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Abstract. In this paper, we propose a bi-objective program to model a post-disaster strategical
decision problem. We consider the situation after a catastrophic disaster occurred, in which temporary
distribution centers must be located. The distribution centers consolidate aid to be delivered to affected
people. We assume that affected people go to collect needed aid from temporary located distribution
centers. Hence, a predefined mobility radius is considered, that indicates the distance that people are
willing to travel to receive aid. Additionally, needed aid required by affected individuals is consolidated
in an affected demand zone and equity constraints are included to balance the aid given to those affected
zones. One objective of the proposed model is to minimize the time employed by demand zones to
collect aid. In humanitarian logistics it is common that the decision maker is associated with either
government or non-profit organizations that are in charge of relief. Usually, there is a limited budget to
conduct the operations. Hence, the decision maker also aims to minimize the cost of locating temporary
distribution centers. Both objectives are simultaneously considered. Hence, to obtain efficient solutions
of this bi-objective problem, an exact AUGMECON method is proposed, which is an improved version
of the classic 𝜀-constraint method for multi-objective optimization. To overcome with the computational
limitations shown by the exact method, a genetic algorithm is also designed and used to approximate the
Pareto front. To conduct the computational experience, a case study and additional random instances
are considered. The case study is based on an earthquake that recently occurred in Mexico. The results
obtained by both implemented methods are compared by using different well-known metrics, such as,
the number of solutions, the 𝑘-distance, the size of the space covered, and a coverage measure. It is
shown that, on average, the proposed genetic algorithm outperforms the AUGMECON when comparing
the quality of the obtained Pareto fronts. Results offer the possibility for the decision maker to prioritize
either time or cost when locating temporary distribution centers in a catastrophic situation.
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1. Introduction
In the last years, several natural disasters have devastated different regions of the world. A cyclone in Zimbabwe, avalanches in Afghanistan and Pakistan, landslides in Colombia, floods in China, among others, left over
hundred of deceased [17]. Even though the number of natural disasters is less than last decade and mortality
has decreased in comparison to the previous average, high economical impact has resulted from these recently
occurred disasters [11]. Because logistics efforts represent around 80% of disaster relief [28], it is important to
not only develop strategies to tackle natural catastrophes, but also to reduce the costs of relief operations. The
latter may be achieved through multi-objective optimization on humanitarian logistics decisions.
Humanitarian logistics focus on diverse operations that aid people in case of a catastrophe. These operations
start from the coordination of the roles and the participation of different organizations [24, 42]. Then, they
continue with different tasks, such as locating shelters [10], distributing medical services [56], managing the
inventory [5], collecting debris and reconstructing roads [22], among others. Depending on the moment when
the decision-making process takes place, humanitarian logistics can oversee the planning operations, relief distribution, and reconstruction. Generating strategies to solve humanitarian logistics problems involves more than
one objective; thus, a multi-objective programming model is needed.
In multi-objective optimization problems, a decision maker is confronted by several conflicting objectives.
The aim is to find a set of Pareto-optimal solutions from which the decision maker can choose the solution that
best suits his/her needs. In humanitarian logistics, when distributing aid, the objectives could be to optimize
response time, travel distance, coverage, reliability, security, cost-effectiveness, or equity (see [20]). Bearing these
goals in mind and aiming to develop strategies to help people in need after a disaster, we study the following
problem. After a disaster occurs, an overlooking organism, such as the government or a non-profit organization
will use some available public places in the communities (like main squares, schools, worship places, among
others) to open and operate temporary distribution centers. To decide where to open temporary distribution
centers, the overlooking organism must take into account the economical perspective of its decision. Additionally,
we assume that people in the affected communities collect the aid from the distribution centers. Hence, they
cannot travel more than a threshold distance to receive aid. Since neglecting affected zones is not allowed,
an equity constraint is considered in the problem. Given these conditions, our optimization problem chooses
the temporary distribution centers for the aid distribution minimizing cost and delivery time. Particularly, a
mixed-integer linear bi-objective program is proposed to model the situation herein studied.
To solve this bi-objective problem, an exact method and metaheuristic algorithm are proposed. Firstly, an
exact AUGMECON method is developed. Preliminary experimental results, show that implementing the classic
𝜀-constraint method leads to a limited range of Pareto optimal solutions using large computational times. In
response, we implement an improved version of the 𝜀-constraint, called AUGMECON, which is proposed in
Mavrotas [33]. Indeed, the AUGMECON is also an exact method that guarantees to find a Pareto optimal
solution at each iteration. Secondly, we propose a genetic algorithm to obtain good-quality approximations of
the Pareto fronts in short computational times. Both algorithms are tested over the set of instances constructed
from the earthquake that occurred in 2017 in Mexico City, which is considered during the computational
experimentation.
One of the key contributions of this paper is that the proposed model considers a bi-objective programming
approach that minimizes the response time and the cost of opening temporary distribution centers. Moreover, it
considers that the affected people are the ones who travel to collect the aid given at the temporary distribution
centers without surpassing a mobility radius. Also, equity constraints are included in the model to avoid leaving
unattended specific affected zones. Additionally, the case study considered in this paper has not been analyzed
yet by any other research in humanitarian logistics, this provides another relevant case study to test other
models. Finally, this paper proposes an AUGMECON method and a population-based metaheuristic algorithm
to solve efficiently the bi-objective problem.
The remainder of the paper is organized as follows. Section 2 presents a literature review regarding multiobjective humanitarian logistics problems, emphasizing the ones that consider time and cost as objective func-
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tions. The mathematical bi-objective model is defined in Section 3. Then, Section 4 describes the proposed
solution schemes, that is, the exact AUGMECON method and the genetic algorithm. Section 5 shows the
numerical results according to the case study under consideration, and compares the results obtained through
both tested methods. Interesting managerial insights from the case study based on the obtained results are
presented. Conclusions and recommendations for future research directions are given in Section 6.

