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Abstract
Paper aims: Considering that disaster preparedness is essential for a prompt and effective response, this paper presents
a study to locate disaster relief supplies.
Originality: This paper marks the first time a multi-criteria stochastic methodology addresses humanitarian location problems.
Research method: We propose a multi methodology approach that employs an optimization model and a multi-criteria
decision analysis. Based on logistics costs and penalties assigned for unmet demand, a stochastic model minimizes the total
operational cost of opening distribution centers for pre-positioning disaster relief supplies. As decisions in humanitarian
operations have multiple criteria and small differences in costs may not be significant by considering other criteria, we
perform an analysis of the stochastic model solutions through Multi-criteria Decision Analysis.
Main findings: The findings show that the stochastics model leads to good results in uncertainty accommodation and
that the consideration of qualitative and quantitative criteria improves decisions in humanitarian operations, especially
when the supplies available are not enough to meet all the demand requirements.
Implications for theory and practice: The methodology was used by Civil Defense to locate warehouses for prepositioning
relief supplies in Sao Paulo State, Brazil.
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1. Introduction
Extreme weather events are likely to become more frequent as a result of climate change (Jeworrek, 2017).
Climate change is also increasing the severity of these events, and disasters will continue to be major impediments
to sustainable development (Wallemacq & House, 2018).
The large number of victims and the unpredictable nature of such events make humanitarian operations a
critical characteristic of disaster management and one of the main ways to improve the time, cost, and quality
of relief operations (Blecken et al., 2009). Humanitarian logistics is a combination of preparedness and response
(Tomasini & Van Wassenhove, 2009). In the preparedness phase, the activities are a continuous process over the
long term, without urgency, especially pre-positioning materials. The response phase is a fast supply process
with a high level of urgency because the lead time for materials may jeopardize the rescue operation (Kessler,
This is an Open Access article distributed under the terms of the Creative Commons Attribution License, which
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2013). The shortage of materials or inefficient management of resources could increase the suffering of the
affected population.
Relief supplies are basic elements for affected people to have access to food and hygiene products at the first
moments after the disaster. Agility and readiness in the distribution of these items are necessary, especially in the
first 72 hours after the event (Salmerón & Apte, 2010) so that rescue teams can begin the recovery activities,
and the victims can thus stabilize their lives. Materials are also required for relief teams to act immediately after
the event (response phase).
In the network configuration, the strategy for locating relief supplies along with the humanitarian supply
chain is characteristically relevant to the response time for a disaster (Balcik & Beamon, 2008). In preparedness
phase, facility location decisions drive the performance of emergency relief operations in a disaster because
the number and location of distribution centers directly affect the response time and costs incurred along the
supply chain.
This paper proposes a multi methodology to support the preparedness decision on where to locate relief
supply facilities to be used in the first 72 hours after a disaster strike. Based on humanitarian logistics literature
reviews (Caunhye et al., 2012; Kunz & Reiner, 2012; Leiras et al., 2014; Grass & Fischer, 2016; Gutjahr & Nolz,
2016), this paper marks the first time a multi-criteria, stochastic methodology has been applied for relief supply
location problems. First, using a two-stage stochastic optimization model (Dantzig, 1955), sites are evaluated
for installing distribution centers (depots), and the optimization process results in proposing locations that
minimize the total operational cost of opening relief supply depots, considering opening costs and penalties for
unmet demand. Then, as small differences in costs of the solutions may not be considered relevant enough by
taking other criteria into account, these solutions are evaluated using Multi-criteria Decision Analysis (MCDA).
The MCDA approach also covers qualitative, intangible (often contradictory) criteria not considered by traditional
optimization models (Cheng et al., 2003).
Uncertainty is a characteristic of disasters and is introduced in the stochastic model by scenarios based on
disaster severity (medium, large, and very large) that affect the demand for relief supplies. The media plays a key
role in disasters, especially in mobilizing volunteers and donations, because media coverage influences people’s
perception of the urgency and makes them more willing to donate (Zagefka et al., 2011). Thus, this work also
contributes to the discussion of purchases, donations, media disclosure, service level, and penalty calibration.
An application in Brazil illustrates the effectiveness of the proposed approach. Preparedness measures are
necessary for public sector management (in this case, Sao Paulo State Civil Defense), including location and
pre-positioning of relief supplies. The Sao Paulo state has a population of 44.749.699 inhabitants (similar to
Canada), area 248.221,996 km2 (similar to United Kingdon) and Gross Domestic Product (GDP) 568.587 million
USD (similar to Argentina) (Instituto Brasileiro de Geografia e Estatística, 2016).

