the stochastic processes characterizing the arrival and
the impact of epidemic disruptions on the FSC network, as well as the risk of propagation. To cope with such
uncertainties, we incorporate a number of resiliency strategies into the core model to enhance the resilience level of
the SC network. All these features lead to a two-stage multi-period stochastic program with a challenging

solvability. To this end, an efficient solution approach combining a Monte-Carlo procedure, a scenario reduction



method and accelerated Benders decomposition, is proposed to solve a bench of problem instances. The rest of this
article proceeds as follows. Section 2 is dedicated to a literature review. Section 3 presents the model development
including the problem description, notations and model formulation and the epidemic risk modeling approach.
Section 4 presents the modeling approach to integrate the resiliency strategies into the core model. The solution
approach is provided in Section 5. Section 6 presents the model validation, numerical results and managerial

insights. Section 7 presents some concluding remarks.

2. Literature Review

This section presents key related work in the relevant areas of resilient SC network design and FSCs optimization
under uncertainty. In a generic way, several papers attempted to cover the supply chain network design (SCND)
problem under disruptions. A critical review of SCND problems under uncertainty is provided in Klibi et al. (2010)
where major disruptions provoking SC network deficiencies are listed, and the resilience strategies to consider at the
design level are discussed. Goh et al. (2007) investigated supply, demand and disruption risk in a multi-stage global
SCND dealing with location and distribution decisions. Qi et al. (2010) investigated SCND with supply disruptions
with a model providing location of facilities and allocation of customers to retailers. Klibi & Martel (2012a)
proposed different distribution strategies to design a resilient SCND and integrated them into a stochastic multi-
period setting.

The concept of network resilience has important implications in understanding supply chain network disruptions
(Sheffi, 2007) and the current literature trend confirms the growing interest by academics and practitioners (Wagner
& Neshat, 2010; Chopra & Sodhi, 2004). Resiliency strategies aim to mitigate disruptions threatening continuity of
operations in SCs. These strategies could be categorized as proactive or reactive and from another perspective they
could be flexibility, robustness or redundancy strategies (Faturechi & Miller-Hooks, 2014). Sawik (2013, 2014)
applied redundancy and flexibility by keeping safety stock. However, these studies merely focus on the resiliency
strategies and do not deeply investigate types of disruptions and their behavior. Some of the recent research in the
related literature is summarized in Table 1. Basically, there are two inclusion criteria considered in selecting the
papers to be reviewed in Table 1. First, papers that have studied resilient SCND with mathematical models and
second, papers that have considered food SC network design models. One should notice that other research streams

related to SC reliability (Du et al., 2020) and to ripple effect (Ivanov et al., 2014, Ivanov et al., 2019) in the SC,



covered to some extent the notions of resilience and disruptions using alternative modeling approaches. This table
shows that most of the studies present generic modeling approaches (i.e. not industry/sector specific), which in the
case of the food supply chain is limiting because it doesn’t necessarily include critical functional expansions related
to limited shelf-life of products, safety requirements, pricing issues and resiliency to epidemics.

From another perspective, disruptions can be divided into two categories: single and multiple. By single disruption,
when a facility is affected, it can recover after a certain period, while in multiple disruptions an affected facility may
be disrupted again before full recovery. To the best of our knowledge and according to Table 1, most studies have
only discussed single disruptions and only a few studies consider multiple disruptions. By single disruptions,
generally, a facility is disrupted fully or partially just once in the planning horizon considered. Klibi & Martel
(2012b) studied multiple disruptions occurring in time and space. They assumed that natural disasters, and industrial
accidents could happen at the facilities according to their vulnerability and risk exposure level. Unlike single
disruption setting, these disruptions could happen concurrently at the same facilities of the network and more than
once during the planning horizon. Moreover, correlated disruptions are special cases in multiple disruptions category
that no research has been conducted on it as the epidemic disruptions. It is clear that disruptions are multi-phase and
their modeling makes sense through a multi-period setting. However, as highlighted in Table 1, only few studies
have implemented disruption behavior through a multi-period time horizon. Finally, it is worth mentioning that
disruption occurrence may affect different SC network resources and regarding Table 1, most studies have assumed
that it will affect the facility capacity, while inventory drop out has been neglected so far.

Table 1 A summary of resilient supply chain network design literature

q Soluti
% g‘) E Uncertainty type n‘:eltlhl(;)clll
Authors Year gl 2 2‘ Disruption effect g Lkt - g || Loty Application area
-] ’g Z | Business- =Y Framework| 5 ‘é strategies
= %
=| 2 &| as-usual |myentory| Capacity g = = E
Amiri-Aref et al. 2018 | « | 3 | - . - - - SP - - Ms general
An & Ouyang 2016 | - | 3 . - - - RO - - - grain
Azad etal. 2012 | - | 2 | - - - . S - . - - general
Baghalian et al. 2013 | - | 3 | - . - . S SP - - - general
Fahimnia &
Jabbarzadeh 2016 | - 3 | - . - . S SP - - - general
Fattahi et al. 2017 | 1 - . - . S RO - - F,B general
Hassani & Khosrojerdi | 2016 | « | 3 | - . - . S RO - . F,B,DA general
Ivanov et al. 2016 | - 3 - - - . S - - - B,F,CP general
Jabbarzadehet al. 2016 | - | 2 | - . - . S RO . - F general
Kamalahmadi & 205 [ - | 2| - - - . s SP - |- C general
Mellatparast
Keizer et al. 2017 | - | 2 | . - - - - - - - general
Klibi & Martel 2012 | . 2 - . - . S, M SP - - B,Ms,Co general
Mohammed & Wang | 2017 | - | 3 | - . - - - FO - - - meat
Nooraei & 2016 | « | 5 | - - - - S SP - . B general




Mellatparast
Qin et al. 2013 - 2 - - . S SP . - FP general
Rong et al. 2011 | « | 3 | - - - - - - - food
Sawik 2018 | « | 2 | - . . S SP . - B general
Shishebori & Babadi 2015 | - | 3 | - . . S SP - - - general
Soysal et al. 2014 | - | 4 | - - - - - - - - beef
Validi et al. 2014 | « | 2 | . - - - - - . - dairy
Zahiri et al. 2017 | o 4 - . - - FO - . B,N pharmaceutical
Zahiri et al. 2018 | « | 3 | - . - - FO - - - pharmaceutical
This research . 3 | . . . S, M SP . - F,B,C,Ms food
S: single disruption SP: stochastic programming F: fortification P: prepositioning N: network complexity
M: multiple disruptions RO: robust optimization D: facility dispersion ~ Co: coverage formulation  A: alternative BOM
FO: fuzzy optimization B: backup suppliers C: capacity expansions Ms: multiple assignment

The other stream of literature relevant to this study is FSCs under uncertainty. Much progress has been made in the
field of food supply chain management (Mohan et al., 2013; Soysal et al., 2015, De Keizer et al., 2017). Rong et al.
(2011) incorporated food quality into the multi-period production and distribution planning problem of a two-stage
network. They developed a mixed integer linear programming (MILP) model minimizing total costs including
production, transportation, inventory and waste disposal along with the cooling cost of transportation equipment and
storage facilities. Additionally, Validi et al. (2014) presented a multi-objective model for the design of a capacitated
distribution network for a two-echelon Irish dairy market supply chain. Bortolini et al. (2016) developed a linear
programming model to deal with the tactical optimization problem of fresh food distribution networks. They were
concerned with carbon footprint and delivery time objectives as well as considering producers and retailers along
with constraints on food quality, production capacity and market demand. Mohammed & Wang (2017b) developed a
three-echelon meat supply chain network design model, which includes number and location of facilities to be
established. Besides minimizing associated cost, environmental objective function is also considered through a fuzzy
multi-objective approach. Mogale et al. (2018) investigated food grain supply chain network design in India using a
multi-period deterministic modeling approach.

Recently, Mohammed & Wang (2017a) and Mohammed et al. (2017) studied meat supply chain network design
investing on RFID for tracing the product through the network. Traceability of food products is a very important
issue for most food manufacturing companies since potential risks such as contaminations could be propagated.
Although extensive research has been conducted in this regard (Dupuy et al., 2005; Rong & Grunow, 2010; Aung &
Chang, 2014), it is not integrated in current SC network design frameworks. Vlajic et al. (2012), Esteso et al., (2018)
and Stone et al. (2018) proposed a conceptual framework to design robust food supply chains, but no modeling
approach is proposed. They defined sources of FSCs vulnerability and redesign strategies to achieve robust and

resilient SC performance. An & Ouyang (2016) developed a bi-level robust optimization model for profit



maximization and post-harvest loss minimization of a food company by considering farmers, storage facilities and
export markets. Regarding the inventory models in this context, there are several researches that have adopted the
specific features of food products (Jaggie et al., 2017; Tiwari et al., 2018). However, they did not consider the
network design and disruption simultaneously.