2. Literature review
Conducting research in humanitarian logistics is more challenging as far as it involves a higher degree of
uncertainty than the one in business logistics. Communication is more complex, timely delivery is harder to
achieve, and there are limited resources available (see [9]). There are a myriad of approaches to address the
challenges presented during and after a natural disaster occurs. Moreover, as stated in Hezam et al. [21], most
of the studies in the literature are based on a single objective, and few are based on multi-objectives. Indeed,
multi-criteria and multi-objective optimization approaches have received attention in recent years (see a review
in [20]). The literature reviews of Gutjahr and Nolz [20], Caunhye [9] and Hezam et al. [21] allow us to compare
the contribution of existing optimization models to the area of humanitarian logistics.
Depending on the stage when the decision-making takes place, humanitarian logistics can oversee the operations of planning, relief distribution, and reconstruction (see [28]). In this extensive literature review, we are
mainly focused on relief distribution models. All the relief distribution problems related reviewed papers are
summarized in Table 1, where we add a description of the case of study similar to the literature review in Juman
et al. [25]. Also, it can be noticed that most of these articles present a real case study, in which the proposed
models and solution methodologies are applied. Based on Table 1, the following papers are the ones which, just
like our problem, consider the minimization of response time and cost in their objective functions (or related
ones).
There are some papers with multi-objective models, in which two out of three considered objective functions
correspond to the ones considered in our proposed model. First, in Tzeng et al. [52], the costs are computed by
the sum of the costs associated to the opening of an aid transfer center, transporting aid from the collection
centers, and transporting aid from the transfer center to the demand points. The time is computed as the sum of
the time of transporting the aid from the collection centers to the transfer centers and from there to the demand
points. To solve the problem, fuzzy programming is employed considering only both the response time and the
transportation costs, which might be redundant since the relationship between response and transport cost is
not necessarily conflicting. More recently, the study of Praneetpholkrang et al. [43] address a shelter location
problem to minimize operative costs, evacuation time, and the number of shelters. The authors implement
an 𝜀-constraint algorithm and goal programming on instances using flooding data in Surat Thani, Thailand.
Numerical results exhibit the benefits of implementing the proposed approach compared with the actual location
of shelters.
In Wang et al. [55], the fixed costs of establishing a distribution center and the transportation costs are
minimized. The response time is considered as the minimization of the maximum duration time per route. Even
though Wang et al. [55] address a routing problem, it considers that a demand point can be supplied by different
distribution centers. Additionally, it utilizes a non-dominated sorting genetic algorithm and a non-dominated
sorting differential evolution algorithm. Indeed, routing and location decisions are integrated in humanitarian
logistics, which results in problems that consider multiple objective functions. In particular, Vahdani et al. [54]
study a two-stage robust optimization approach to allocate distribution centers in response to disasters. The
first step addresses a location problem that minimizes storage costs, while the second stage is a routing problem
that minimizes vehicle travel time and route reliability.
Furthermore, bi-objective models are also reviewed. In Khalilpourazari and Khamseh [26], the first objective
function minimizes the costs of establishing permanent blood centers, collecting blood, transporting it to the
blood centers, storing the blood, the fixed costs of transportation, and the penalty for shortage of blood; the
second objective minimizes the transportation time of moving the blood from the collection centers to the blood
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Table 1. Literature review of relief distribution problems.
Reference

# Obj Objectives

Case study

Abounacer et al. [1]

3

–

Ahmadi et al. [2]

1

Balcik and Beamon [3]
Barzinpour and Esmaeili [4]

1
3

Beiki et al. [6]

3

Bozorgi Amiri et al. [7]

2

Burkart et al. [8]

2

Chanta and Sangsawang [10]

2

Doerner et al. [14]

3

Döyen et al. [15]

1

Geng et al. [18]

2

Gutjahr and Dzubur [19]

2

Hu and Sheu [22]

3

Huang et al. [23]

3

Khalilpourazari and Khamseh [26] 2
Khayal et al. [27]

1

Koyuncu and Erol [29]

3

Liberatore et al. [30]

3

Moreno et al. [34]

2

Naji Azimi et al. [35]
Nayeri et al. [36]

1
2

Noham and Tzur [37]
Nolz et al. [38]

1
3

Min
Min
Min
Min

duration of transportation
agents needed to operate the depots
uncovered demand
time, penalizations, and fixed costs

Max covered demand
Max population covered
Min opening costs
Min transportatin costs
Min Response times
Min operative costs
Max route reliability
Min logistics costs
Min max shortages of demand
Min opening and transportation costs
Min wasted and unsatisfied demand
Max sheltered people
Min traveling distances
Min number of stops and route duration
Min traveled distance to reach a bus stop
Min population far from the routes
Min weighted sum of costs and shortage
penalty
Max suitability of shelters (first stage)
Min distance (first stage)
Min number of shelters (second stage)
Min distance (second stage)
Min opening costs
Min uncovered demand
Min logistics costs
Min risk
Min psicological damage
Max a utility function from saving lifes
Min delay cost
Min the disbalance of distributed aid
Min supply chain’s costs
Min response time
Min logistics and penalizations costs

Earthquakes in San Francisco,
California
639 earthquakes around the world
Earthquakes in Iran

–

Earthquakes in Iran
Floods in Xai-Xai, Mozambique
Floods in Nonthaburi, Thailand
Health services in Thies, Senegal

–
Earthquake in Chengdu, China

Disaster relief in Thies, Senegal
Earthquake in Sichuan, China

Earthquake in Sichuan, China

Blood supply in Iran
Distribution network in South Carolina,
USA
Pandemic influenza in Turkey

Min deaths due to influenza
Min number of influenza cases
Min number of morbid days in a pandemic
Max covered demand
Earthquake in Haiti
Min max distance of the attributes
Min sum of distances of the attributes
Min unsatisfied demand
Floods in Rio de Janeiro,
Brazil
Min logistics costs
Min traveled distance
–
Min completion time of tasks
–
Min time of relief operations
Max distributed aid
Earthquake in Israel
Min risk
Earthquake in Manabi,
Ecuador
Min distance from distant populations
Min traveling time
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Table 1. continued.
Reference

# Obj

Objectives

Case study

Ortuño et al. [41]

2

Food distribution in Nigeria

Praneetpholkrang et al. [43]

3

Rath and Gutjahr [44]

3

Min
Min
Min
Min
Min
Min

deviation of the expected products
deviation of the planed routes
operative costs
evacuation time
number of shelters
strategical costs

Min operational costs
Max covered demand
Min weighted response times
Min operational and penalizations costs
Min costs
Min max lack of compliance (equity)
Min weighted sum unsatisfied needs

Rezaei et al. [46]

2

Rodrı́guez-Espı́ndola et al. [47]

2

Rottkemper and Fischer [48]

1

Rottkemper et al. [49]

2

Sheu and Pan [50]

3

Min unsatisfied demand
Min operational costs
Min operational costs

Tricoire et al. [51]

2

Min traveling distances
Min psicological costs
Min opening and transportation costs

Tzeng et al. [52]

3

Vahdani et al. [54]

3

Wang et al. [55]

3

Zhang et al. [57]

1

Min uncovered demand
Min operational and transportation costs
Min travel time
Max satisfaction
Min storage costs
Min vehicle travel time
Max route reliability
Min max time of the routes
Min distribution costs
Max min realibility of the routes
Min transportation and deprivation costs

Floods in Surat, Thailand

Distribution network in
Manabi, Ecuador

Earthquake in Teheran, Iran
Floods in Acapulco, Mexico
Malaria epidemic in Central
Africa
Malaria epidemic in Burundi
Floods in Linbian and
Jiadong, Taiwan