2. Theoretical foundation
2.1. Two-stage stochastic optimization models in humanitarian operations
The application of stochastic optimization is indicated in disasters because there is uncertainty in the
determination of the model components (Sen & Higle, 1999). In two-stage models, the decision variables are
cast into first and second stage variables. Decisions that must be made before uncertain events have unfolded
are known as the first stage, while those implemented later are second-stage decisions. The decision variables
of the first stage are often associated with planning issues and assigned to strategic decisions. Second-stage
variables are generally related to tactical and operational decisions (Leiras et al., 2013; Ribas et al., 2012). In the
second stage, the problem solution depends on the solution of the first stage; however, the first stage cannot be
solved without understanding the behavior of the second-stage problem (Shapiro et al., 2009). A characteristic
of stochastic models is the representation of uncertainty by scenarios. A scenario comprises each possible event
for the problem, as well as the probability of occurrence of these events (Sen & Higle, 1999).
Two-stage stochastic models have been widely used in humanitarian operations related problems - see Grass
& Fischer (2016) for a detailed literature review. In humanitarian logistics, stochastic optimization has been
used to determine the location of warehouses for materials inventory, as well as assignment and distribution
of resources for rescue. To account for uncertainty, a location problem can be formulated as a two-stage
stochastic programming model, in which the first stage minimizes the distances, and the second stage performs
the allocation of inventory (Chang et al., 2007). Mete & Zabinsky (2010) evaluated the location of the medical
supply warehouses and the inventory levels required for each medical source (first-stage decision) and delivery
requirements for supplies through a second stage vehicle routing. Rawls & Turnquist (2010) present a two-stage
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stochastic model for facility location considering, uncertainty in demand and penalty for unmet demand in
various scenarios of disaster. Rawls & Turnquist (2011) consider constraints of quality of service and an average
distance of deposits up to demand nodes, and present an application in the United States. Later, Rawls &
Turnquist (2012) adapt the previous model for dynamic allocation (72 hours in advance) for short-term demands,
which ensured meeting 100% of customer service needs. Condeixa et al. (2017) incorporated risk management
through the use of the conditional value at risk (CVaR) in the two-stage stochastic model of pre-positioning,
location, and distribution.
The penalties for unmet demand in the paper by Rawls & Turnquist (2012) range from 10 to 50 times
the value of the product. These values showed that for a given problem situation, the change in the value of
penalties affects the number of deposits opened, as well as the total cost, indicating that the subjectivity of
this value affects the problem solution. King & Wallace (2012) state that it is up to the modeler to set penalty
values and to recommend parametric analysis.
Noyan (2012) incorporate risk evaluation into Rawls & Turnquist (2010, 2011, 2012) models, by introducing
the concepts of the expected value of perfect information (EVPI) and the value of stochastic solution (VSS). Noyan
(2012) highlights that the EVPI and the VSS are the two best-known performance measures for the stochastic
solution. The EVPI could be understood as the maximal amount the decision-maker would be willing to pay for
the exact information on future outcomes and is defined as the difference between the solution obtained by
the decision-maker able to make the perfect prediction (wait-and-see - WS) and the solution obtained solving
the problem under uncertainty (recourse problem - RP). The VSS could be interpreted as the benefit expected
by taking uncertainty into account or as the loss expected by the decision-maker who opted for deterministic
modeling using the average stochastic parameters. VSS is defined by the difference between the stochastic
solution (RP), and the average solution of the EEV (expected value problem, fixing parameters to average values)
(Birge & Louveaux, 2011). The value of the penalty was established as ten times (in some cases, five times) the
value of the product. The results showed the importance of risk allocation in locating humanitarian facilities.
Many recent studies on facility location, in terms of penalties, address deprivation costs in the objective
function as a way of assuming the penalty of shortages over time (Balcik et al., 2016; Boonmee et al., 2017; Cotes
& Cantillo, 2019; Gutjahr & Fischer, 2018; Wang et al., 2017). However, the results obtained from the functions
defined in Holguín-Veras et al. (2016) and Pérez-Rodríguez & Holguín-Veras (2016), considering 72 hours for
supply show very different values reaching 3,528%, when comparing these functions. Thus, Turkeš & Sörensen
(2019) and Balcik et al. (2016) suggest that it would be valuable to create benchmarks for humanitarian logistics
problems.
Rawls & Turnquist (2010, 2011, 2012); Noyan (2012); Mete & Zabinsky (2010), and Bozorgi-Amiri et al.
(2013) link penalties to the value of the product. In the present study, we adopt the approach of penalty of
shortages over time and also link penalties to the value of product.

2.2. MCDA in humanitarian operations
The strategic decision of the location of permanent installations should consider multiple objectives that
are often conflicting; interconnection of policies, long-term consequences resulting from the implementation
of these decisions, and the engagement of stakeholders (Montibeller & Franco, 2007). The three dimensions of
MCDA (formal approach; the presence of several criteria; and decisions taken by individuals or groups) (Belton
& Stewart, 2002), similarly to studies on natural resource management (Mendoza & Martins, 2006), are reasons
why MCDA is an appropriate approach to deal with humanitarian location decisions, as it addresses several
aspects, such as:
• Structured and rational approach capable of integrating key elements of humanitarian management;
• Existence of several criteria in humanitarian issues;
• Considers multiple stakeholders and interest groups, each with their own views, objectives, and requirements.