Motivated by these studies and numerous cases in practice, this paper bridges a gap in resilient food supply chain
network design (RFSCND) with novel SC risk and design modeling approaches. Although some papers have
addressed related aspects (Table 1), to the best of our knowledge, none of them has investigated SCND with food
products’ characteristics, such as perishability, product age-dependent price, and epidemic disruptions. We believe
that the integration of these specific characteristics into the design model promote the robustness of the solution
produced.

3. Problem context:

In this paper, a food processing and distribution network design problem is studied, inspired from the meat supply
chain. The food supply chain network design (FSCND) problem modeled here focuses on finding the optimal
configuration of a three-echelon network for perishable products, consisting of processing centers (PCs), distribution
centers (DCs)/refrigerated warehouses and retailers, as shown in Figure 1. The proposed model aims to maximize
the total expected profit of the company along a multi-period planning horizon. The main decisions addressed by the
proposed FSCND model involve the number, location and capacity of PCs and DCs and material flow planning
decisions at each facility to open. Locations of PCs and DCs are chosen from a set of candidate sites at the

beginning of the planning horizon, since these decisions are strategic.
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Figure 1 Design and planning levels of the multi-period FSC network

The main characteristics of the food supply chain considered here are described as follows.

*  Producing food products involves small to large processing industry facilities. Here, raw materials are collected
from farms, crops and other sources, and are transformed, packed, and made ready for storage or distribution.
This step could also involve preservation methods such as dehydration and using preservatives. These methods
increase the durability of products mainly by removing water and moisture from products or increasing
concentration of salt or acids. A set of capacity levels, expressed in throughput, is considered at each potential
PC, and only one can be set.

* Distribution of perishable products involves warehousing in refrigerated platforms (i.e. controlled temperature),
and then transportation to retailers. These DCs conserve, store and consolidate the products received from the
PCs. Refrigerated warehouses preserve the perishable products from decay and postharvest maturation
behavior, and monitor their deterioration. At this echelon, we assume that a number of DCs may be established
in a set of potential locations and that the throughput capacity level of each DC must be determined.

* Retailers in the FSC are the final actors that deal directly with the consumers, who are widely dispersed in a
geographical area. They are replenished by DCs and cannot be replenished directly by the PCs. It is not
mandatory to satisfy all demand, and unmet demand is assumed to be lost. A penalty cost for each unit of
unsatisfied demand is therefore imposed to the objective function.

*  Products considered here have a predetermined remaining shelf life for consumption, as they must be consumed
within specific limited period. It is assumed that products produced/processed earlier should be transported to
DCs and next to retailers sooner. Hence, the storage system applies a ‘first expire, first out’ (FEFO) distribution
rule. If there are some products in warehouses or with retailers whose remaining shelf life period has expired,
they must be disposed of. Here, we suppose that the life time or shelf life of a product begins when it is
produced in the PCs. According to the time, temperature, tolerance (TTT) theory presented by Zwictering et al.
(1996), the rate of deterioration accelerates as the time period goes on.

*  The price of the product is a function of its freshness (Wang & Li, 2012), which is modeled hereafter using a
step-wise price discounting function, as shown in Figure 2. This figure illustrates how the product selling price
is estimated according to the age of the product. This latter is measured based on the difference between its

processing period and consumption time in order to make the model as general as possible. Since the product



has a predefined shelf life (SL), this means that when the product age becomes more than its SL, the product
status is changed to expired. In this case, a practical approach to manage sale revenues is to employ step-wise
price discounting similar to the one in Figure 2 where r is the production period of the product and ¢ is the time

period in which the product is consumed.

Wy

Product’s Sale Price

>
>

Product age (t-r)
Figure 2 Modeling product sale price versus product age

3.1.Scenario-based FSC design approach

Based on the previous problem definition and considering the following indices, parameters and decision variables,
a single-product perishable food production-distribution problem is formulated over the planning horizon as a two-
stage programming approach via mixed integer linear programming (MILP). It is assumed that the design horizon is
composed of a set of discrete time periods in which weekly or monthly decisions related to product flow are made.
The first stage of the model addresses the here and now strategic decisions on the location and capacity level of PCs
and DCs among the candidate sites, and assignment decisions between the facilities of the SC network. The second
stage of the model corresponds to the tactical planning level where the network material flow, inventory level and
demand fulfillment decisions are fixed, once each given scenario is realized. A scenario is the concatenation of a
possible sequences of events over the planning horizon. An event is a measurable (i.e. having observable
consequences) incident influencing the business environment of the SC network during a given time period. The
model’s objective function is maximization of expected profit, which is equal to total expected revenue minus total
expected cost. Total cost includes facilities’ fixed opening cost, production cost, inventory holding cost,
transportation cost, lost sales cost and cost of product expiration. The main set of constraints of the proposed model
are associated to retailers and DCs assignment, demand satisfaction, production and inventory balance, and capacity
levels.
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Sets and indices

P Set of PCs indexed by p (p O P)

D Set of DCs indexed by d (d O D)

I Set of retailers indexed by i (i 1)

T Set of time periods indexed by ¢ & r(t & r T )

N Set of possible capacity levels for each PC indexed by n (n ON )
K Set of possible capacity levels for each DC indexed by k (k K )
Ky Set of plausible scenarios indexed by s (s .S )

Parameters

f o Establishment cost of PC P with capacity level n

Sfa Establishment cost of DC d with capacity level k
cap ,, Maximum throughput of PC p atlevel n for the time period

cap g Maximum throughput capacity of DC d at level k for the time period

cap; Maximum inventory holding capacity of retailer i for the time period
q, Production capacity of PC p for the time period

Cpd Unit transportation cost associated with going from PC pto DC d

Cai Unit transportation cost associated with going from DC d to retailer i
cp Unit production cost at PC p
h » Unit inventory holding cost for PC p for the time period
hy, Unit inventory holding cost for DCd for the time period
h; Unit inventory holding cost for retailer i for the time period
Is Unit lost-sale cost for retailer  at time period ?
d l; Demand of product in retailer i at time period ? , under scenario s
sl Shelf life of product in time periods
., Price of product in retailer i in period f for the product which is produced in period r
p p p p p
Ce Unit expiration cost of product at PC p at time period
cey Unit expiration cost of product at DC d at time period #
ce;, Unit expiration cost of product at retailer i at time period #
P(s) Occurrence probability of scenario §

M A large number
First-stage decision variables

Lpn Equals 1 if a PC is established in potential location p with capacity level n , otherwise 0

Ly Equals 1 if a DC is established in potential location d with capacity level k , otherwise 0

Ay Equals 1 if retailer i is assigned to DC d , otherwise 0
Second-stage decision variables

y;n Amount of product delivered to customers in retailer i at period ¢ , which is produced in time period 7,
under scenario §
Pr ;fr Amount of product produced at time period r in PC p , under scenario §
X 1‘7 it Amount of product produced at period r and transported to DCd from PC p in time period ¢ , under
scenario §
x ;}m Amount of product produced in period 7 and transported to retaileri from DC d in time period ¢ , under
scenario §
1 ;ﬂ Amount of product produced in period 7 and remaining until end of period # in PC p , under scenario s

10



1 ‘; " Amount of product produced in period 7 and remaining until end of period ¢ in DCd , under scenario §
I Amount of product produced in period ¥ and remaining until end of period ¢ in retailer i , under scenario
int
s
Dl.;s Amount of lost-sale for demand in time period # and retailer i , under scenario s
E; Amount of product expired at time period ¢ and retailer i , under scenario §
E ;t Amount of product expired at time period ¢ in PC p , under scenario s
Et; . Amount of product expired at time period ¢ in DCd , under scenario §

Mathematical formulation:
The first-stage model optimizes the location, capacity and allocation decisions. Objective function (1) maximizes the
second-stage objective function minus total strategic cost, which includes PC and DC establishment costs. Let X

denote the vector of second-stage decision variables and for the given set of scenarios S, Q (x,S) is the optimal

objective value of the second-stage problem.

Max 2= ps)QX.5)= Y D FpuLpy = > D fuLu (1)
sS

pOP nON dOD k0K

Constraints:

Each PC and DC can be established with only one capacity level stated by Constraints (2) and (3).
DL, <l Opop 2

Y Ly <1 04 0D ?3)
X
Constraints (4) ensure that retailer 7 is assigned to DC d only if a DC is opened in location d. Constraints (5) ensure

that each retailer should be assigned to a single DC.

