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Abstract. Logistics operations have a direct impact on the effective-
ness of the humanitarian relief operations and the survival of the popu-
lation, supplying all demands in a short period of time using the avail-
able limited resources. This work addresses the Emergency k-Location
Routing Problem (EkLRP) where humanitarian and relief aid has to be
distributed from medical infrastructure to the affected people by routing
emergency-aimed vehicles minimizing the time required to provide the
humanitarian aid. This work proposes a Simulated Annealing with tem-
perature reset in order to promote diversification as well as for escaping
from local optima. The numerical experiments indicate that the meta-
heuristic approach proposed to solve the EkLRP reports high-quality
solutions in reasonable computational times.

Keywords: Humanitarian relief · Metaheuristics · Simulated
annealing

1 Introduction

Catastrophes and disasters are undesirable events creating potential losses and
impacting societies [9]. They are often categorized as natural, i.e., hurricanes,
tsunamis, etc., or as man-made such as those caused by socio-political conflicts,
terrorist attacks, among others. A study from the Center for Research on the
Epidemiology of Disasters (CRED1) between the years 1994 and 2013 indicated
that 6873 natural disasters were reported around the world. During that period,
each year, an average of 68000 deaths and 218 million people were affected.
In addition, there were economic losses valued at 147 billion dollars each year.
On the other hand, due to conflicts or wars, the average number of refugees

1 http://www.cred.be/.
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per year has been 13 million and 20 million internal displacements. However,
according to a report from the International Federation of Red Cross Societies
(IFRC)2 conducted after a flood in 2014 in Afghanistan [8], the planning of the
distribution of relief resources was one of the most difficult tasks. In that study, it
is pointed out that, despite the complexity involved in emergency logistics, many
of those processes and planning are still carried out manually, even though they
have proven to be inefficient and inadequate [13]. Finally, an improvement in
the response mechanisms is required, specifically in the planning, coordination,
and delivery of aid resources since the few existing systems are not sufficiently
flexible and dynamic for emergency situations where they aim to use them.

The aid distribution networks managed by institutions and organizations
seek to mitigate the damage and suffering caused to the population through
the distribution of aid in the form of medicines, food, generators of electricity,
medical services, etc. The supply chain is planned to take into account that there
are limited resources and that each type of demand has a degree of urgency and
a window of service time. On the other hand, emergency scenarios are highly
dynamic, which forces the operators in charge to make quick decisions under
great pressure. Therefore, having supporting tools and fast solution algorithms
to help managers during the decision-making process as well as while designing
an aid distribution network is crucial for saving lives and alleviating suffering
[1,2,7,12].

In this work, we address a humanitarian supply chain planning problem in
catastrophe scenarios where aid distribution facilities have to be located and aid
have to be distributed from them to the affected people by routing emergency-
aimed vehicles. In this context, the catastrophe is considered in a wide area
where a part of the population requires humanitarian help distributed by means
of vehicles departing from the located depots (i.e., aid distribution centers).
The objective of this problem is to provide aid to the people in need of help
as soon as possible (i.e. cumulative objective function). Moreover, given the
context where this problem arises, solving and planning time is a crucial factor,
hence a metaheuristic algorithm based on Simulated Annealing is proposed.
To contextualize its contribution and performance, the proposed approach is
compared with other well-known metaheuristic approaches.

The remainder of this paper is organized as follows. The Emergency k-
Localization Routing Problem is described in Sect. 2. The description of the
Simulated Annealing-based approach is presented in Sect. 3. The computational
results obtained by our proposal are discussed in Sect. 4. Finally, Sect. 5 presents
the conclusions and several lines for further research.

2 Emergency k-Localization Routing Problem

This section is devoted to introducing the Emergency k-Location Routing Prob-
lem (EkLRP). Its goal is to provide humanitarian assistance to people after a
disaster situation. In this environment we have to tackle the following decisions:
2 http://www.ifrc.org/.

http://www.ifrc.org/
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1. Setting up a well-defined set of medical infrastructures on a ravaged area,
where each infrastructure has a fleet of medical vehicles to deliver humani-
tarian aid and relief.

2. Determining the route that each medical vehicle has to follow in order to
provide assistance to the victims.

We are given a set of victims geographically dispersed on a ravaged area and
denoted as N = {1, 2, . . . , n}. Each victim c ∈ N requires a strictly positive time
to be assisted, dc > 0, and a certain quantity of humanitarian aid, qc > 0.