Regarding the criteria, in humanitarian logistics, cost minimization is not the focus during the response
phase, but in the preparedness phase its importance increases. Whereas parameters such as response time,
distribution equity, priority item reliability, and safety are more relevant during the distribution of relief supplies
(Vitoriano et al., 2011), monetary and non-monetary aspects should be taken into account in post-disaster
situations (Nolz et al., 2010). Carland et al. (2018) used quantitative measures for economic and non-economic
objectives in the humanitarian and commercial supply chains to quantify the goals and priorities.
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Gutjahr & Nolz (2016) review the literature on the application of multicriteria optimization to the management
of natural disasters and humanitarian crises. They also divided the criteria in monetary and non-monetary and
stated that the cost criterion could not be neglected. However, they present the following additional important
criteria: response time, travel distance, coverage, reliability, security, equity, and distress (psychological or social
costs).
Vitoriano et al. (2011) also postulate that time of response, equity of the distribution or reliability, and
security of the operation routes are relevant performance measures in humanitarian operations.

3. Problem statement
We address the problem presented of establishing the local installation distribution centers for storing relief
supplies to the victims of disasters that may occur in a region in the first 72 hours after the disaster onset.
The modeling process focus on the preparedness phase (before the disaster onset) when Civil Defense agencies
have budget restrictions and need to rationalize their facility networks (Bruno & Genovese, 2016) optimizing
costs in conjunction with service level criteria.
The two-stage stochastic optimization model minimizes the total operational cost of opening relief supply
depots, considering capacity constraints (storage and transport); available materials constraints (inventory,
donations, and purchases); and a minimum level of service (minimum fulfilled demand and coverage). The model
results are where depots must be opened (optimal and suboptimal solutions), the inventory level that each
depot should have, the number of materials to be purchased, the amount of material to be transported from the
warehouse to the demand point and unmet demand. As decisions in humanitarian operations have more than
one criterion, after the stochastic model, a multi-criteria method applied to this study. The approach adopted
is the MAVT (Multi-Attribute Value Theory) (Keeney, 1992) and VFT (Value-Focused Thinking), which breaks
down the fundamental objectives, using a facilitator in the process (Franco & Montibeller, 2011).
The modelling is based on the two-stage stochastic models by Mete & Zabinsky (2010) and Rawls & Turnquist
(2011). Mete & Zabinsky (2010), however, applied their model to the location of medical supplies and consider
vehicle routing in the second stage; whereas Rawls & Turnquist (2011) present a stochastic facility location
model considering various stochastic disaster scenarios and a penalty for unmet demand.
Products may be purchased by agreements previously negotiated (contracts) according to Brazilian public
purchases law. When a disaster strikes, the supply to the victims is started from the relief supplies stored in the
distribution centers and the materials received by purchase agreements previously negotiated. These purchases
take place only if necessary (the demand is higher than the current inventory). The distribution center also has
the function of processing donations to be sent to the disaster site.
From the warehouse, all relief supplies (previously stored, purchased, or received through donations) are
sent to disaster sites to assist victims via road transport, with the possibility of discontinuity in the process of
access to affected areas (ruptures in the transportation pathways). In the event of road disruptions, accessibility
to the sites is compromised, making and increasing transportation costs.
In our stochastic modeling, scenarios were established according to the disaster severity and magnitude, the
media disclosure, and disruption in access roads. The magnitude and severity of a disaster affect the demand
for relief supplies, defining the needs of relief supplies, rescue teams, and logistics. Using definitions from the
Brazilian Civil Defense (Brasil, 2007), disasters can be categorized into four levels:
• Level I - small-sized disasters. Small disasters were not considered in this paper because the community does not
require relief supplies provided by the State Civil Defense;
• Level II - medium-sized disasters, the community itself exceeds the damages caused by the disaster, by external
aid (5% <loss <10% of the site GDP);
• Level III - large-sized disasters, when the local community needs to complement local resources with external
assistance (10% <loss <30% of the site GDP);
• Level IV - very large disasters, when the effects of the disaster are of such magnitude that even prepared and
mobilized communities do not outweigh the damages (loss> 30% of the site GDP).