AidSZLdk 0;0dI1,d0D 4)
k

Z A, =1 00 01 5)
dtD

The second-stage objective function (6) maximizes total expected revenue with respect to the set of scenarios.
Second-stage costs include production cost, transportation costs from PCs to DCs and from DCs to retailers,
inventory holding cost in PCs, DCs and retailers, lost sales penalty at retailers and product expiration cost at each
level of the SC. It is worth mentioning that if the amount of delivered product is predetermined, then the first term is

constant and it is sufficient to minimize the cost terms. Otherwise, the amount of product, combination of different

ages, becomes a decision variable. Demand is considered to be bounded (d;, <d, ), where d,, is alower bound as a

market share target which could be estimated through the marketing positioning strategy of the company.
11
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According to Constraints (7), product can be transported from DC d, to retailer i, if and only if retailer i is assigned

to DC d. Similarly, Constraints (8) set transportation requirement from a given center p to a DC d.

x5 <M XA, (d UD,i UI,r & OT |0<t —r <SL,s OOS %)
,nm—MZL OpOP,d0D,r&: 0T |0<t—-r<SL,s0OS (8)

Constraints (9), (10) and (11) show the inventory balance in PCs for each time period. In other words, at the end of
each time period, the amount of product which is produced in time period r is equal to the amount of product at the

end of the previous period minus the sum of the amount sent to the DCs, or it is changed to expired if its age is more

than the shelf life.
Pt =° +zxs DpDP,r&tDT|r:l,SDS 9)
pdnt
— Op0OP,r &t OT |[0<t-r<SL,s0S 10
I, = ,Sar(z—l)_z pat pEsT | ’ s (10)
dD
z IS =f° OpOdpP,:0OT,sOS (11)
1 13
rr|r-r=SL
Constraints (12), (13) and (14) show the inventory balance at DCs for each time period.
— = 12
prdn_ +zxdm Od OD,r &t OT |r=t,s 08 (12)
— <t-r< 13
Idn Idr(t 1)+z XS Zxdm O04d0D,r &t 0T |0<t-r<SL,sOS (13)
Z I :E;h Od OD,t OT ,s OS (14)
rr |t —r=SL

Constraints (15) and (16) show the inventory balance at the retailers’ echelon for each time period. Here, all orders

are assumed to be delivered within less than a time period which equals zero.

S —_7s N
Zxdin =1Ly +Yin 0i0/7,r&:0T |r=t,s08 (15)
dD
I8 =15, +Zx - . _ :
irt ir(t-1) dint m 0i01,r&t0T |0<t-r<SL,s0OS (16)

Constraints (17) deflne the amount of expired products in each time period at the retailer’s location.
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Constraints (18) and (19) are related to demand satisfaction. Constraints (18) ensure that the minimum demand at
each time period for each retailer site is satisfied. Constraints (19) balance demand, lost-sale and products delivered

to customers. As it can be seen, the delivered products could be combination of different product ages.

: ‘ 1
Z v 2d, 0i 07,07 ,s0S (18)
rr|0<t—r<SL
Z yl +D;* =d} 0i 01,607 ,s 08 (19)
r0r |0<t-r<SL

Constraints (9) — (19) model the requirements of products flow along the SC stages and over the periods. In order to
measure product age at each network node and time period, an alias index (r) is introduced to show the time period
in which the product is processed, in other words, its base time. This is further depicted in Figure 3 with an example.
It illustrates the product flow in the network for periods 1, 2 till ¢, for the product units that are processed in period
(r=1). This shows how product units are controlled and get older through the SC based on their processing period.
As for the ageing process, in each time period, the difference between the current time period and processing time

period (z - r) shows product age.

AE, wE,
t=t
D
X,
dilt
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, A A
-y gy e
A A A
=2 : 1[)12 ﬂE[JZ
X pd12
=1 1,;;11:1,711
i
| Pr =Pr, X pan =X parn D Xain = Xaiy d;, =d;,

,,,,,,,,,,,, Processing Center P DistbutionCenter D Retailer]

Figure 3 Product flow and ageing process for processed amount in period one (r = 1)
Constraints (20) show the production capacity of each PC in each time period.
s OpOP,rO7,sOS 20
Prpr <q » p (20)
Constraints (21), (22) and (23) represent the throughput capacity of PCs and DCs, and inventory capacity of

retailers, respectively. It is clear that these constraints are interconnected with the balance Constraints (9) -(17) and

the flows are limited by the capacities.
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Constraints (24) and (25) are related to types of variables.

L, Ly A, 00,1} OpOP,nON.dOD.k OK,iOI (24)

N N s N N N
xpdﬂ’xdiﬂ ’Prpr’lpﬂ’ldﬂ’ in >

N E‘;‘t’ES D‘Y’y;t ZO

it pt> it

Op0OP,d0OD,i0OI,rOT 0T ,sOS (25)

3.2.Modeling the Epidemic disruption process

As mentioned, this work investigates the resilience of the FSCND, prone to epidemic disruptions. Such disruptions
have a cascading impact and when a facility is hit, other facilities are also under the threat of disruption. Such
correlation is due to the geographical proximity and/or to the inter-sites flows. These disruptions are mainly
characterized by their intensity, time to recovery of facilities and propagation among facilities. Accordingly, we
propose in this section a probabilistic modeling approach for the arrival of epidemic disruptions, their physical
impact on FSC resources and their propagation in time on the rest of the SC network. The approach builds on the SC
risk modeling framework proposed by Klibi and Martel (2012b) to integrate the main characteristics of epidemic
risk and the specific impact on FSCs. It also takes bases on the so-called susceptible-infectious-recovered (SIR)

model extensively used for the management of infectious diseases (Tassier, 2005).

The schematic representation of the arrival of an epidemic disruption in the network is depicted in Figure 4. As
illustrated, when an epidemic disruption hits at time ¢, a primary facility is first attained, but all the network
resources in the surrounding region of the hit zone and those in relation with that resource are exposed to
propagation risk. So, based on the flow level between each pair of nodes and the distance between them, the
propagation of the disruption could spread in the subsequent periods (¢+1, t+2,...) which become themselves
contaminated nodes, and so on. To do so, a correlation matrix is used for propagation probabilities in which values
are mainly function of regional proximity and of directional network relations. For instance, the disruption

propagation is more probable from an upstream PC to downstream DCs assigned to it, than in the opposite direction.
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Figure 4 Schematic representation of epidemic disruption in a network

Thus, the proposed modeling approach is based on a stochastic compound process which unveils how events could
happen randomly in time over the planning horizon and in space over the geographical region under consideration. It
starts with partitioning the region into a set of zones, and defining the exposure level of each zone. So, facilities
located in each specific zone inherit of the zone risk exposure level and disruption occurrence characteristics. The
next step characterizes disruption attributes including occurrence time and intensity. The final step models impact in
terms of recovery duration and in terms of ability of PCs and DCs to ensure operations during the recovery period.

In the following, the modeling approach is described in detail, using the notation summarized as follows.

Disruption process notations

4 Set of zones, partitioning the considered region; ; 0 z
E Set of nodes in the network indexed by e ;e OF ={P,D,I}
o Attenuation probability of zone z to be hit by disruptions (zone’s risk exposure level)
T, Attenuation probability of node e to be hit by disruptions (node’s risk exposure level)
N
B Proportion of capacity loss for node e ,with values in [0 1], under scenario s
§
& Time to recovery for node ¢ in periods, under scenario s
AZ Mean time between two consecutive disruptions in zone z
elz()  Attenuation probability of node e if its containing zone is hit by a disruption
Cele'

Conditional propagation probability of node e when node e 'is hit by a disaster
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P10, Equals 1 if disruption is propagated from node e ' to node e , otherwise 0

For most of the disruption types, when a node is hit by a given event, the severity of the disruption is associated to a
given node of the network and is based on two correlated factors, namely, impact intensity and time to recovery.
However, in the case of epidemic event, this is not sufficient and thus one must consider the notion of propagation
inter-nodes which is another dimension characterizing the severity of a disruption on the FSC network. Next, as
well established, disruption does not uniformly affect the network nodes during the recovery time period (Sheffi,
2005) and several phase-dependent impacts can be defined by a discrete and step-wise recovery function (Klibi and
Martel, 2012a). In context of food SCs prone to epidemic disruptions, since the suspected facilities are shut down
and the suspected inventories are disposed, it is assumed that the throughput capacity and the inventory kept are
dropped to zero. The capacity is fully recovered after the time to recovery periods and the inventory level is restored
only at the end of the time to recovery based on newly replenished products. Figures 5a) and 5b) mimic,

respectively, the impact of an epidemic disruption on the facility capacity and on the inventory level kept within.

)
= \
g A > A E
g g
S =
= — -
1 -
i Nominal level
] = = == Disrupted level
i
I
!
> 1 >
< > S < > N
Time to recovery Time periods Time to recovery Time periods
Figure 5 a) Capacity loss-recovery functions b) Inventory loss-recovery functions

With this modeling approach, the attenuation probability of node e can be computed with Equation (26). It is
assumed that node e can be disrupted directly (i.e. is the centroid of a disruption); or it could be disrupted due to the

propagation of a disruption hitting other facilities which are in the inter-sites network of node e.