Relief operations in Thies,
Senegal
Earthquake in Taiwan

–

Earthquake in Sichuan, China

Hurricanes in USA

centers. In that paper, a mobility radius is also considered when deciding where to place the temporary blood
collection centers, which is a similar situation to the one presented in our paper. However, Khalilpourazari
and Khamseh [26] consider both the transportation cost and the transportation time in two different objective
functions, which may not necessarily be in conflict. Also, in Rezaei et al. [46], the two objective functions are:
the minimization of the weighted average response time in certain possible scenarios of earthquakes, and the
minimization of the cost of establishing warehouses, the penalty for unused goods, the penalty for uncovered
demand, the cost of removing perished goods from the warehouse, the cost of buying new goods, the cost
of transporting the goods from the suppliers to the warehouse, minus the revenue from selling goods that
have a certain lifespan left and the shortage of goods in the pre-disaster period. Also, an equity parameter is
considered in its constraints, similar to the one considered in our model. The main difference is that Rezaei
et al. [46] focus mainly on the pre-disaster stage of emergency logistics instead of the relief distribution stage.
Recently, the study of Geng et al. [18] addresses a two-stage optimization approach of shelter allocation. The
first stage is a bi-objective problem that determines the type-and-location of emergency shelters in multiple

1742
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planning periods, optimizing the suitability of the emergency shelters and the distance travelled by evacuees
and delivered materials. The second stage determines the location of short-term shelters, the product flow from
distribution centers to shelters, minimizing the distance of product flow and the number of shelters. The solution
is limited to constraints of demand satisfaction, budget, capacity of shelters and distribution centers. The major
differences with our problem are that we assume a single-stage single-planning period, and scenarios of natural
or human-caused disasters with limited aid (i.e., there is no demand satisfaction), which is a handicap for a
direct comparison between both models. Finally, Beiki et al. [6] also present a location-and-routing problem
to allocate temporary healthcare centers and to deliver pharmaceutical commodities. The problem optimizes
response times, operational costs, and route reliability. The authors implement a commercial solver on a small
randomly-generated instance. Finally, Nayeri et al. [36] address a bi-objective location-and-scheduling problem
for relief teams in humanitarian logistics to minimize the completion time of a set of incidents and the weighted
tardiness of relief operations. The problem includes different completion times for each pair incident-team and
time windows to attend the incidents. The authors implement a NSGA-II and a Particle Swarm Optimization
algorithm, where numerical results exhibit similar performance of both algorithms while evaluating them with
different multi-objective metrics.
In Gutjahr and Dzubur [19], a bi-level bi-objective model is proposed. In the upper level, the two objective functions consist of minimizing the cost of opening the distribution centers and minimizing the uncovered
demand are considered. Meanwhile in the lower level, an equilibrium is found when allocating users to distribution centers under the consideration of congestion. In that model, it is assumed that people decide from which
distribution center they are collecting the aid. The latter supports our assumption that people are in charge of
retrieving required aid, thus, distribution costs are associated with that decision.
Finally, mono-objective problems are studied in Ahmadi et al. [2] and Wang et al. [56]. Ahmadi et al. [2]
minimize the distribution time, the penalty for uncovered demand, and the fixed costs of opening local depots.
The two objective functions of our interest are considered in that objective function. Because of the conflicting
behavior of response time and costs, a single objective function might modify the Pareto front of the nondominated solutions. In Döyen et al. [15], a two-echelon-stochastic location problem to minimize a total cost
in terms of location, transportation of products, inventory, and product shortage is addressed. The authors
implement a Lagrangian heuristic with a local search. Numerical results show that the proposed solution method
can obtain good solutions for randomly generated instances (up to 50 relief centers and 800 demand points)
in short computational times. Balcik and Beamon [3] present a facility location problem in case of disaster
with the objective of maximizing the covered demand. The authors present a model based on the maximal
covering location problem that considers the facility location, the inventory decisions, and capacity constraints.
Then, they analyze the results obtained from the application of the model over different earthquakes around the
world and evaluate the economic impact of the strategies presented in their work. Finally, the study of Zhang
et al. [57] present a stochastic location problem to optimize the weighted sum of transportation and deprivation
costs (in terms of the demand satisfaction and delivery time). The authors implement a commercial solver to
generate solutions for instances based on data from Rawls and Turnquist [45] about cities affected by hurricanes.
Numerical results show slight differences in the location of facilities while varying the amount of demand in
affected zones.

3. Mathematical model
Let us suppose that a natural disaster occurs and several affected zones need to receive aid. Usually, affected
individuals retrieve the aid in community spaces, such as schools, main squares, or places of worship. The aid
is consolidated from collection centers. In these situations, it is important for the affected individuals (grouped
in demand zones) to receive the aid as soon as possible. However, sometimes it is also necessary for government
or humanitarian organization to minimize the cost of operating the temporary distribution centers. The latter
is motivated by the limited budget that usually is assigned in this type of disasters. In response, we define
a problem to determine the distribution centers location to satisfy a minimum fraction of the demand. This
situation can be mathematically modeled as a bi-objective optimization problem, in which the first objective
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is to minimize the time to send the aid from the temporary distribution centers to the demand zones, and the
second objective is to minimize the cost of operating the located temporary distribution centers.
The model is described as follows: let 𝐼 be the set of potential temporary distribution centers that an
overlooking organism can operate, and let 𝐽 be the set of all demand zones that need to receive the aid.
Consider the parameter 𝑡𝑖𝑗 as the time it takes to retrieve the aid from a temporary distribution center 𝑖 ∈ 𝐼
and send it to a demand zone 𝑗 ∈ 𝐽 and the parameter 𝑐𝑖 is the cost of operating the temporary distribution
center 𝑖 ∈ 𝐼. In this problem, it is considered that the individuals grouped in the demand zones travel to receive
aid from the temporary distribution centers. Hence, the transportation cost is not assumed by the government
or humanitarian organization. Recall that the demand zones consider a mobility radius. Hence, let 𝐴(𝑗) be the
set of temporary distribution centers 𝑖 ∈ 𝐼 that are within the a maximum distance 𝑡max from the demand zone
𝑗 ∈ 𝐽. In this problem, it is also assumed that the aid needed per demand zone is known and that temporary
distribution centers have a certain carrying capacity. Therefore, the parameter 𝑑𝑗 is the aid needed in a demand
zone 𝑗 ∈ 𝐽, and 𝑞𝑖 is the aid available in a temporary distribution center 𝑖 ∈ 𝐼. Additionally, consider the equity
parameter 𝛼𝑗 as the minimum aid that a demand zone 𝑗 ∈ 𝐽 must receive; this parameter is introduced in order
to avoid neglecting a demand zone.
The decision variables for the bi-objective problem are:
{︃
1 if temporary distribution center 𝑖 is opened
𝑦𝑖 =
0 otherwise
𝑥𝑖𝑗 : fraction of the demand of demand zone 𝑗 ∈ 𝐽 that is allocated to the
temporary distribution center 𝑖 ∈ 𝐼.
Additionally, to properly compute the travel time, the following auxiliary variables are considered:
{︃
1 if 𝑥𝑖𝑗 ≥ 0
𝑧𝑖𝑗 =
0 otherwise.
Then, the proposed bi-objective programming model is defined as follows:
∑︁ ∑︁
min
𝑡𝑖𝑗 𝑧𝑖𝑗

(3.1)

𝑖∈𝐴(𝑗) 𝑗∈𝐽

min

∑︁

𝑐𝑖 𝑦𝑖 .