The media concept has two dimensions: space and time (Chyi & McCombs, 2004). The space dimension
can be divided into the individual, community, state/ regional, national, and international, according to the
coverage level (Houston et al., 2012). In the case of ruptures in the transportation pathways, the scope was
considered to be at least national. The international space was not considered, because the model is to serve
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the first 72 hours after the disaster and, in Brazil, there would not be enough time for international donations
to reach the disaster site. Thus, the donation flow is assumed dependent on media coverage and the scenarios
take this relationship into account.
Scenarios are summarized in Figure 1 (the number of the scenario is presented between brackets). The number
of donations depends on the disaster level and the media coverage. Additionally, landslides and torrential rain
sometimes isolate communities in Brazil, and attract larger media coverage; thus, rupture of road infrastructure
must be considered in building the scenario.

Figure 1. Disaster scenarios.

To MCDA interventions (Franco & Montibeller, 2011), we consider an expert panel. The situation is first
exposed, and the facilitator assists in defining the problem, designing the decision-making process and, together
with the team of managers, defines the stakeholders. Once this phase is completed, the second phase starts,
which consists in structuring a tree value, setting the attributes, and identifying the decision alternatives.
During an MCDA intervention, attention to stakeholders is desired to assess and improve the political viability
of decision implementation and important to convince and satisfy those involved or affected by the decision
(Franco & Montibeller, 2011).

4. The stochastic model
The model is based in Brito Junior et al. (2014). Sets, variables, and parameters are in Table 1. Then, the
model is detailed.

4.1. Nomenclature
4.1.1. Formulation
min ∑gi Xi +E C Q ( X,S, c ) 
i

(1)

Subject to:
∑Sik ≤ ek
i

∀ k∈K

Production, 30, e20200042, 2020 | DOI: 10.1590/0103-6513.20200042

(2)
5/16

Table 1. Sets, variables, and parameters of the model.
Index sets
I

Candidate distribution centers (i Є I)

K

Relief supplies (k Є K)

J

Demand points (j Є J)

C

Scenarios (c Є C)

gi

Annual cost of installation and operation of distribution center i ($)

ek

Amount of supply k (kg) available

lik

Maximum regular storage capacity of k in distribution center i (kg)

Deterministic Parameters (unit)

neik

Minimum annual inventory of k in distribution center i (kg)

qdmax

Maximum number of distribution centers to be opened

qdmin

Minimum number of distribution centers to be opened

aij

Binary that assumes the value of 0 if the distance is greater than the maximum distance and the value of 1 otherwise
(coverage matrix)

fvk

Weight × volume conversion factor (m3/kg)

M

Large auxiliary number, to make purchases of supplies k only if necessary

ct ijc

Transportation cost from distribution center i to demand point j under scenario c ($/kg)

w cjk

Penalty per unit of k not supplied to demand point j under scenario c ($/kg)

c
dn ik

Number of donations of k received in distribution center i under scenario c (kg)

d cjk

Demand of k in demand point j under scenario c (kg)

acic

Binary parameter regarding the accessibility of distribution center i (1 - accessible, 0 not accessible) under scenario c

cpijc

Transportation capacity by weight from distribution center i to demand point j under scenario c (kg)

cvijc

Transportation capacity by volume from distribution center i to demand point j under scenario c (m3)

Scenario-dependent Parameters (unit)

dmin cjk

cot ck

Minimum demand of k to be supplied at demand point j, under scenario c (kg)
Contractual limit established for purchases of k, under scenario c (kg)
First-stage decision variables (unit)

Xi
Sik

Binary equals 1 if a distribution center i is opened, 0 otherwise
Average inventory level of supply relief k at distribution center i (kg)
Second-stage decision variables (unit)

c
Tijk

Amount of k to transport from distribution center i to point of demand j, under scenario c (kg)

c
Fjk

The unmet demand of k, at point j under scenario c (kg)

c
COik

CO _ AUX ck

Amount of k purchased, allocated in distribution center i, under scenario c (kg)
Auxiliary binary variable to make purchases only if k is necessary

∀ i ∈ I, k ∈ K

(3)

neik Xi ≤ Sik ∀ i ∈ I, k ∈ K

(4)

∑Xi ≤ qd max ∀ i ∈ I

(5)

∑Xi ≥ qd min ∀ i ∈ I

(6)

∑Xi a ij ≥ 1 ∀ j ∈ J

(7)

lik Xi ≥ Sik

i

i

i

The objective function (1) minimizes the operating cost of distribution centers plus the value of the solution
of the second stage function. Constraint (2) establishes that, for an item k, the amount stored at every distribution
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center cannot exceed the maximum amount available. Constraint (3) limits the inventory level by the capacity
of distribution center i, whereas Constraint (4) limits the minimum inventory of item k to open a distribution
center i. Constraints (5) and (6) limit the number of distribution centers to be opened, and (7) ensures the
minimum distance from the point of demand to at least one distribution center i.
The second stage of the model is formulated as:

c 
c c
=
Q ( X,S, c ) min ∑∑  ct ijc ∑Tijk
 + ∑∑w jk Fjk
 j k
i j 
k

(8)