7 :ZCe|e' L +ae|z(e)a-z (26)
e'TE
Regarding Equation (26) and disruption notations, g, (3;,6;) is defined as a function to show the impact of

disruptions on the capacity and inventory level of network facilities during the disruption time. Its generation

process is described in detail in Appendix A. Then, obtained from g, (3’ ,8’ ), loss parameter ’, is corresponding
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to the lost portion of the nominal capacity and inventory level that is generally between 0 and 1 (See Figure 5). This
stochastically generated loss parameter is used to reformulate the core mathematical model.
Given the disruption modeling process described above, the design model (1)-(25) must be adapted as follows.

Constraints (21), (22) and (23) are modified, respectively, as follows to take into account capacity disruptions.

SN xt <U=330O ey, L) Bp 0Pt 0T .s DS @7
d0p rr n
‘ s 28
ZZx;ms(l—th)( capgLy) Od OD,:0OT,sOS (28)
ar rr k
Zlms(l‘ S Yeap, 0: 07,:07,s0OS (29)
rr
With regards to the inventory level, Constraints (9), (10), (12), (13), (15) and (16) become as follows.
A R - N S
(1_Zpt)Prpt_Ipﬂ+zxpdﬂ OpOP,r&:tOT |r=t,s08 (30)
dD
s —_— S s s
I, _(I_Zpt)lpr(t—l)_zxpdrt OpOP,r &t OT |r<t,s0S (31)
dD
A= %) =i DX i Od OD,r &t OT |r=t,s0S (32)
ptp ior
Ly == X par L)~ DX i 0dOD,r&t OT |r<t,s 08 (33)
pbap a7
S S —_Ts N
(1‘4z)(zxdm)-ldn +Yin 0i07,r &t OT |r=t,508 (34)
dD
S —1_78 s s .S
Ly =08y * D X~V 0/ O7.r &t OT |r<t,s OS (35)
dlD

4. Resiliency strategy formulations

In this section, resilience-seeking constructs are formulated and then appended to the core model above to enhance
the resiliency of the solutions. Here four strategies extracted from the literature are considered, namely, multiple-
sourcing, fortification, backup supplier and capacity expansion. With multiple-sourcing, retailers are no more single
sourced but are assigned to more than one DC. Fortification refers to strengthening and protecting the facilities
against the potential disruptions in order to reduce its severity (ex: ISO 22000). Relying on a backup supplier is
another strategy that induces an extra facility, external to the network, is mandated to serve as back-up in case of
disruption. The capacity expansion is the fourth strategy which involves the allocation of additional capacity buffers
at some identified critical nodes of the network. Hereafter, each of these strategies is further explained and its
corresponding formulation to integrate to the core model above is presented.

4.1. Multiple sourcing
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An important aspect of this problem is to allow multiple-sourcing. In other words, a retailer may source its needs
from multiple DCs proactively when the primary DC cannot support its orders. This is inspired by the work of

Snyder et al. (2006) and Klibi & Martel (2012a). In this regard, ¢ is defined as the sourcing level parameter. For

instance, a value equal to two refers to a double sourcing strategy. This strategic assignment decision is defined in
the first stage, and remains the same for all periods and scenarios. Accordingly, Constraint (5) in the core model is

modified as follows.

YA oo 6o

4.2.Fortification

The idea behind this formulation is to augment capacity resistance against disruptions. Investing in this proactive
strategy can help preemptively avoid unforeseen safety threats and allow faster response to any potential disruption.
Especially in the food supply chain context, this becomes a vital component for enabling effective food safety and
compliance initiatives to help prepare both producers and distributors for potential product recalls. In fact, many
standards and regulations are imposed by governments on food companies. Hasani & Khosrojerdi (2016) recently
considered fortification formulation, but with a simplistic modeling of disruptions (i.e., without impact and recovery
functions). Hereafter, we assumed that fortification level is not limited by a set of discrete protection levels, but is

continuous, relying on investment cost, which could lead, eventually, to more precise solutions. To apply this
N S ol N . . e . . . .
strategy, fpm ot s faﬁndt and flml-, are defined as the fortification variables of PCs, DCs and retailers, respectively, at

period ¢ and under scenario s. The capacity constraints are changed as follows to integrate fortification opportunity.

sz;dn‘ < (I_Z;t +fpm;t ;t)(zcappnl‘pn) |:|p ap,: 0O7,s S (37)
d0p rr n
x5 <(1=5 +fdm’, {5 | () cap, Ly )

dirt dt dt St ap g L Od OD,:OT ,s OS (38)
ior o k
>, S(l—iii +fim;, Ci)cap,- 0i 01,007 ,s 0S (39)
rar
0<fpm,, <1 Op 0P, 0T ,s0S (40)
0<fdm;, <1 04 OD,:OT ,sOS 41)
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0<fim; <1 0i 071,:0T,s0OS (42)
According to the above constraints, fortification variables impact the capacity and inventory in the opposite

direction of disruption impact. These variables take values between 0 and 1, and are multiplied by the disruption

impact when a given facility is hit. Similar changes are applied for inventory constraints.

(1_Z;z +fpm‘,‘,zi,‘§,)Pr,fz =1, + Zx;dn OpOP,rOR,OT,s0OS  (43)
dibD

I;rz :(l_z;z +fpm;zz;z )I;)r(z—l) - Zx;dn UpUOP,rdR,: 0T ,s S (44)
d0D

(1_5; +fdm§, th)zx;dn :Iéiyn +Zx;in Od OD,rOR,: OT ,s OS (45)
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L :(I‘CZ +fdmy, 55:)(fonm L) = D X 04 0OD,rOR,OT,s 0S  (46)

pOP 01
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I :(1_({; +fim,, Z;)(Z)c;m +Ii5r(t—1))_y;n 0i07,r0OR,tO7T,sOS (48)
d0D

Also, the associated cost could be as follows which should be added to the objective function (Equation (6)).

z z fpm ;n Z;n (Z Capanpn)+ Z Z fdmz;t Z«;t (z cap g La’k )+ z Zflmt‘l lel cap; (49)

ar pop n tar d0Ob k aOr ar
4.3. Backup supplier

The idea behind this formulation is to specify the backup supplier to be used when the established PCs cannot
supply the orders. A backup supplier as a super facility (Benaicha and Hadj-Alouane, 2013) ensures that the flow of
material is maintained if disruption happens to the main sources of the network (Kamalahmadi & Parast, 2017). In
this case, when a primary PC is not able to support the downstream demand, inventory in the backup supplier will be
transported to DCs to make up for unavailable suppliers. Here, it is assumed that the overall unit procurement cost
(purchasing plus transportation costs) from the backup suppliers is higher than normal supply cost from established
PCs due to the urgent nature of this recourse. Accordingly, the decision that needs to be integrated to the core model
is the amount of product that is provided by the backup supplier and transported to a given DC d in period ¢ under
scenario s (denoted by Buj, ). Therefore, Equation (11) should be modified as follows.

Bu;’z"'(l_é;t)(zx;dn):[;n +Zx[;m Od 0OD,rOT ¢+ OT |r=t,s08 (50)
ppP (ar
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The associated unit cost is production and transportation cost (b, ) from backup suppliers to DCs. So, the cost term

to add to objective function (6) is as follows.

Z Zbd Buj, (51)

dOD ¢

4.4, Capacity expansion

The last resiliency strategy introduces to the core model is the capacity expansion feature. In this case, facilities have

the option to enhance their capacity temporarily in case of disruptions thanks to a capacity buffer available to
engage. In this regard, variables Cel; , Ce2jﬁ and Ce3‘; are defined to fix the amount of capacity expanded for each

period, for PCs, DCs and retailers, respectively. Equations (27)-(29) should be modified in the core model as

follows.
szpdﬂ < (1_ ;)I )(anppnl‘pn)-'_cel;t Dp DP,t DT,S DS (52)
d0D rOr n
DD aim SUA=i) QY capg Ly ) +Ce 2, Od OD,t 0T ,s OS (53)
(01 rar k
Dl (=4} Yeap; +Ce3;, 0i 07, 07,5 OS (54)
rar

In addition, capacity expansions impose cost factors on the objective function. cc1,,, €C2, and CC3, are

defined as unit capacity expansion costs which will result in the following cost term in the objective function.

DD CC1,Cels, + D7D CC2,Ce2y + DD CC3,Ce3, (55)

pOP ¢t d0OD tOr (ar «(r

5. Solution Approach
The two-stage stochastic multi-period design model developed in this work is clearly difficult to solve. This is

mainly due to the combinatorial nature of the problem and the high number of scenarios needed to produce good
quality solutions (Klibi and Martel, 2012a). Its complexity is augmented here by the explicit inclusion of the
resiliency-seeking equations and the disruption process modeling. Accordingly, this work proposes an efficient
solution approach that starts by sampling the set of scenarios and using scenario reduction technique. Next, it
considers Benders decomposition (BD) approach to solve the equivalent deterministic problem and speed up the

solution time.