(3.2)

𝑖∈𝐼

Subject to:
∑︁

𝑥𝑖𝑗 ≥ 𝛼𝑗

∀𝑗 ∈ 𝐽

(3.3)

𝑥𝑖𝑗 ≤ 1

∀𝑗 ∈ 𝐽

(3.4)

∀𝑖 ∈ 𝐴(𝑗), 𝑗 ∈ 𝐽

(3.5)

∀𝑖 ∈ 𝐴(𝑗)

(3.6)

𝑥𝑖𝑗 ≤ 𝑧𝑖𝑗

∀𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽

(3.7)

𝑥𝑖𝑗 ≥ 0

∀𝑖 ∈ 𝐴(𝑗), 𝑗 ∈ 𝐽

(3.8)

𝑦𝑖 ∈ {0, 1}

∀𝑖 ∈ 𝐼

(3.9)

𝑧𝑖𝑗 ∈ {0, 1}

∀𝑖 ∈ 𝐴(𝑗), 𝑗 ∈ 𝐽.

𝑖∈𝐴(𝑗)

∑︁
𝑖∈𝐴(𝑗)

𝑥𝑖𝑗 ≤ 𝑦𝑖
∑︁
𝑑𝑗 𝑥𝑖𝑗 ≤ 𝑞𝑖
𝑗∈𝐽

(3.10)
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The bi-objective problem is defined in (3.1)–(4.10). The first objective function (3.1) minimizes the time in
which demand zones receive the aid from the temporary distribution centers that are within their mobility radius.
On the other hand, the second objective function (3.2) minimizes the cost of operating the opened temporary
distribution center. This bi-objective problem looks for the solutions that minimize the response time and the cost
of opening the distribution centers, simultaneously. The constraints of the model are given by (4.3)–(4.10). The
first constraint ensures that each demand zone 𝑗 ∈ 𝐽, receives at least the minimum percentage of its total aid
needed. Additionally, a demand zone 𝑗 ∈ 𝐽 cannot receive more aid than the one it needs, as expressed in (4.4).
Inequality (4.5) specifies that a demand zone 𝑗 ∈ 𝐽 can only receive aid from a temporary located distribution
center 𝑖 ∈ 𝐴(𝑗). The expression in (4.6) limits the aid supplied by a temporary distribution center 𝑖 ∈ 𝐴(𝑗) to
the available aid in that specific temporary distribution center. The inequality (4.7) links the variable 𝑥𝑖𝑗 to the
auxiliary variable 𝑧𝑖𝑗 . Finally, constraints (4.8)–(4.10) state the nature of the decision variables.

4. Proposed solution approaches
4.1. AUGMECON method
The AUGMECON method developed to find the Pareto front of this problem is presented. This is an exact algorithm proposed by Mavrotas [33] devoted to solve multi-objective optimization problems. AUGMECON method
it is based on the 𝜀-constraint method, which selects an objective function to be optimized and relaxes the other
objective functions in order to obtain a mono-objective formulation. Then, the resulting model is solved iteratively while varying the parameter 𝜀, in order to obtain the set of non-dominated solutions. The rationale behind
that method is to bound the relaxed objective functions. Nevertheless, the main difference of AUGMECON with
respect to 𝜀-constraint, is that AUGMECON penalizes the relaxed objective functions in such a way that allows
to obtain strong non-dominated solutions. In other words, that the associated value of a solution must be strictly
better than the corresponding values in the other ones, in at least one objective function.
Recently, AUGMECON method has been implemented to provide solutions for bi-objective location-andinventory problems within a context of supply chains [36]. Hence, to develop this method, the following monoobjective formulation is obtained by relaxing the objective function given by equation (3.1), and it is penalized
by the value shown in equation (4.1).
(︁ 𝜀 )︁
∑︁
(MHM(B))
min
𝑐𝑖 𝑦 𝑖 −
𝑆.
(4.1)
𝑟
𝑖∈𝐼

Subject to:
∑︁ ∑︁

𝑡𝑖𝑗 𝑧𝑖𝑗 + 𝑆 = 𝐵

(4.2)

𝑖∈𝐴(𝑗) 𝑗∈𝐽

∑︁

𝑥𝑖𝑗 ≥ 𝛼𝑗

∀𝑗 ∈ 𝐽

(4.3)

𝑥𝑖𝑗 ≤ 1

∀𝑗 ∈ 𝐽

(4.4)

∀𝑖 ∈ 𝐴(𝑗), 𝑗 ∈ 𝐽

(4.5)

∀𝑖 ∈ 𝐴(𝑗)

(4.6)

𝑥𝑖𝑗 ≤ 𝑧𝑖𝑗

∀𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽

(4.7)

𝑥𝑖𝑗 ≥ 0

∀𝑖 ∈ 𝐴(𝑗), 𝑗 ∈ 𝐽

(4.8)

𝑦𝑖 ∈ {0, 1}

∀𝑖 ∈ 𝐼

(4.9)

𝑧𝑖𝑗 ∈ {0, 1}

∀𝑖 ∈ 𝐴(𝑗), 𝑗 ∈ 𝐽

𝑖∈𝐴(𝑗)

∑︁
𝑖∈𝐴(𝑗)

𝑥𝑖𝑗 ≤ 𝑦𝑖
∑︁
𝑑𝑗 𝑥𝑖𝑗 ≤ 𝑞𝑖
𝑗∈𝐽

(4.10)
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where 𝐵 and 𝑆 represent a bound and a slack variable, respectively. In equation (4.2), the response time is
included as constraint. In addition, 𝑟 is defined by the range of equation (3.1), and 𝜀 is a small parameter, which
is usually between 10−6 and 10−3 . We consider a 𝜀 = 10−5 and 𝑟 = UB − LB, where UB and LB are the upper
and lower bounds of the objective function (3.1), repectively. The value of the bounds is computed by using a
lexicographical optimization approach.
Algorithm 4.1 describes the AUGMECON method. The function Compute Bounds() obtains the upper and
lower bounds for equation (3.1). Solve() computes the solution of problem MHM for the value 𝐵 and indicates
if the problem is feasible or not. Add() incorporates the solution to the Pareto front, and Get f1() evaluates the
solution in equation (3.1).