Subject to:
c
c
c
∑Tijk ≤ Sik + dn ik + COik ∀ i ∈ I, k ∈ K, c ∈ C
j

c
c
Fjk
= d cjk − ∑Tijk
acic

∀ j ∈ J, k ∈ K, c ∈ C

i

c
lik Xi ≥ ∑Tijk
acic ∀ i ∈ I, k ∈ K, c ∈ C
j

c
c
∑Tijk ≤ cpij

∀ i ∈ I, j ∈ J, c ∈ C

k

(11)
(12)

∀ i ∈ I, j ∈ J, c ∈ C

(13)

c
c
c
∑Tijk aci ≥ dmin jk

∀ j ∈ J, k ∈ K, c ∈ C

(14)

i

c
M (1 − CO _ AUX ck ) > ∑d cjk − ∑Sik − ∑dn ik
∀ k ∈ K, c ∈ C
j

i

i

c
M CO _ AUX ck ≥ ∑Sik + ∑dn ik
− ∑d cjk
i

i

j

(

c
COik
≤ M 1 − CO _ AUX ck

c
cot ck x i ≥ COik

)

∀ k ∈ K, c ∈ C

∀ i ∈ I, k ∈ K, c ∈ C

∀ i ∈ I, k ∈ K, c ∈ C

c
cot ck ≥ ∑COik
i

∀ k ∈ K, c ∈ C

c
c
c
c
∑COik ≤ ∑d jk − ∑Sik − ∑dn ik + CO _ AUX k M
j

(10)

c
c
∑Tijk fv k ≤ cvij
k

i

(9)

i

i

c
c
c
Sik , Tijk
, Fjk
, COik
≥0

Xi , CO _ AUX ck ∈ {0,1}

(15)

(16)
(17)
(18)

(19)
∀ k ∈ K, c ∈ C

∀ i ∈ I, j ∈ J, k ∈ K, c ∈ C

∀ i ∈ I, k ∈ K, c ∈ C

(20)
(21)
(22)

The objective function (8) minimizes the transportation cost under scenario c plus a penalty for unmet demand
under scenario c. Constraint (9) ensures that relief supply k to be transported from i to demand point j is available
at i. Constraint (10) calculates the unmet demand for k in j under scenario c. Constraint (11) imply that relief supply
k being transported from i to demand point j is at the distribution center opened by xi. Constraints (12) and (13)
are respectively used to limit the transport capacity by weight and volume of supply k. Constraint (14) ensures that
a minimum demand of k at demand point j is met. Constraints (15) to (20) are employed for the purchase process:
(15) establishes a condition for purchasing relief supplies k if Demand - Inventory – Donations > 0 (CO_AUX = 0)
and (16) defines when no purchase is requested if Inventory + Donations – Demand > 0 (CO_AUX = 1). Constraint
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(17) defines the purchase of relief supply k only if CO_AUX = 0. Constraint (18) imply that the purchase of
supplies k is allocated to the distribution center opened by xi. Constraint (19) ensures that the total purchase of
supply k allocated to each distribution center i does not exceed the total contract al amount under scenario c,
and (20) imply that the purchase of supplies k is performed only after the consumption of the inventory and
the donations received in i. Constraints (21) and (22) define non-negativity and binary variables, respectively.

5. Case study
The location model is applied to the case of the Paraiba Valley (São Paulo State-Brazil). The region, with
two million inhabitants, is prone to natural disasters, both large ones resulting in over ten thousand displaced
people and frequent minor disasters.
This study was used by Civil Defense to locate their depots. Five local candidates are considered: São Paulo,
Caçapava, São José dos Campos, Taubaté, and Tremembé. These sites were chosen because they already house
Civil Defense centers and have a history of few accidents, thus less likely to rupture.
The parameters were based on historical data about materials and transportation since 1999, available
government budgets, risk maps, international guidelines, academic and field activities. The Sphere Project (2011)
and United Nations High Commissioner for Refugees (2007) guidelines help in defining the demand of materials .
They were classified into materials for individual use (e.g., clothes), for household use (average four persons per
household – e.g., cleaning kits), and also materials for response teams (e.g., tools). Quantities for the population
in need were considered in two dimensions: (1) Civil Defense historical data, and risk mapping conducted by
municipalities that comprehend the number of households in a vulnerable situation, and (2) according to the
magnitude of a disaster multiplied by a weighting value (Balcik & Beamon, 2008). The quantities for the response
teams were calculated based on the size and risk of the city.
Scenario probabilities were estimated based on an expert panel (Salmerón & Apte, 2010), mostly civil
defense officers. The probabilities were estimated using the Delphi method (Budnitz et al., 1998) to guarantee
anonymity since there was a functional hierarchy among those specialists, which could influence opinions. They
were hypothetically inquired upon natural disasters over the next five years and divided the percentages for the
scenarios presented in Figure 1.
The questionnaire containing the disaster description and the scenarios were made available on a website
(SurveyMonkey service). Experts from Civil Defense, Disasters, Geology, Meteorology, Architecture, and Journalism
composed the panel. Nineteen questionnaires were sent to experts and nine answers were obtained, thus
composing a quantity greater than the minimum recommended for the analysis (between 5 and 7) (García
Valdés & Suárez Marín, 2013; Rowe & Wright, 2001).
Table 2 shows the scenario probabilities, defined on the average after conducting two rounds of consultations.
Rowe & Wright (2001) recommend between 2-4 rounds. A hypothesis test with α = 5% presented no differences
between the means of the first and the second rounds. These probabilities are listed in Table 2 (the number of
the corresponding scenario is presented between brackets).
Figure 2 illustrates the value tree. The weights of each attribute was established based on the swing-weights
methodology (Montibeller et al., 2006). Initially, the costs, management and infrastructure criteria were assessed by
stakeholders and, subsequently, the evaluation was conducted for each of the sub-criteria. For each criterion and
sub-criterion, value functions were established according to the MCDA methodology (Franco & Montibeller, 2011).