On the other hand, we are also given a set of locations on the ravaged area
denoted as L = {1, 2, . . . ,m} in which a medical infrastructure could be set up.
Setting up a medical infrastructure at location l ∈ L involves a positive time,
tl > 0, stemming from moving the infrastructure to its destination and deploy it.
The first goal is to select a subset of locations, denoted as L′ ⊆ L with |L′| = k.
k is a parameter of the problem which determines the number of locations to
select and whose value is selected by the user.

The EkLRP can be modelled by means of a complete graph G = (H,A) with
n + m vertices, split into two sets, H = N ∪ L. Each vertex v ∈ H is located
in a given location (xv, yv). Arcs aij ∈ A,∀i, j ∈ H represent the possibility of
moving between the nodes i and j with positive travel time tij > 0. It is worth
mentioning that we consider that the travel times are asymmetric for each pair
of vertices.

Each medical infrastructure, l ∈ L′, has a fleet of heterogeneous medical
vehicles denoted as Vl = {1, 2, . . . , vl}, where each vehicle v ∈ Vl has a positive
capacity, Qv > 0, to carry humanitarian aid. The vehicles are used to assist the
victims in such a way that the waiting time of the victims is as short as possible.
Therefore, we pursue to determine a set of routes for each selected location,
denoted as Rl. Each route r is used by a vehicle vr ∈ Vl, starts from a medical
infrastructure σr

0 ∈ L′, visits a sequence of nr victims, σr
1, σ

r
2, . . . , σ

r
nr

∈ N , and
returns to the same medical infrastructure, that is, σr

nr+1 = σr
0. Additionally,

the duration time of the route r is denoted as

d(r) = tσr
0σr

1
+

nr∑

i=0

(tσr
i σr

i+1
+ dσr

i
) (1)

Where:

– Set of selected locations, L′.
– Set of routes of the medical vehicles in the infrastructure l ∈ L′, Rl.
– Number of victims visited by route r, nr.
– Waiting time of a victim σr

i served by a medical vehicle along the route r,
w(σr

i ).

The waiting time of a victim σr
i served by a medical vehicle along the route

r is computed as follows:

w(σr
i ) =

{
tσr

i ,r(0) + dσr
i

if i = 0

w(σr
i−1) + tσr

i−1σr
i

+ dσr
i
if i > 0

(2)
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Where:

– Waiting time of a victim σr
i along the route r, w(σr

i ).
– Travel time required to move between i and j, tij .
– Time required to set up a medical infrastructure l ∈ L′, tl.
– Time to assist victim dσr

i
.

– σr
i i-th vertex visited by the vehicle associated to the route r.

The optimization objective of the EkLRP is to minimize the time required
to provide humanitarian aid to all the victims. This time is composed of the
time required to set up the k medical infrastructures and deliver the aid to the
victims:

f(s) = minimize
∑

l∈L′

∑

r∈Rl

nr∑

i=1

w(σr
i ) (3)

3 Metaheuristic Approach

Since EkLRP is an NP-hard problem an efficient heuristic algorithm is required
in order to provide high-quality solutions within small computational times.
In order to achieve these goals a metaheuristic approach based on Simulated
Annealing (SA, [3]) is proposed.

3.1 Constructive Heuristic

In order to properly start the SA-based approach, a starting solution is required.
In this sense, we propose the Greedy Randomized Algorithm (GRA, [10]) that
splits the EkLRP into two interconnected subproblems.

– High-level Problem: Determining the subset of locations to set up medical
infrastructures aimed at serving all the victims.

– Low-level Problem: Determining the route that each medical vehicle has to
follow in order to provide assistance to the victims.