Algorithm 4.1. AUGMECON.
Require: Problem data, UB and LB
Ensure: Pareto Frontier PF
1: PF ← ∅
2: (UB, LB) ← Compute Bounds()
3: 𝐵 ← UB
4: 𝐹 𝑒𝑎𝑠 ← True
5: while 𝐹 𝑒𝑎𝑠 do
6:
(𝑆𝑜𝑙, 𝐹 𝑒𝑎𝑠) ← Solve(MHM(𝐵))
7:
if 𝐹 𝑒𝑎𝑠 then
8:
PF ← Add(𝑆𝑜𝑙)
9:
𝐵 ← Get f1(𝑆𝑜𝑙)
10:
𝐵←𝐵 − 1
11:
end if
12: end while
13: return PF

4.2. A bi-objective genetic algorithm
Due to the high degree of complexity that location problems suppose, it is convenient to consider populationbased metaheuristics when looking for solutions. Even though there exist exact optimization techniques, it
may require long computational times that are not ideal for the immediate response needed in humanitarian
logistics. On the other hand, metaheuristics provide other feasible solutions that may have been overlooked by
exact optimization tools. To demonstrate the effectiveness of metaheuristics, some of the papers that use those
techniques to solve multi-objective humanitarian logistics problems are cited.
For example, in Ahmadi et al. [2], a variable-neighborhood search algorithm to find solutions to the monoobjective problem of minimizing the distribution time, penalties, and fixed costs of opening distribution centers
is designed. The differences between the model presented by Ahmadi et al. [2] have been outlined previously. In
Nolz et al. [39], a memetic algorithm is used to solve a multi-objective relief distribution tour in which the main
goal is to minimize the risk of the tour, minimize the traveling time, and minimize the total distance between
population centers and the facilities set up. Like the model presented in this paper, Nolz et al. [39] considers
the mobility of the population as a key part of the model. In Wang et al. [55], the NSGA-II is used to solve
their proposed problem; the differences between their model and the one presented in this paper also have been
already outlined.
Given the results in the aforementioned papers and given that our proposed model is solving a location
problem, a genetic algorithm is chosen to efficiently approximate the Pareto front in order to provide support
in the decision-making process. A genetic algorithm is based on the biological process of DNA crossover and
mutation in reproduction (see [31]). An overall description of a genetic algorithm is as follows: given an initial
population of size 𝑁 , the individuals of the population are measured regarding their fitness to survive on to
the next generation; if they are fit, they crossover with a different individual of the population. From this
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crossover a given offspring will mutate with certain probability. After this process is completed, the offspring is
incorporated to the main population and some existing individuals of the previous population are eliminated.
This metaheuristic algorithm allows us to eventually come up with the most successful solutions for a particular
problem.
The following are the main steps that conform the genetic algorithm.
– Codification and initial population. For the initial population, a random number 𝑛 between 1 and
the total number of available temporary distribution centers is generated. Afterwards, the 𝑛 temporary
distribution centers are randomly selected. This information is stored in an individual 𝑦 of size equal to
the available temporary distribution centers; if the temporary distribution center 𝑖 is opened, then 𝑦𝑖 = 1;
otherwise, 𝑦𝑖 = 0. Because the cost of opening the temporary distribution centers can be implicitly computed
from ∑︀
an individual,
the unique objective function that can be minimized is the response time function
∑︀
𝑓1 = 𝑖∈𝐴(𝑗) 𝑗∈𝐽 𝑡𝑖𝑗 𝑧𝑖𝑗 . If a feasible solution exists for a certain individual 𝑦, the individual is stored in
the initial population alongside its corresponding minimized value (fitness) for 𝑓1 ; if there is not a feasible
solution, then the individual is discarded. The creation of individuals and minimization of 𝑓1 is repeated
until there are 𝑁 individuals in the initial population.
– Crossover. The most successful individuals are those who are non-dominated. For each individual in the
population, a random value between 0 and 1 is selected. If the number is less or equal than the fixed crossover
probability, the individual is combined with one of the non-dominated individuals. A single-point crossover is
considered, that is, a random position 𝑘 in the individual is selected and two offspring result from splitting
the individuals in the 𝑘-th position.
– Mutation. For each offspring, a random number between 0 and 1 is selected. If the number is less or equal
than a fixed mutation probability, then a random position 𝑘 of the opened distribution centers is selected for
mutation. In this order, the distribution center is closed, if the corresponding problem is feasible the solution
is stored to update the population.
– Selection. From the population obtained after the genetic operators phase, the non-dominated individuals
are added to the new population. To avoid repetition, each individual has its own Hash value assigned.
If there are still less than 𝑁 individuals in the population, then random solutions are selected from the
dominated offspring or from the dominated original population. The latter is performed to maintain the size
of the population and to include diversity.
– Stopping criteria. If there are not any new non-dominated individuals added to the population for a
predefined number of generations, the genetic algorithm stops.

5. Computational results
In this section, the experimental results obtained by the AUGMECON method and the bi-objective genetic
algorithm over a set of instances generated with real data of the last earthquake occurred in Mexico City are
presented. In this order, the solutions obtained from the exact method will be considered to measure the quality
and the efficiency of the results obtained by the metaheuristic. Moreover, the exact and approximated Pareto
fronts obtained are compared in a fair manner. Both algorithms are coded in C++ using the libraries of CPLEX
12.10 to solve the reduced optimization problem when fixing 𝑦 variables. The experimentation is conducted on
a computer with an Intel Core i9 processor at 4.70 GHz with 64 GB of RAM.

5.1. Case study and random generated instances
Data of the earthquake occurred on 19th of September, 2017 in Mexico City are used to generate instances
of our problem. The epicenter of this phenomena occured in the Cocos Plate at a depth of 57 kilometers, and
it was responsible for at least 291 deceased, 2614 injured (reported by health services), and significant damage
to infrastructure and service networks (see [40]). The study of Cruz Atienza et al. [12] states that 32 times
more energy was produced during the earthquake on September 19th in 1985. However, there were still many
affected areas in Mexico City since the epicenter of the earthquake in 2017 was closer to the urban area and
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Figure 1. Location of affected areas and centers to collect aid in Mexico City due to the
earthquake from 19th of September of 2017 (map generated using data from Datos Abiertos
c
[13] and ○openstreetmaps
contributors).
to the soil surface comparing to earthquake in 1985. Moreover, Mexico City is located in a “soft” soil, which
promotes high acceleration rates in the top of buildings with more than seven floors. Due to the violent soil
movements during the earthquake, some of them collapsed. It is important to highlight that the information
about acceleration rates of the buildings, the coordinates of some affected zones, and reports of missing persons
were available just a few minutes after the earthquake occurred. The latter is critical in the decision-making
process of humanitarian relief for allocating shelters, providing health services, distributing aid kits, rescuing
activities, among others.
Detailed information related to the earthquake is available in Datos Abiertos [13]. Due to our proposed
optimization problem nature, we focus on the location and number of affected individuals near the Central
District of Mexico City. These data are used to evaluate a potential practical implementation of our methodology.
Figure 1 shows a map with the affected zones represented with blue circles and the location of shelters denoted
with red crosses. Notice that the selected affected zones are in the south region of Mexico City.
Therefore, 14 instances based on the affected areas in Mexico City are generated. The input data considered
for the instance generator are the coordinates and the population of each demand centroid 𝑗 ∈ 𝐽 (obtained
from [13]), a mobility radius, the set of locations used as centers to collect aid in the case study, and a number
𝑛 of generated locations of potential facilities. Then, 𝑛 demand centroids are randomly chosen as locations for
temporary distribution centers. Next, demand centroids with no access to their demand regarding the distances
to locations and the mobility radius are removed. Finally, the capacity regarding each location 𝑖 ∈ 𝐼 is generated
as a fraction 𝑓 of the total potential demand considering the centroids with access to location 𝑖 ∈ 𝐼. Generated
instances are divided into four different classes A, B, C, and D, in terms of the number of locations 𝑛, the
coverage radius, and the fraction of demand. Table 2 details the instances classes and their parameters to
represent different scenarios on a region affected by the earthquake, where the demand is set as the population
for each demand zone.
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Table 2. Classes of randomly generated instances based on real data of the case study.
Instance