5.1.Scenario reduction method
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Scenario reduction and sampling methods aim at reducing the number of scenarios in such a way that the reduced
numbers can be representative of the entire scenarios set. The k-means clustering method and the fuzzy clustering
method (FCM) (Bezdek, 1974) are known approaches used to partition a given number of scenarios with similar

features into a predefined number of clusters in order to reduce the number of representative scenarios.

First, a Monte Carlo sampling method is developed in this work to generate plausible future scenarios occurring
along the planning horizon. It uses pseudo-random numbers and the inverse of the parameters’ distribution function
of the random variables involved. Based on the epidemic disruption process described in Section 3.2, the following
steps are applied in the proposed Monte Carlo procedure. First, disruption arrival time is generated for each zone
based on exponential distribution function. Thus, a chronological list of disruption occurrence is constructed for
each zone. Next, for each event in the list, disruption intensity is calculated. Subsequently, a hit test is done for each
node in the disrupted zone. In this step, a chronological list of disruption occurrence is constructed for each node of
the network. In the fourth step, propagation of disruption and its time lag in the network is adapted based on distance
and relations between nodes, and the contaminated nodes and disruption time periods are obtained. Therefore, in this
step, the nodes’ chronological disruption list is updated. Fifth, time to recovery is calculated for each disrupted node

within a function g, (3;,8’) . Finally, this function is then embedded in the mathematical model via ¢} impacting

the capacity and inventory levels through the planning horizon. The detailed procedure is given in Appendix A.

Note that this procedure generates also realizations of the random demand per retailer per time period. The output of

the procedure that is projected in the model is given by variables and ¢ for all e, i, t and s. Running the procedure
for N times yields a sample of independent and equiprobable scenarios{sl 280 seeS Sy } =S,y . with p(s)=1/N .

Next, scenarios are clustered by means of an FCM that is known to be efficient and straightforward. Next, scenarios
placed in a cluster, are substituted by their corresponding cluster center, which is an existing scenario. In traditional
clustering methods, each scenario is restricted to belong to only one of the clusters, while FCM eliminates this
restriction and adds flexibility through membership degrees. In this method, each object belongs to each cluster with
a membership degree that falls between zero and one and is generated randomly at the starting point of the
algorithm. It should also be noted that the summation of the membership degrees of a scenario must be equal to one.
FCM implementation steps are presented in Appendix A. Applying this method yields M clusters and so M

scenarios as representative of the entire N scenarios ({sl,sz,...,s M } =S, OSy ). Thus, probability of s, is equal
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to summation of probability of scenarios belonging to cluster m as p(s,,) = Zn|an p(s,) which is also equal to

|s,, |/N where |s, |indicates cardinality of scenarios in cluster m. Accordingly the objective function (1) must be

adapted to consider the sampled scenarios. When applying the FCM, the objective function must be rewritten as
follows:

Max Z= " p(s,)0%5,)= > D fpulp =D > fula (56)
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5.2.Benders decomposition algorithm

The problem introduced in Section 3 is a very complex mixed-integer problem since it includes a high number of
integer variables. Its structure is well-suited for a decomposition approach such as Benders decomposition (BD)
(Benders, 1962). In addition, benefiting from the merits of cutting plane acceleration can be appropriate (Santoso et
al., 2005). In BD, instead of solving the complex MIP problem, the problem is decomposed into a pure integer
problem and a linear problem, which are called master and sub-problems, respectively. These two problems are
solved iteratively by using the solution obtained from each other until the termination condition is achieved. We first
briefly present the general version of this approach, and then we explain a number of acceleration techniques which

are applied to enhance the performance of the proposed BD. A detailed formulation is provided in Appendix B.

In order to develop a BD algorithm for the mathematical model concerned (1) - (25), the dual sub-problem (DSP)

and master problem (MP) should be formulated. To make the work more convenient, we consider the general model
presented in Section 3. Let us fix the integer variables to given fixed values (Lpn =Epn, Ly = L_dk LAy =Ay).
The Benders primal sub-problem (PSP) is then formulated as in Appendix B. The DSP should now be formulated,
providing a lower bound for the objective function of the original problem at each iteration because this is a
maximization problem. Letdv | represent the dual variables of the constraints of the formulated PSP, then, the DSP

is formulated as in Appendix B. According to the DSP solution, the MP provides an upper bound for the objective
function of the original model at iterations of the algorithm. The MP is also presented in Appendix B. The BD
algorithm in its general form may require a large number of iterations and computational time to become converged.
Thus, in order to improve the convergence of the BD algorithm, some acceleration techniques adopted from the

literature are employed.

22



First, valid inequalities can boost convergence of the BD algorithm by adding constraints based on information
useful to MPs (Cordeau et al. 2006, Pishvaee et al., 2014). Low quality MP solutions could result in slow
convergence of the algorithm. Here, on the basis of minimum demand satisfaction and according to Constraint (18),
two valid inequalities can be added to the MP as follows. These two constraints ensure that the capacity of the
established PCs and DCs satisfy the minimum demand level. Consequently, adding these inequalities to the MP
restricts the feasible region and prevents insufficient establishment of the PCs and DCs. The primary iteration of the
algorithm will therefore be improved in terms of initial upper bound.

z anpllem ZZZCL, (57). z anpdkl'dk Zzzc_lir (58)
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Second, a disaggregation method is applied to the PSP. This method was first introduced by Dogan & Goetschalckx
(1999) for a multi-period production distribution problem in order to restrict MP solution and consequently speed up
convergence. Thereafter, this technique was employed for solving complex network problems (Pearce & Forbes,
2018). In this technique, the primal sub-problem is decomposed into the independent sub-problems, again through
which an optimality cut is achieved. In our case, we decompose the PSP into S sub-problems such as each scenario
is considered to be a sub-problem which has its corresponding DSP as DSP* . Figure 6 summarizes the general BD
and the acceleration techniques employed to solve the set of models above.

We note that the big M parameter used in Constraints (7) and (8) was bounded by the maximum amount of product

to be transferred inside the network ( ZDI ZETC—Z” ), to enhance the initial lower bound of the problem.

Stepl. Set LB = —c0 andUB = +»

Step2. Set Lpn =1,Ly =1 and A, =1as an initial feasible value for binary variables

Step3. Solve the disaggregated dual sub-problems to find the optimal value of dual variables (v . )

Step4. 1 LB < DSP*' +...+ DSPS +constant then LB = DSP*! +...+ DSP5 +constant .
Step5. Form the master problem by adding optimality and feasibility cuts.
Step6. Solve the master problem and set UB = M SP

Step7. IfUB - LB < ¢ , then stop the algorithm and report the obtained solution and relevant objective

function value; otherwise, go to step 3.

Figure 6 Proposed BD algorithm based on acceleration techniques

6. Experimental results
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In this section, the proposed RESCND model as well as the variants including the resiliency constructs are tested on
a bench of problem instances realistically designed. The corresponding numerical results are analyzed and discussed

via extensive viewpoints.

6.1. Experimental plan

The business case considered here is related to a company in the food sector that aims to deploy a resilient national
production-distribution network. To this end, five candidate locations are considered for establishing PCs, which are
fed by global suppliers and where for each PC three capacity levels are available. Next, ten potential locations for
DCs are considered, with three capacity levels per DC. Finally, fifteen retail points are defined to complete the
network. The horizon plan is one year and is composed by 26 biweekly time periods. Our preliminary tests shown
that with a biweekly time period we are able to capture the essence of the planning decisions as well as the
propagation of the epidemic disruptions. The lead time between PCs and DCs and between DCs and retailers is less
than a time period (i.e., zero lead time). Scaled parameters of the considered case are according to the values
specified in Table 2. Three capacity levels of (7500, 8500, 10000) and (3500, 5000, 7000) throughput units, are

considered for PCs and DCs per time period, respectively.