5.1. Stochastic model
The stochastic model was implemented using AIMMS 3.13, and CPLEX solver 12.6 in an Intel Core i7-4510U®
2.6GHz, 8 Gb RAM, 64-bit operational system Windows10 ® machine. The time to solve all the instances
(RP, WS, deterministic, and EEV) was 29.49 s.
Table 2. Probability of the scenarios.
Disaster severity/magnitude
Media disclosure

Medium
(Level II)

Large
(Level III)

Very large
(Level IV)

Community level

24.00% (1)

0.00% (2)

0.00% (3)

State/regional level

18.51% (4)

8.11% (5)

1.00% (6)

National level

7.93% (7)

15.33% (8)

7.33% (9)

National level with access ruptures

0.00% (10)

13.56% (11)

4.22% (12)
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Figure 2. Value tree.

5.1.1. Setting the penalties for the stochastic model
Penalties for not meeting demand are established for the model calibration (Mete & Zabinsky, 2010), verifying
their impact on results. The choice of the penalty is determined by the decision-maker (Verma & Gaukler, 2015).
Unlike costs such as transportation, purchasing, and warehousing, there is no effective payment of the penalties,
despite having a monetary unit, causing a characteristic of immateriality to the decision-maker. In this work,
the main goal of calibration is to assure that shortages occur only due to model constraints, preventing viable
non-supply, or producing unwanted results, as well as providing penalty values by other resulting costs.
Initially, the penalty was here set as the same for all products, and the transportation cost was chosen
as the initial reference. The highest transportation cost between a candidate distribution center (i) and a
demand point (j) was initially set as the lower limit because below this value, the model may allow shortages
in the demand point as the cost of not supply is smaller than the transportation cost. The model behavior
was evaluated from 1 to 10,000 times the highest transportation cost, similar to Barbarosoǧlu & Arda (2004).
Figure 3 illustrates the behavior of total open deposits and the shortages due to penalties from 1 to 10 times
the highest transportation cost (the behavior is the same for higher than 10 values).

Figure 3. Shortages (sum of all the scenarios) according to penalties.

Note that even in the range of 1-3 times the highest transportation cost, the model allows shortages.
Consequently, three times higher transportation cost was the lower limit set for penalties.
As shown in Figure 4, the EVPI, from 25 times the highest transportation cost, has an upward trend and then
falls again because the WS solution for calculating the EVPI opens depots by scenarios. From penalty higher
than 25 times the highest transportation cost, in some scenarios, depots are opened, increasing the difference
in fixed costs between the solution obtained under uncertainty (recourse problem - RP) and the WS solution.
This number of opened depots increases until the third depot is opened by a stochastic solution (RP). From
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Figure 4. EVPI and open depots.

this point, the decline of the percentage value of EVPI (absolute value remains) is observed. Figure 4 shows the
behavior of total open deposits (RP solution) and EVPI.
The penalty between 3 and 20 times the maximum value of the highest transportation cost can be assumed
to produce similar results. For further analysis, we set this value at 20.