𝑛

Coverage
radius

Fraction
of demand

A1
A2
A3
B1
B2
B3
B4
C1
C2
C3
D1
D2
D3
D4

0
0
0
10
10
10
10
10
10
10
20
40
60
80

5
10
20
10
10
10
10
10
20
30
10
10
10
10

0.5
0.5
0.5
0.2
0.4
0.6
0.8
0.5
0.5
0.5
0.5
0.5
0.5
0.5

Notice that instances A only consider the locations of temporary distribution centers in the case study and a
constant “fraction of demand”, but different values for the coverage radius are used. Thus, those instances focus
on different mobility parameters while individuals are searching for humanitarian aid. Instances type B focus
on the effect of demand deprivation for affected individuals since the “fraction of demand” is varied. Instances
C consist of scenarios with different coverage radius and more potential location sites compared to the real case.
Finally, instances D represent scenarios with a large number of locations for facilities and a constant coverage
radius.
It is important to emphasize that the datasets generated and analyzed during the current study are available
from the corresponding author on reasonable request. Now, the numerical results of solving the generated
instances by implementing our proposed solution approaches are presented.

5.2. Numerical results
To measure the quality of the Pareto fronts obtained by the AUGMECON method and by the genetic
algorithm, the following metrics are used (see [32, 58], for further details).
– N Sols: the number of solutions in the approximated Pareto front.
– 𝑘-distance: a density measure based on the distance between each non-dominated solution and its 𝑘-th
nearest neighbors. We consider 𝑘 = 4, and the average of those distances is reported.
– SSC: the size of the space covered, which is computed as the area of the polytope formed by the solutions
in the front and the axis in the objective space.
– 𝐶(𝐹, 𝐹 ′ ): a coverage measure that represents the fraction of solutions in the set 𝐹 ′ that is dominated by or
equal to the solutions in the set 𝐹 . This measure is computed as follows:
𝐶(𝐹, 𝐹 ′ ) =

|𝑓 ′ ∈ 𝐹 ′ ; ∃𝑓 ∈ 𝐹 : 𝑓 ⪰ 𝑓 ′ |
,
|𝐹 ′ |

where a value of 𝐶(𝐹, 𝐹 ′ ) = 1 indicates that all the solutions in 𝐹 ′ are dominated by or equal to the solutions
in 𝐹 .
The obtained results for the AUGMECON method are presented in Table 3. When a “–” appears, is due to
the lack of solutions in the Pareto front to compute this measure. Column “N Sols” show the average number
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Table 3. Results of the AUGMECON algorithm.
Instance

N sols

SSC

𝑘-dist

Time (s)

A1
A2
A3
B1
B2
B3
B4
C1
C2
C3
D1
D2
D3
D4

25.00
70.00
2.00
5.00
10.00
7.00
53.00
10.00
2.00
6.00
2.00
13.00
6.00
3.00

12 529 996.46
14 427 283.04
7 911 866.23
10 536 639.76
10 662 297.80
10 535 551.52
11 352 020.28
10 662 172.51
5 213 195.96
5 847 960.83
10 030 231.39
10 322 652.44
9 079 981.39
6 977 205.72

3617.83
2173.44
–
91.81
199.71
185.85
812.22
326.19
–
1126.37
–
96.87
70.33
–

16.96
7250.08
7221.27
7267.98
11 110.50
7764.37
7512.73
7891.86
7203.23
7820.99
7222.13
12 432.50
7313.24
10 116.00

Table 4. Average results of the genetic algorithm.

Instance
A1
A2
A3
B1
B2
B3
B4
C1
C2
C3
D1
D2
D3
D4

N sols
12.8
21.2
30.2
24.6
27.9
24.5
25.7
23.9
27.3
34.9
29.4
36.6
42.8
41.7

10 generations
SSC
𝑘-dist
25 694 088.52
4943.304761
57 541 726.99
13 793.20848
122 016 989.2
28 413.78336
11 963 827.61
28 928.19075
25 390 467.46
26 339.60021
14 826 305.9
24 474.33951
10 648 108.15
23 343.75707
18 536 643.9
26 313.4195
156 191 867.2
36 412.58572
307 055 243.9
40 178.50327
53 570 267.43
32 975.08974
91 974 852.74
44 117.26895
157 030 676.7
56 427.20635
152 883 891.5
62 363.07728

Time (s)
65.95
39.85
120.09
58.25
55.49
54.80
54.53
56.34
148.26
253.30
69.07
116.17
143.36
178.95

Genetic algorithm
25 generations
N sols
SSC
𝑘-dist
11.00
18 425 298.26
3519.50
22.70
48 610 716.60
13 478.75
38.60
58 897 536.28
29 296.64
35.40
1 337 650.19
27 080.77
37.40
5 880 468.38
26 596.21
33.30
11 366 960.45
26 175.07
34.70
2 544 935.89
27 054.91
34.60
23 676 674.31
24 662.33
43.70
145 025 008.33
35 843.46
41.40
307 634 944.12
36 812.14
43.00
45 461 455.87
30 247.28
47.40
104 409 510.94
42 854.41
55.60
194 502 979.32
54 245.81
60.00
268 373 506.19
66 063.40

Time (s)
129.22
79.12
216.54
109.79
112.69
111.57
107.33
114.21
268.12
448.58
134.97
218.61
259.10
304.05

N sols
14.60
22.70
48.60
44.20
46.40
43.40
44.10
42.20
52.40
53.60
48.50
57.40
67.20
71.00

50 generations
SSC
𝑘-dist
16 318 460.96
3014.16
48 227 664.31
9490.28
38 163 215.14
26 187.26
13 840 544.33
23 460.53
8 510 335.94
24 229.46
20 854 387.30
25 001.70
136 075.30
21 375.81
3 730 176.74
25 124.02
124 464 090.68
34 312.07
317 263 335.16
36 498.07
34 200 378.00
29 756.49
113 875 003.36
40 803.69
245 779 964.78
55 037.39
247 705 875.62
66 312.37

Time (s)
207.03
144.91
359.68
212.41
197.92
199.64
198.16
204.04
481.32
762.17
252.54
357.03
413.23
475.16

of solutions in the Pareto front, while column “SSC” exhibit the mean value of the size of the space covered ;
column “𝑘-dist” show the average of the density measure; and finally, required computational times, in seconds,
are presented in column “Time (s).”
On the other hand, the results reported from the genetic algorithm are summarized. It is important to mention
that, due to stochasticity involved in this metaheuristic, ten runs for each instance are executed. Also, different
stopping criteria, in terms of the number of generations (10, 25, and 50), are tested. Additionally, crossover and
mutation probabilities are fixed to 0.4 and 0.2, respectively. Table 4 presents the average results for the genetic
algorithm. Recall that approximations of the Pareto front are obtained under this approach, and the average
results of the ten runs is reported.
A direct comparison between the AUGMECON method and the genetic algorithm with 50 generations as
stopping criterion is presented. In summary, the genetic algorithm gets 206.68% more non-dominated solutions
than the AUGMECON, and the genetic algorithm uses only 4.12% of the total average time required by the
AUGMECON. The values of SSC obtained by the genetic algorithm lead to a relative average improvement of
806.07%, compared to the results related to the exact method. However, it is worthy to mention that for instance
A2 the AUGMECON is able to obtain almost three times more solutions. Consequently, the space covered and
the 𝑘-distance measures are significantly better in that specific instance. For instance A3, the AUGMECON
obtained only two solutions within 2 h, whilst the genetic algorithm obtains 48.60 solutions in average.
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Table 5. Example of the 𝐶(𝐹, 𝐹 ′ ) measure for the instance A1.
𝐹′
𝐹