Table 2 Parameters values

Processing Centers Distribution Centers Retailers
Parameter Value Unit  [Parameter Value Unit |Parameter  Value Unit
fpn U (60000,80000) € Fim U (35000,60000) € h; U (0.4,0.9) €/Period
Cpd U (0.02,0.35) €/Mile Cgi U (0.04,0.47) €/Km @, U@8,14) €/unit
¢y U (1.6,1.8) € hy U (0.1,0.8) €/Period d; U(0.1,0.8)  Unit
hp U (0.1,1.5) €/Period cey U (0.4,1.1) €/unit cey U(0.4,1.1) €/unit
ce U (0.4,1.1) € s j, U4,7)  €/unit
sl 3 Period

From this baseline network, three key dimensions are varied in our experiments: capacity level {Cap™", Cap"ie"},
shelf life {SL'°¥, SL"eh} and lost-sale cost {Is'°¥, Is"eh}. The Cap'¥ is 15% less than the nominal capacity levels and
Cap"#" is 15% higher. The shelf-life of product is randomly generated in intervals [1, 2] and [4, 6] for SL'* and
SLMeh respectively. Also, Is™% and Is"¢" lost-sales values are varied in intervals [0.5, 1.5] and [5, 8], respectively.
From Table 2, it is assumed that inventory holding costs are fixed and not product's age dependent. The mentioned

dimensions are tested under six strategies: risk avoidance (Ra) when no resiliency construct is applied, backup
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suppliers (Bs), fortification (Fo), multiple-sourcing (Ma), capacity expansion (Ce) and risk ignorance (Ri) when
disruptions are ignored. A combination of the three varying dimensions and six design models yielded 48 problem

instances.

For a given scenarios sample, solving each proposed model produces a network design solution, denoted by Y/;
j=1,...,J. Each obtained network design specifies the set of PCs and DCs to open with specified capacity level and
assignment decisions of retailers to the opened PCs. In addition to these decisions, each model produces its
resiliency-seeking policy that needs to be considered from the strategic level in terms of additional assignments to
cover the retailers or additional capacity level/buffer to hedge the inventories. More specifically, the Ma model
determines the multiple-sourcing policy and thus specifies which the primary and secondary assignments for each
retailer are. The Bs model provides the instruction on the backup supply sources to have and total expected amount
of product that could be procured from them. The Ce model provides the total amount of expandable capacity that is
at the disposal of the network as a contingency plan. In the same way, the Fo model provides the total amount of
capacity recovery that could be mitigated thanks to the investments in DCs fortification. To evaluate these

alternative designs, their respective decisions vectors Y; j=1,..., J are assessed using a much larger set of scenarios,

denoted by S . To do so, a comprehensive inventory-flow model is used that is based on the core second-stage

model (6)-(25) appended with constraints (37)-(48), (50) and (52)-(54) and terms (49), (51) and (55) in the objective
function. This evaluation model is separable per scenario and this allows considering a larger set of scenarios and
also computing additional performance measures. For a given design j, the evaluation of the second-stage model is

used to compute the total profit during the planning horizon, under a given scenario, that is
Z(¥/,s);0j0J,s0S,. and thus the summation over Sy provides the expected value. Here, Z(¥’,s)

indicates the total profit earned through the terms of the objective function of the core model (1) in addition to the
terms (49), (51) and (55). Besides the total expected profit, the expected fill rate and the expected product freshness
are assessed. In FSCs, inventory velocity and supply speed are key performance indicators that show continuity of
product flow through the network. In this study, these are reflected in product age and its price as special
characteristics of FSCs. These two indicators can be calculated as given in Equations (59) and (60). According to
Equations (60), freshness index is always a positive real number. The less value of this index indicates the fresher

products are delivered to consumers.
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Finally, to measure the risk exposure related to the design solution in establishing PCs and DCs in risky locations,

another indicator is considered. Let p(¥/,s) be the total number of disruptions on established facilities under

scenario s when design ¥’is implemented. Thus, the average number of hits for a given designy¥’and set of

scenarios can be calculated through Equation (61).

yeey=| D el sy /1Sy | (61)
sOSy

6.2. Computational Results

This subsection presents the computational results based on the performance of the FCM algorithm and the BD
approach. To implement the FCM algorithm and generate a large sample of scenarios with Monte Carlo procedure
(Figure A.1) MATLAB R2015b software was used. FCM algorithm cluster scenarios based on two attributes:
number of hits and total amount of lost capacity in the whole network. This partitioning is based on the rational that
the plausible future scenarios generated with the Monte-Carlo procedure may involve variable levels of risk, which
can be measured by the number of hits it undergoes during the planning horizon. Accordingly, Figure 7 illustrates
the distribution of the number of hits for a large sample of scenarios that are categorized into 10 clusters with
exponential inter-arrival times. As depicted, some scenarios involve only few disruptions over the planning horizon
but others may be much more chaotic as they involve several hits. Recall that the number of hits depicted here is

associated to the potential network (i.e. including all the potential PCs and DCs), over the planning horizon.
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Figure 7 Scenario clustering for a large sample scenario Figure 8 The convergence progression of the BD algorithm

Another important feature of the solution approach is the BD developed to enhance the solvability of the design
models proposed. This algorithm is coded in GAMS 24.1.3 optimization software, with CPLEX 11.2 solver used to
solve the linear DSP and integer MP. The experiments are run on a machine with a 1.7 GHz processor and 4GB of
RAM. In this section the computational efficiencies achieved by implementing BD and adding accelerating methods
are measured in terms of algorithm iterations and computational times. In addition to the baseline network, three
other instances with augmented problem-size are tested (i.e., increased number of PCs, DCs and retailers). The
characteristics of the test instances are presented in Table 3. This table also presents the performance of the solution
approach, where the stopping criteria are (@) maximum of 150 Benders iterations and (b) optimality gap below
threshold 0.1. As the experimental results indicate, the proposed accelerated BD algorithm is significantly more
time-efficient compared to the CPLEX 11.2 solver. According to these results, it can be claimed that the proposed
BD algorithm is worthy to develop as it allows solving realistic sizes of the FSC design problem. The visual

representation of the BD algorithm convergence is provided at Figure 8 for the instances number 4 of Table 3.

Table 3 Comparative progression results among proposed BD algorithm and CPLEX

Accelerated BD
Instance | P| | D | | I| | T | | S | Number of Number of Number of CPLEX
variables constraints N Time(s) Time(s)
Iterations
1 2 3 5 5 3 1,785 3,205 3 50 1,202
2 4 5 10 5 36,422 70,702 8 60 3,650
3 5 8 15 15 8 137,076 385,107 19 1,300 18,376
4
(Studied Case) 5 10 20 26 10 720,445 2,299,935 37 2,677 98,260

6.3. Analysis of Results

Given the 48 problem instances specified previously, this section discusses the quality of the proposed network

designs using the set of performance measures. Table 4 provides comparative results on the performance of the
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resiliency strategies by performance measure, given by problem-instance. It is worth mentioning that the different
models built never produce the same network design. According to this table, Bs and Fo designs dominate Ma and
Ce designs. Fo design solutions perform better when the capacity of the facilities is larger since this disruptions-
mitigation strategy acts directly on fortifying the capacities. For instance, in (Cap'®¥,-,-) instances, Bs overcomes the
Fo design solution (a gap of 4.8% in expected profit : 4,370,726€ versus 4,160,931€, respectively) , however the
opposite behavior was observed in (Cap™®",-.-) instances. For instance, in (Cap"&",SL'¥ Is'"¥) instance, Fo provides
an expected profit of 6,364,570€ which is 6.3% better than Bs, 15.8% better than Ma, and 25% better than Ri. As
another viewpoint, in (Cap'",-,-) the expected profit of all the design models are very sensitive to lost-sales cost but
it is reduced for (Cap™¢",-.-) instances. As for the fill rate, the performance and behavior of the design solutions is
the same as their profit. For instance, under high capacity, the fill rate exceeds 90% only for Bs and Fo designs, is
relatively close for Ma and Ce (89.5%), but drops critically for Ra (77.6%) and Ri (67.4%). When it comes to
product freshness, the calculated index shows that Fo design performs better than all the other designs in most of the
cases with values closed to zero (ranging from 0.117 to 0.006). For instance, a freshness index of 0.117 indicates
that about 88% of the products delivered to customers were produced within the last two weeks. Furthermore, the
results indicate that Ri design is extremely vulnerable in the presence of epidemic disruptions, especially in (Cap™",-
,-) instances. The expected profit and fill rate are clearly lower (by 68% and 44%, respectively) compared to the best
designs produced because the exclusion of disruption scenarios from the second-stage and thus the removal of

recourse decisions/costs, lead to the opening of risk-exposed facilities, which is congruent with the findings in Klibi

and Martel (2012a).

It can be concluded that under high capacities, total expected profit and expected fill rate are better and it is because
the network is pushed to build buffers without paying any extra charges for it. Although buffers in turn cause a
decrease in the expected freshness, the model prevents lost sales to achieve higher profits, which can be interpreted
as the “free resilience”. Also, as a general conclusion for all the designs, in (-, SL"s, -) instances, the freshness rate is
a little decreased since the model can keep inventory for future deliveries as an inherent response to disruptions.
Thus, it is a clear tradeoff performance to reach between the expected fill rate and the expected product freshness.