5.1.2. Stochastic model results
The stochastic model results showed the optimal and suboptimal solutions for the cost criteria for 5 years.
All the solutions present the city of São Paulo (SP), where there is already a depot and another city. The stochastic
solution shows that the penalties (for 20 times the highest transportation cost) strongly influence the results
due to the shortage of materials. Table 3 shows the results of stochastic models.
Table 3. Optimal and suboptimal stochastic solutions.
Alternatives

Solutions

I

SP and Tremembé

Cost (BRL$)
126,812.39

II

SP and Taubaté

126,844.24

III

SP and Caçapava

127,211.04

IV

SP and São José dos Campos

127,733.52

V

SP, Taubaté and Tremembé

185,223.29

The result for EVPI was 0.01% for penalties equal to 20 times the highest transportation cost. In the worst
case, when the penalty is 500 times the highest transportation cost, EVPI was 4.03%. Based on these values,
good results are provided to EVPI in accommodation of the uncertainties. The behavior of VSS depends on and
increases in function of the value of the penalties.
From the results, we analyze the shortages based on the transported relief supplies and demand for materials.
Shortages occurred in all the scenarios due to unavailable materials or constraints. The materials were analyzed
according to the user type (victims or rescue teams) because there were no donations of the items for the rescue
teams. Table 4 shows the shortages according to the scenario.
Table 4. Shortages (kg) according to the scenario.
Media disclosure

Disaster severity/magnitude
Level II

Level III

Level IV

237

1,047

85,750

201

1,011

48,217

1,011

48,217

Community

252

State/regional
National
National and access ruptures
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The findings show that for disasters of level II (all media disclosures), shortages appear only in relief supplies
of the rescue teams due to an insufficient quantity of materials. In such cases, purchases were made up to the
upper limit but were not sufficient to meet the demand.
In disasters of level III, shortages occurred not only due to the number of materials available but, in some
cases, also with materials in sufficient quantity or able to be bought because constraints on storage capacity
did not allow these materials to be used for assistance. In scenarios with regional/state media disclosure, the
number of shortages was greater (4%) than in the scenarios with national media disclosure.
In scenarios of disasters of level IV, the total shortage was greater than in disasters of level III, but the
behavior was very similar. In scenarios with regional/state media disclosure (worst scenario) shortages occurred
due to the number of materials available and constraints in storage capacity. In the scenarios with national
media disclosure, the shortages also occurred due to unavailable materials and storage capacity, but shortages
were reduced (by 47% in some cases), showing the media influence.
Changing the purchasing upper limit, the number of unavailable materials decreased. Regarding the storage
capacity, we model these capacities for each deposit individually, as determined in the Brazilian Civil Defense
plans. Using the idle capacity from another location if the capacity limit is reached, and establishing additional
capacities were not considered. Disruptions only increased transportation costs because longer-distance alternative
ways were available.

5.2. MCDA model
To define and elicit the criteria, a preliminary meeting with the manager’s team decision, two meetings with
all stakeholders, two meetings for final evaluation and a meeting for re-evaluation, also with the leadership
team were performed (6 meetings, totaling approximately 10 hours). The authors acted as facilitators in these
meetings. The technique used is the power-interest grid, which is shown in Figure 5.

Figure 5. Power Interest Grid.

The value tree was defined using a top-down approach to decompose the primary goal into objectives and
sub-objectives. Initially, using the brainstorming technique, the goals to be achieved when installing a new
relief supply depot were discussed and mapped, as well as the values considered by stakeholders. After the
mapping, standard features among the objectives were detected. These characteristics enabled the definition of
sub-criteria and grouping the objectives for elaborating the tree value. The attributes were defined as follows:
• Cost: installing deposits for disaster preparedness is restrict to a budget. During the response phase, this objective
changes, because minimizing human suffering (Holguín-Veras et al., 2013) is a priority activity about costs;
• Management, divided into two sub-objectives:
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✓ Proximity to Civil Defense Regional Director: the Civil Defense Regional Director manages the relief
supply distribution of a disaster operation, and the closer the depot is to the coordination, the better the
operational readiness;
✓ Human Resources: refers to labor mobilization during the disaster response operations.
• Infrastructure is divided into three objectives:
✓ Safety: The social aspect refers to the site vulnerability to deviations or theft of materials; whereas the
natural hazards aspects refer to the susceptibility to the occurrence of natural disasters and, consequently,
unfeasible operations;
✓ Hygiene and storage environment (salubrity): refers to the storage conditions and operational ease of
storage, such as temperature, prevention of deterioration, and handling;
✓ Accessibility: refers to the quality of routes to the depot; pavement conditions; lighting in the surroundings;
signaling, and alternative routes that allow access in case of disruptions.