𝐹1

𝐹2

𝐹3

𝐹4

𝐹5

𝐹6

𝐹7

𝐹8

𝐹9

𝐹10

𝐹1
𝐹2
𝐹3
𝐹4
𝐹5
𝐹6
𝐹7
𝐹8
𝐹9
𝐹10

1.00
1.00
0.86
0.00
0.00
0.00
1.00
0.43
0.29
0.14

0.06
1.00
0.39
0.00
0.00
0.00
0.50
0.22
0.00
0.00

0.00
0.35
1.00
0.00
0.00
0.00
0.59
0.18
0.06
0.06

0.82
1.00
0.94
1.00
0.06
0.18
0.94
0.71
0.71
0.35

1.00
1.00
1.00
0.92
1.00
0.42
1.00
1.00
0.92
0.75

1.00
1.00
1.00
0.67
0.53
1.00
1.00
0.80
0.60
0.87

0.00
0.24
0.35
0.06
0.00
0.00
1.00
0.18
0.12
0.06

0.50
0.75
0.75
0.25
0.00
0.25
0.75
1.00
0.13
0.25

0.59
1.00
0.94
0.29
0.00
0.29
0.94
0.47
1.00
0.47

0.64
1.00
0.91
0.18
0.00
0.00
0.91
0.55
0.36
1.00

Regarding the density measure 𝑘-distance, a significantly higher average value using the genetic algorithm
is obtained. However, in the case of instance A1, the AUGMECON is able to improve this measure in 20.02%.
Therefore, running the genetic algorithm multiple times is a typical procedure to improve the density measure.
Similarly, other measures can also be improved. Note that the “best approximations” obtained by the genetic
algorithm are significantly better than the Pareto fronts obtained by the AUGMECON, those results are visually
presented in the next section.
It is important to mention that although the presented findings from comparing the AUGMECON versus the
genetic algorithm with 50 generations, a similar behavior remains when the genetic algorithm uses a different
number of iterations.
5.2.1. Identifying the best approximations of the Pareto front
Besides comparing the average values of the different measures, the “best approximation” of the Pareto front
for each instance among each algorithm multiple runs is identified. In particular, the coverage metric 𝐶(𝐹, 𝐹 ′ ) is
used to determine the approximation with the largest number of non-dominated solutions. For example, Table 5
shows the coverage measure 𝐶(𝐹, 𝐹 ′ ) for all pairs (𝐹, 𝐹 ′ ) of approximations of the Pareto front obtained by
using the genetic algorithm with 10 generations on instance A1. Notice that 𝐶(𝐹3 , 𝐹2 ) = 0.39 indicates that
39% of the solutions in approximation 𝐹2 are dominated by the approximation 𝐹3 .
As a result, the “best approximation” 𝐹𝑖 may be the one with the minimum measure in its respective column
in Table 5. However, some of these approximations have only few solutions. In response, the following ratio
is used to identify the best run 𝑖* , considering a trade-off between the coverage measure and the number of
solutions in the approximation.
(︃ ∑︀
)︃
𝐶(𝐹
,
𝐹
)
𝑗
𝑖
𝐹
∈𝐹
𝑗
𝑖* = arg min
(5.1)
|𝐹𝑖 |
𝐹𝑖 ∈𝐹
It is convenient to point out that 𝐹 represents the set of all the approximations obtained with one of the
implemented algorithms for a specific instance. In case of instance A1, a value of 𝑖* = 3 is obtained with formula
(5.1), i.e., the best approximation of the Pareto front is obtained in the third run (see brown plot in Fig. 2).
5.2.2. AUGMECON method versus Genetic algorithm
Once that the best approximation for each pair (instance and variant of the genetic algorithm) has been
identified, an analogous procedure is used to determine the best variant of the genetic algorithm for each
instance. For example, considering the coverage measure 𝐶(𝐹, 𝐹 ′ ) with the best approximations obtained by
the genetic algorithm using 10, 25, and 50 generations. However, results indicate that, for all the instances, the
best variant of the implemented genetic algorithm is the one that considers 50 generations.
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Figure 2. Approximations of the Pareto front for instance A1 obtained with the genetic
algorithm with 10 generations.
Table 6. Comparison between the best approximations obtained with the AUGMECON and
genetic algorithms.
Instance

A1

A2

A3

B1

B2

B3

B4

C1

C2

C3

D1

D2

D3

D4

C(AUGMECON, Gen50) 0.65 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.07 0.02 0.00 0.00 0.00 0.00
C(Gen50, AUGMECON) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Finally, a fair comparison between both implemented approaches can be done. Table 6 shows a comparison
between the best solution found with the AUGMECON method and the genetic algorithm with 50 generations,
in terms of the coverage measure. As expected, the AUGMECON solutions are non-dominated. However, the
first row indicates that the genetic algorithm generates complementary solutions for this problem. The biggest
difference can be seen in the instance A1, where the Pareto front obtained by the AUGMECON dominates the
65% of the solutions in the Pareto front of the genetic algorithm.
Figure 3 presents an example of the latter comparison for instance C2. As shown in Table 6, the best
approximation obtained with the genetic algorithm with 50 generations (see Gen50 in the blue plot) provides
many non-dominated points, while the Pareto front obtained by the AUGMECON method (see red plot) finds
a point that only dominates three points given by the genetic algorithm. The appendix shows analogous plots
for all the instances considered for the Mexican case study.
In general, obtained numerical results indicate that the genetic algorithm has a more robust behavior to find
better approximations of the Pareto front considering different measures such as coverage, space covered, and
density.
Indeed, the quality of the AUGMECON can be improved by using a large amount of computational time.
Alternative experimentation shows that using a stopping criterion of 24 h leads to significant improvement in the
quality of the approximation of the Pareto front for 20% of the 14 randomly generated instances. However, this
option should be carefully considered since we are dealing with a decision problem in humanitarian relief, where
shorter computational times are desired. In contrast, the proposed genetic algorithm is a non-deterministic
method that requires short computational times (approximately 5 min in average among all instances A–D);
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N.A. HERNÁNDEZ-LEANDRO ET AL.

Figure 3. Pareto fronts obtained for the instance C2.
thus, we can implement a multi-start approach with the genetic algorithm and consider the union of the
approximations obtained for each run. Notice that this approach will lead to significantly better results, as
it is shown in Figure 2, but using a significant less amount of computational time.