Table 4 Model's performance under different dimensions and in terms of indicators

(Cap™ SL™ Is'™) (Cap'¥,SLI*™ Isheh) (Cap'™ SLMeh Is'%) (Cap'™ SLYeh Jshish)  (CapPieh SLIo¥ Is'ov) (Cap™ieh SLIo¥ Ishiehy  (Capheh SLMeh [so) (Caphieh SLMieh Jshiehy

Expected profit gap from the best in %

Ra -30.4 -59.1 -30.3 -58.3 -17.8 -25.2 -17.2 -24.3
Bs 0 0 0 0 -6.3 -9.5 -5 -6.7
Fo -4.8 -9 -5.1 -9.6 0 0 0 0
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Ma -30 -58 -29.9 -57.3 -15.8 -21.7 -15.6 -214

Ce -24 -49.9 -24.3 -49.7 -12.1 -18.1 -12 -17.8
Ri -43 -68 -43 -68 -25 -33 -25 -33
Expected fill rate (%)
Ra 62.6 62.6 62.6 62.6 77.6 78.2 88 88
Bs 793 793 793 793 92.6 92.6 939 942
Fo 75.1 75.1 75.1 75.1 94.6 94.6 95.6 95.6
Ma 64.6 64.6 64.6 64.6 89.5 89.5 89.5 89.5
Ce 64.6 64.6 64.6 64.6 89.5 89.5 89.5 89.5
Ri 56.6 56.6 56.6 56.6 674 67.4 674 674
Expected freshness index
Ra 0.084 0.252 0.101 0.285 0.083 0.095 0.178 0.221
Bs 0.068 0.083 0.079 0.166 0.087 0.089 0.169 0.190
Fo 0.006 0.048 0.006 0.117 0.006 0.008 0.010 0.012
Ma 0.084 0.199 0.091 0.282 0.053 0.097 0.071 0.127
Ce 0.002 0.111 0.014 0.195 0.053 0.098 0.065 0.124
Ri 0.091 0.251 0.094 0.251 0.088 0.252 0.088 0.254

shows the behavior of the design solutions produced with the resiliency-seeking strategies in terms of design
decisions. For each alternative design model, the network structure is represented in terms of the average number of
opened PCs and DCs among all the instances. The outcomes indicate that the network structures are rarely the same
which is congruent with the performance results in . As expected, Ra as the free-resilience design model
produces the highest number of opened facilities, which indicates that this network tries to hedge against the risk of
disruption with its coverage. Bs designs have lower number of opened PCs among the resiliency-seeking strategies
since they rely on the external super facility and thus invest less in endogenous resources. Finally, Ri designs

provide the lowest average number of opened PCs and DCs since the design model seeks efficiency and do not value

buffers.
Design models
Ra Bs Fo Ma Ce Ri
Average # of opened PCs 4 3.44 3.60 4 3.92 3
Average # of opened DCs 7 6.15 5.86 6.25 6.45 5

Moreover, the disruption exposure level of each design solution is presented in terms of average number of
disruptive events in (i.e. number of hits on the opened PC and DC locations). It reveals that Ra design
performs well in this point of view, as expected, since it provides a risk avoidance design. This can be interpreted as
the fact that this design is the best one as the natural cover against disruptions but the pay-offs comes with a lower
expected profit compared to the other design solutions. On the hand, resiliency-seeking designs are more often in the
exposure of disruptions since there is a demand flow for some retailers when they are disrupted. These designs, in
top design produced by Fo and Bs strategies, accept a higher exposure level since they are fortified by resiliency-

constructs and contingency plans. In other words, the resiliency-seeking strategies tend to find good trade-offs
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between the cost of investing in resiliency and the network profitability thanks to the recourse modeling in the

stochastic program. The Ri design solutions undergo the highest exposure level.

In the same way, the disruption-profit graph of resiliency-seeking designs is presented in Figure 10 in terms of profit
generated under a given number of disruptions. These figures reveal that Fo and Bs strategies are dominating ones
in both low and high capacity levels and show a resilience behavior toward disruptions. Ma and Ce designs
approximately have the same trend which is a resistance only to few disruptions. An interesting point in Figure 10 a)
is that when there is not any disruption (i.e, O hits), all the strategies have the same profit except Bs, which means
connecting the network to a super facility could be profitable when we are operating only with stochastic demand
quantities. While in (Cap"i¢"-.-) instances, all the design solutions are equal at zero hits, and thus the super facility
doesn’t provide any advantage to support the demand level. When the capacity level is low, the profit value is
dramatically decreased with increasing number of disruptive events. That is because the propagation probabilities
are intensifying the severity of disruptions and this becomes more affecting. In case of high capacity level, the
propagation severity could be absorbed to some extent. In (Cap"#".-,-) instances (Figure 10b) and for low- and
medium-risk scenarios (less than 8 disruptions), Fo-design model tends to give higher profits. However, for high-

risk scenarios Bs-design model create more profit thanks to the presence of the super facility.
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Moreover, the pricing strategy, presented in Figure 2, has an important influence on the expected total profit,
demand satisfaction and product freshness. Here, a sensitivity analysis is explored by three pricing strategies.
According to Figure 11, first and second price types are fixed and equal to 8 and 14 respectively, and the third price
type is an age-varying pricing ranging from 8 to 14. Figure 11 reveals that increasing the selling price implicitly
leads to higher profit levels. However, comparing fixed price to 14 and age-varying price reveals that although
objective functions are approximately equal, demand satisfaction, product freshness and inventory holding cost are
considerably lower in the case of the variable price. It can be concluded that the production-distribution system tries
to maximize the freshness of the consumed products to earn more profit and hold less inventory because this
increases product’s age. This behavior underlines the crucial importance in FSCs to model adequately the pricing

strategy in link with products freshness and age as done in this paper with the age-varying price.

In this last part, we have considered different levels of resiliency budget to analyze how the design solutions behave.
Before applying any resiliency strategy, the objective function in the case of disruption and no-disruption are fixed
in Figure 12b). According to this figure, resiliency strategies have considerable impact on the design solution. Given
the resiliency strategies, the objective function is increased to 5,843x10%. This increase trend is up to 120,000 in
budget, and a budget of more than this does not significantly change the objective function. Thus, it can be
concluded that in the considered case, resiliency strategies and a budget of 120,000 could result in higher profits for

this FSC. On the other hand, resiliency strategies consume different portions from the allocated budget, as shown in
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Figure 12a). As expected, fortification and backup supplier strategies consume more of the allocated budget than
capacity expansion. Additionally, as the allocated budget increases, the portion of backup supplier definitely

increases, while the capacity expansion amount fluctuates and does not fit a specific trend.
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Although resiliency strategies were mainly developed to tackle the disruptions with low probabilities and big
impacts, here they are used to deal with uncertainty degree of demand regardless of disruptions. Therefore, three

categories are assumed for demand process based on the mean and standard deviation for each demand type. These
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types are namely: deterministic demand (DT1), where demand of each retailer is constant over the planning horizon;
stochastic stationary demand (DT2), where the demand of each retailer follows a distribution function whose
parameters are constant over the planning horizon; stochastic non-stationary demand (DT3), where unlike DT2, the

distribution parameters not constant, but varying over the planning horizon.

In Table 6, comparative results on the performance of the resiliency-seeking designs are provided regarding the
three demand types. Here low-capacity instances are selected for analysis to ignore the free-resilience of the model
and highlight the various design impacts. Obtained results indicate that overall there is a decrease in the three
indicators of the networks for all design models, as demand uncertainty is increased. This negative growth is
amplified in Ra design since it is not supported by any of the resiliency strategies. It is worth mentioning that here
for all three demand types, the Fo design behaves exactly same as the Ra design. It was expected since the
fortification design plays role just in case of disruptions it is not activated for demand changes. Unlike disruption
uncertainty case, the Bs, Ma and Ce designs lead to indicators with negligible differences. However, they could
enhance the networks performance compared to the Ra design. Furthermore, Ri dominates Ra design since in Ri
design demand points are closely covered when ignoring the disruption occurrence, while Ra uses free-resiliency

design that leads to a low-density network in which the transportation costs are considerable.