The management and salubrity criteria did not appear in our literature searches and are contributions of
the expert panel to the academic literature.
According to the power interest grid, the experts evaluated the performance of the alternatives in each of the
attributes and value from the function, the score on the corresponding criteria was obtained. Table 5 presents
the evaluation results. The V.I.S.A. software allowed the stakeholders a direct visualization of their judgments.
Table 5. Results of stakeholder’s evaluation of alternatives.
Solution:
SP depot +

Proximity to Regional
Director

Caçapava

20

75

Taubaté

0

100

Tremembé

15

50

São José dos Campos

44

Taubaté + Tremembé (3 sites)

0

Human Resources

Cost (BRL$)

Accessibility

Salubrity

Safety

126,812.39

75

43

75

126,844.24

100

79

75

127,211.04

50

57

50

100

127,733.52

100

79

100

100

185,223.29

75

68

75

The stochastic model provided the performance of local candidates concerning costs and coverage and
showed that the best solution is two places and that the city of São Paulo is present in all solutions, because
of the current operation and facilities already available, and consequently, fixed costs for allocation of relief
supplies are only marginal. The cost difference between the optimal and three suboptimal points was lower
than 0.8%. The optimal solution and these three suboptimal solutions were selected for analysis, and a three
places solution was added only for comparison. In summary, the stochastic solution alternatives to be evaluated
are the ones already presented in Table 3.
The results after the application of the multi-criteria model are represented in Figure 6 and show the
evaluation in each criterion and the final solution using the cities of São Paulo and Taubaté to be the best
location for the relief supply depot.
After evaluating all the alternatives, the overall results were exposed to stakeholders for review. A survey
form was used for results evaluation. The results were considered satisfactory, as well as the applicability to
other regions in the State.
The sensitivity analysis was taken for the cost attribute in case of a change in the scaling constants, to
evaluate whether or not discriminate solutions and also for the management attribute (sub-objective: Proximity
to Civil Defense Regional Director) to assess if the change of the Regional Director modifies the results of the
decision model.
Figure 7 shows the sensitivity analysis for variation in the scaling constants for the attribute Cost.
It can be observed that the range of variation does not affect the overall result of the model and that the
alternative Taubate dominates the solution.
Figure 8 shows the sensitivity analysis for distance from the Civil Defense Regional Director (closer the depot
is to the coordination, better is the operational readiness) in the results of attribute Management.
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Figure 6. Criteria solutions and global performance.

Figure 7. Sensitive analysis for the criteria Cost.

Figure 8. Sensitive analysis for the criteria Proximity to Regional Director.

It can be observed that the model is sensitive to the attribute Management (distance from Civil Defense
Regional Director), which currently is located in the city of Taubaté. In case of a change in this attribute, the
result can also be changed.
The results of multi-criteria modeling showed that characteristics concerning larger cities, located at road
junctions, dominate the solutions. This finding occurs due to the management tools and infrastructure in these
locations, especially larger units of the Military Police, which provide availability of human resources, in addition
to better road accessibility. These locations provide better robustness to the solution because, in addition
to characteristics of optimality, they count on Management and Infrastructure attributes, which ensure the
operation under different scenarios. Sensitivity analyses showed that the result could be modified by changes
in management attributes (distance from Civil Defense Regional Director).
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6. Conclusions
This paper presented a problem of pre-positioning disaster relief supplies through stochastic modeling and
MCDA. Features of high impact in humanitarian operations - such as purchases, donations, media disclosure,
disruptions to access routes, service level, and penalty calibration - were added to the stochastic model.
The contribution is the sequential use of stochastic optimization and multiple criteria proposing a rational and
systematic multi methodology for decision and easy and practical implementation.
Uncertainty scenarios were established based on disaster magnitude/ severity, media coverage, and ruptures
in transportation pathways. The stochastic model performance was evaluated and presented good results for
accommodating the uncertainties. Then, we assig penalties based on the behavior of the model through EVPI. This
penalty calibration assures that the model behavior does not produce undesirable results and provides values
following other costs.
The optimization results show that, in this Brazilian case, material availability for large disasters is an issue,
and purchase budgets need to be increased for responding to disaster forecasts as the magnitude of the disaster
increases, not only the materials availability but also the increase in storage capacity should be more effective.
Media campaigns to improve donations may be useful to meet demand requirements.
The results of the stochastic model indicated the number of depots to be opened and the solutions based
on transport, handling, and fixed costs as well as penalties for unmet demand. The model results also showed
that the difference in costs between the optimal and suboptimal solutions was less than 0,8%. These solutions
were then evaluated by applying an MCDA for the decision-making process. The results show that intangible
characteristics of the suboptimal solutions must be evaluated, since the qualitative aspects of these solutions may
show better operational conditions than the optimal result. A comparison between the results of the stochastic
model with the multi-criteria model highlights a change in location from Sao Paulo and Tremembe solutions
to Sao Paulo and Taubaté. This pattern caused a displacement of 14 km in the solution.
The location model is applied to the case of the Paraiba Valley in São Paulo State - Brazil. Studies to extend
the model to the entire state are in progress. The model can also be applied to other types of disasters or in
different case studies. Input information, especially risk mapping used to estimate demand and historical supply
data that may not be available, can be determined using other tools, such as regression models. Because the
metholody involves decision-makers who participate during the modeling process and receive feedback from
the effects of the decisions made, the model is well received by the Civil Defense personnel.
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