5.3. Implementing our model into a different case study
Since we are dealing with a location problem that can be implemented in different humanitarian relief
scenarios, we consider another case study. In particular, we use the case study of Rawls and Turnquist [45] and
Zhang et al. [57], which involves 30 cities affected by hurricanes in the southeastern USA.
To design our instances, we use information of inhabitants in each city (obtained from the search engine of
the [53]), and the geographical coordinates of latitude and longitude. Then, the demand zones 𝐽 in our problem
represent the 30 cities of Rawls and Turnquist [45], where aid parameter 𝑑𝑗 is fixed as a fraction (0.0277 as used
in [57]) of the number of inhabitants of the city 𝑗, and parameters 𝑡𝑖𝑗 is the Euclidean distance from 𝑖 to 𝑗. We
define different instances in terms of the number of potential sites |𝐼| and the maximum travel time parameter
𝑡max . In particular, we define instances E1, E2, E3, E4, E5, and E6, for (|𝐼|, 𝑡max ) pairs (10, 300), (10, 500),
(10, 800), (20, 300), (20, 500), and (20, 800), respectively. We randomly choose locations 𝐼 from set 𝐽, whereas
the capacity 𝑞𝑖 is defined as a fraction (0.75) of the total demand for all zones 𝑗 with travel time 𝑡𝑖𝑗 ≤ 𝑡max ,
and the fixed cost is randomly generated between 500 and 1000. Finally, we set the parameter 𝛼 = 0.5.
We obtain similar approximations of the Pareto front for each instance by implementing ten runs of our
genetic algorithm. For example, we observe no differences in the approximations for instances E1 and E2, which
represent scenarios with a small number of potential sites 𝐼 and a small value of 𝑡max . Whereas the left panel in
Figure 4 exhibits slight differences among the approximations of the Pareto front for instance E3. In the latter
case, we can identify the “best approximation” (see right panel of Fig. 4).
Now, we present the approximations of the Pareto front for instance E6, which represents the scenario with
the largest value of |𝐼| and 𝑡max . Notice that we obtain more dominated points compared with instance E3,
and our algorithm generated different approximations for each run. We use the best approximations to compare
scenarios E3 and E6. Notice that we improve by 33.93% the minimal response time when using a larger number
of potential sites 𝐼, since the minimum values of the response time for instances E3 and E6 are 4941.3 and
3264.62, respectively (left extreme points of the best approximations). However, the minimum value of the total
costs is nearly 2000 in both scenarios (see right extreme points of the best approximations).
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Figure 4. Pareto front approximations for instance E3 using ten runs of our algorithm, and
best approximation.

Figure 5. Pareto front approximations for instance E6 using ten runs of our algorithm, and
best approximation.
Now, we compare the solutions with a good balance between the objective functions, i.e., the points near the
ideal solutions (highlighted with red circles in the best approximations of Figs. 4 and 5). The “balance solution”
of instance E3 leads to values of 6259.94 and 4424 for the response time and cost, respectively, while we obtain
values of 5173.28 and 5880 in the case of instance E6. The latter difference in the costs exists since balance
solutions of E3 and E6 use six and nine facilities, respectively, and we recall that the total cost depends on the
installation of facilities (the users of the service network absorb transportation costs). Regarding computational
times, instance E3 required 2.41 s to obtain the Pareto front and instance E6 required 4.87 s.
The study of Zhang et al. [57] aims to minimize different measures of deprivation cost functions while allocating pre-disaster relief centers, and they show that there are only slight differences in the location of facilities
when varying the demand. In contrast to Zhang et al. [57], we define a deterministic optimization problem to
minimize installation costs and response times when allocating relief centers, and we consider a mobility radius
of inhabitants in demand zones. Thus, the numerical results exhibit that the number and location of relief centers vary significantly along the solutions in the approximations of the Pareto front due to the characteristics of
our problem. In general, we develop a fast optimization approach that can be useful to support decision-making
processes by providing information about the impact of location decisions in the minimization of cost and the
reduction of response time.
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6. Conclusions and research directions
In this research, we propose a bi-objective location problem to minimize operation cost and response time
in the context of humanitarian logistics. In particular, we represent our problem using a mixed-integer linear
bi-objective program, and we implement an exact AUGMECON method and a genetic algorithm. The latter
approximates the Pareto front for instances based on two case studies. Most of the instances in our experimental
stage are intractable in short computational times using the AUGMECON method. In contrast, our genetic
algorithm is a fast tool that obtains better quality for most instances compared with the AUGMECON. The
latter is an important characteristic that allows a sensitivity analysis for the problem parameters. For example,
increasing the parameter value of the minimum fraction of fulfilled demand fosters an egalitarian demand
satisfaction, which is a relevant characteristic for decision makers in the public sector.
Even when information may be considered as stochastic in humanitarian logistics, it is highlighted that nowadays, the information flow occurs at higher rates due to the current technologies. For example, people used social
networks to identify affected zones after the earthquake in Mexico City on 19th September of 2017. Actually, there
were maps available to aid the cities population at the first hours. Thus, the proposed optimization approach can
be complemented with Geographical Information Systems and different measures of spatial accessibility for better decision support [16]. The dynamic nature of information in such contexts demands fast optimization tools
that can be implemented multiple times during the reaction stage after a natural or human-caused disaster. In
response, our numerical experimentation for a case study in Mexico and the USA exhibits that we can analyze
the effect of different potential locations on the cost and response time while defining a network of relief centers.
Thus, we define a practical tool to provide valuable information for decision-makers.
Future research directions may include the assumption related to the distribution of perishable goods that
may imply hard time-window constraints or the consideration of items with different preferences due to the
particular needs of affected zones. Finally, other measures may be considered which can be relevant from the
social perspective. For example, the equity of demand satisfaction for the distribution of vaccines in a pandemic
context, where the equity is essential to reach the most vulnerable people and achieve herd immunity. The
latter could be modeled by optimizing the minimum fraction of fulfilled demand, which is bounded with a hard
constraint in our problem.

Appendix A.
We present the best approximation of the genetic algorithm using 50 iterations and the AUGMECON for all
the generated instances.

Figure A.1. Plots of the best pareto fronts for the A1 instance.
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Figure A.2. Plots of the best pareto fronts for the A2 instance.

Figure A.3. Plots of the best pareto fronts for the A3 instance.
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Figure A.4. Plots of the best pareto fronts for the B1 instance.

Figure A.5. Plots of the best pareto fronts for the B2 instance.
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Figure A.6. Plots of the best pareto fronts for the B3 instance.

Figure A.7. Plots of the best pareto fronts for the B4 instance.
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Figure A.8. Plots of the best pareto fronts for the C1 instance.

Figure A.9. Plots of the best pareto fronts for the C3 instance.
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Figure A.10. Plots of the best pareto fronts for the D1 instance.

Figure A.11. Plots of the best pareto fronts for the D2 instance.
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Figure A.12. Plots of the best pareto fronts for the D3 instance.

Figure A.13. Plots of the best pareto fronts for the D4 instance.
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