Table 6 Impact of resiliency-seeking designs on tackling the demand uncertainty
Expected Profit Expected Freshness Expected Fill Rate
DT1 DT2 DT3 DT1 DT2 DT3 DT1 DT2 DT3
Ra 5,638,470 5,230,087 4,908,421 0.002 0.014 0.057 0.961 0912 0.840
Bs 5,639,029 5,233,546 4,915,116 0.002 0.008 0.016 0.965 0.930 0.897
Fo 5,638,470 5,230,087 4,908,421 0.002 0.014 0.057 0.961 0912 0.840
Ma 5,638,521 5,232,977 4,911,089 0.002 0.009 0.015 0.962 0.930 0.863
Ce 5,638,470 5,231,491 4,910,790 0.002 0.012 0.015 0.962 0.923 0.862
Ri 5,638,953 5,231,474 4,910,331 0.002 0.012 0.057 0.965 0.930 0.880

7. Concluding remarks

Resiliency of food supply chains has become more important in recent years due to increasing vulnerabilities
imposed by different aspects of uncertainties, especially epidemics. Systematic design and optimization of FSC
networks can significantly assist in pushing further towards efficiency, especially in developing countries. A
quantitative approach is used in this paper, to cope with epidemic disruptions which are modeled beside business-as-

usual uncertainties through a risk modeling and propagation approach. The framework of stochastic programming
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with recourse is employed to incorporate scenarios of epidemics disruptions and to evaluate the expected losses and
recourses to be incurred under such events. In addition, a number of resilience strategies are incorporated into the
proposed core model to mitigate the impacts of disruptions. Next, an FCM algorithm is deployed that reduces the
complexity related to the huge number of disruption scenarios, which is coupled with an accelerated Benders
decomposition algorithm. From the experiments made, the established capacity and lost-sale cost are found to be the
most influencing factors for the yielded FSC network desirability in terms of profit, fill rate and product freshness
such that they could impact resiliency-seeking model selection. Among the resiliency-seeking models, fortification
and backup supplier strategies provided more resilient solutions in comparison with multiple-sourcing and capacity
expansion. Another key finding is that we observed that age-dependent price instead of fixed product price could
have considerable impact on FSC indicators. It is worth mentioning that our risk modeling approach demonstrated
that the impact of an extreme event on FSCs not only depends on the arrival rate but on the intensity magnitude,
propagation scale and the preparedness level. Designing a resilient FSC by anticipation to yearly and mid-term
extreme events clearly helps in providing valuable attributes to the SC in order to durably perform well under
various unforeseen scenarios (epidemic outbreaks, pandemics, disasters). The explicit inclusion of these later
scenarios necessitates the consideration of longer planning horizons, additional risk data and advanced solution

methods.

Several research avenues can be recommended to enrich this promising area of the RESCND problem. One of the
main issues in FSC and especially in cold chains is the emission of hazardous gases like CO, and NOy during
transportation and when keeping inventories in refrigerated warehouses. On the other hand, FSCNDs are in the early
stages of development in developing countries and they could incorporate social issues. Therefore, addressing
sustainability issues in conjunction with resiliency considerations may provide more comprehensive decision tools
for decision-makers (DMs) in developing countries. Another interesting idea for future research could be
implementing robust scenario-based optimization methods that could incorporate DMs attitudes to risk including
risk aversion, risk seeking and neutral into the modeling approach. Another immediate research idea is to explicitly
investigate from-farm-to-fork network design problem associated with food traceability issues as another resiliency
strategy that would require new modeling techniques. Furthermore, other related resiliency strategies such as
technology investment for food traceability is of high interest. The models presented in this paper would be a good

starting point for these extensions.
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Appendix A. Monte Carlo procedure and scenario reduction method
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In this section, a scenario generation approach is proposed in Figure A.l based on the epidemic risk modeling and
the Monte Carlo sampling. This latter uses pseudo-random numbers and the inverse of the parameters’ distribution
function of the random variables involved. The outputs of the method are expressed in term ¢, , which impact the
capacity parameter and also the inventory level in the modeling approach. Running the procedure in Figure A.1 N

times yields a sample of independent scenarios{s 138 0seeeS oSy } . In the procedure, # denotes a pseudo-random

number, and F - (1) the inverse of the standardized Normal variate. The proposed Monte Carlo procedure includes

five main steps. First, disruption arrival time is generated for each zone based on exponential distribution function.

Thus, a chronological list of disruption occurrence is constructed for each zone. Second, for each disruption in the
list ('Y? ), disruption intensity is calculated. After this, a hit test is done for each node in the disrupted zonez 0 Z . In

this step, a chronological list of disruption occurrence is constructed for each node of the network. In the fourth step,
propagation of disruption and its time lag in the network is adapted based on distance and relations between nodes,
and the contaminated nodes and disruption time periods are obtained. Therefore, in this step, the nodes’

chronological disruption list is updated. Fifth, time to recovery is calculated for each disrupted node and the function
g,(B;,6) takes binary values (0-1) according to the disrupted time periods, as shown in Figure 5a). Finally, the

disruption impact is calculated as loss parameter ¢, . Using the same method, we generate a demand size for each

scenario over the planning horizon, where the demand is uniformly distributed.
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1)  Generate disruption arrival time for each zone
Forall z (0 Z do:

n=0
While /7 <T
Generate uj] and compute the next disruption arrival period in zone Z : /] =/] + F. z_l (uj )

Add day Pﬂ to the chronological list Yi

End while
End for
2)  Generate disruption intensity

Forallz OY7 and e Oz

Generate ui; and compute ﬁ; = Fe_l (usﬁ)

End for
3) Do hit test for each node in zone z

Foralle [1Z and¢ [J Yi

If for a random number 14" u’ < a, thenadd |_/7 -| to the chronological list Y‘z

End for
4) Do disruption propagation test

Foralle ' E (¢'0E —{e})ands O ,

s

If for a random numberus ‘u < Cole' then add ¢ + lag to the chronological list YZ

End for
5)  Compute the disruption duration for disrupted facilities

Forall e 1E and t O Y,
®  Generate ] and compute the time to recovery for each facility & =lq(B)+F - @;)]
*  Update g, (3.6 )t =t,t +1,..t +6 -1
End for
&) sti+l..i+8 -1
6) Calculate th = & (ﬂ; e) ¢

D) eI AT (G e T L O I ——
Forall { 1 and ¢t OIT'
Generate uniformly pseudo-random numbers i ft on the interval [0,1]
S — 7 s
Calculate the demand value d it _(L't +(d it —(L, u &

End for
Figure A.1 Monte Carlo Scenario generation procedure for disruption and stochastic demands

The parameters of the Monte Carlo procedure are according to the values indicated in Table 7 as follows.

Table 7 Parameters values of the Monte Carlo procedure

Parameter u a, Cole’ 6’
Value Exprnd(10) U(0.3,0.4) U(0.0,0.7) U(l1,4)

It should be noted that according to Figures 5a) and 5b), once the disruption occurs, the capacity and inventory

levels drop to zero, so the random parameter 4, is equal to 1. Besides, as it was described in Section 3.2, prop,, is

derived in a correlation matrix based on regional proximity and directional network relations. According to

parameters in Table 7, an inter-arrival rate of 20 weeks (10 bi-weekly arrivals) is considered that its conditional hit
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probability is 0.4, which correspond jointly to a compound likelihood of epidemic arrival-hit of 1 each 50 weeks per
year. This behavior is close to what is observed in practice. It is clear that the avian influenza scenario is an extreme
event that not only depends on the arrival rate but on the intensity magnitude, propagation scale and the
preparedness level. Besides, these parameters could vary for different kinds of disruptions. For instance, avian

influenza could diffuse smoothly but COVID-19 would show a considerable outbreak leading to a pandemic.

Fuzzy Bezdek Clustering Method

Next, let us introduce the basics of the FCM method, employed here to cluster the scenarios. We consider a set of S
scenarios X Z{x 19X seeesX S} in a R ? dimensional space, and FCM method tries to partition these scenarios into

Cc(<C <8) fuzzy clusters. According to our epidemic risk modeling approach (Figure A.1), we have considered
two attributes (P ) for each scenario, namely number of hits and total disrupted capacity of the SC. The FCM
(adopted from Bezdek, 1974) consists of five iterative steps, as follows. The output of the method is to provide a

reduced subset of scenarios, where each scenario is among the existing ones and is representative of a given cluster.

Step 1 Fix the desired number of clusters C , the weighing exponent 772, the induced A-norm on R”and r =0.
Generate an initial membership matrix (U, ). The membership matrix determines membership degrees of scenarios

to each cluster.

Uy e g c
U=|.. u, . 0Su, <1 & D =1 (A
c=1

Uey o Ucg
where u_ is the membership degree of the s scenario to the ¢™ cluster center.

Step 2 Compute the cluster center vector CC. Where y, is the main characteristic of scenario s.

CC = [iuﬁ’ys /iuh] [iué’l_ys /i”a] Tilgsm<o  (A2)
S s=1 s s=1

s=1 s s=1

Step 3 Calculate the new membership matrix (U "*!) according to Equations (A.3) and (A.4)

-1 r+l r+l
. C u’ m=1 1 18
A Zes + — +1
Uy = z o (A3) um=l. ol (A.4)
=l I3 r+l r+l
Cc1 Ucs

Step4If U "' -U " < £ (tolerance level) stop; otherwise set r = r +1 and return to step 2
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s
Step 5 Attribute 7T, = z u,, 71, to each cluster center as the likelihood of occurrence of that cluster center.

s=1

Appendix B. Benders Decomposition Formulation

Primal Sub-Problem (PSP)
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