GRA is used in the generation of initial solutions and in the repair process
within Simulated Annealing. Thus, it is used along with a restricted list of can-
didates (RLC) that contains a subset of the best k candidates to add to the
solution constructed so far. By means of this method, we are able to generate a
fast initial and feasible solution. Firstly, we use an elitist selection using the aver-
age distance of all victims to the medical infrastructure. It tries to insert every
victim between each pair of nodes in the routes of the solution. All feasible and
possible positions in which non-assigned victims can be placed are included in
a restricted candidate list (RCL). Finally, it selects one movement between the
best candidates in the RCL with a roulette wheel selection. A greedy function
evaluates the impact on the objective function value of selecting the candidate.
This fitness level is used to associate a probability of selection with each candi-
date. This process is repeated until all victim has been visited.
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3.2 Simulated Annealing

The version of Simulated Annealing used in this work incorporates the feature of
reheating [5,6], that is, once the temperature has decreased until a certain point,
it is increased or reset. That feature promotes diversification, and with the SA
search procedure permits alternating between diversification and intensification
along with search. The number of times that is allowed to reheat the solution is
provided by the user. On the other hand, each time that the search is reheated
the starting temperature is reduced to avoid randomizing completely the search.
To do so, the starting temperature is equalized to the provided temperature by
the user, divided by the reheating phase where we are located. For example, if
the temperature provided by the user is 1000 and we have 3 reheating phases,
the starting temperatures would be: 1000, 500 and 333.33.

In Algorithm 1, the pseudocode of the SA approach using reheating (SA-R) is
provided. This procedure receives as input an initial solution, s, generated by the
GRA. At each iteration, the destroy method is performed, remove p victims of
solution s (line 4). The first victim n∗ is randomly chosen. After having removed
n∗, the closest p − 1 victims are removed. We proceed with the repair method
(line 4), using the GRA. The neighborhood is defined implicitly by a destroy
and a repair method. Solution s′ is accepted as current solution s (line 6 and 8)
with probability given in (4). We allow a temperature reset during the search in
order to escape from local optima.

P (s′, s) = e(f(s)−f(s′))/t, s′ ∈ N(s) (4)

Algorithm 1. Pseudocode of Simulated Annealing with reheat strategy (SA-R)
Require: Feasible solution s
1: s′′ = s
2: while reheat do
3: while t > tf do
4: s′ = destroy(s)
5: s′ = repair(s′)
6: if rand(0, 1) < P (s′, s) then
7: s = s′

8: end if
9: if f(s) < f(s′′) then

10: s′′ = s
11: end if
12: t = updateTemperature()
13: end while
14: end while
15: return s′′
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4 Computational Experiments

In this section, the results provided by our metaheuristic approach are presented.
The set of 80 instances used in this work were randomly generated considering.
Depending on the number of victims and locations each instance is labeled as
mxn. Each pair instance-algorithm has been executed 100 times with a maxi-
mum computational time adapted to the instance, 5n milliseconds. GRA is used
in the generation of all initial solutions. The computational experiments were
conducted on a computer equipped with Intel Core i7-3632QM CPU @ 2.20 GHz
x 8 and 8GB of RAM. With the aim of analyzing the contribution SA-R, the
following algorithms are implemented:

1. Variable Neighborhood Search (VNS, [4]) with two environments, i.e., victims
swap and victims 2-opt.

2. Simulated Annealing (SA): version described in Sect. 3.2, but without reheat.
3. Large Neighborhood Search (LNS, [11]): it uses the same destroy and repair

method as described in Sect. 3.

Parameter configuration is selected based on the Friedman test considering the
average objective value. Based on the test, LNS, SA, and SA-R remove 1 per-
cent of victims on every iteration. Otherwise, in SA and SA-R the temperature
is progressively decreased from n to 1−10. The cooling schedule follows an expo-
nentially decreasing function.

4.1 SA Computational Results

Table 1 report the minimum (Min.), average (Avg.), and maximum (Max.) objec-
tive value obtained during the experiment on large instances: 500, 1000, 1500 and
2000 victims. Since the presented data is grouped by instance identifier m × n,
the values correspond to the average. Also, the computational time limit does
not depend on the metaheuristic but on the size of the problem instances (5 · n
milliseconds), the average computational time thus is not reported.

First, in the results reported in Table 1, it can be seen that VNS for no
instance performs better than the other approaches, although it obtains com-
petitive results.

Moreover, it should be noted that LNS and SA approaches implemented are
only differentiated by the probability of making the transition from the current
state s to a candidate new state s′. Therefore, both approaches exhibit similar
performance in terms of solution quality. Furthermore, the average quality of
the solutions is better when SA incorporates the reheat strategy than without
it. Since all approaches were executed under the same time limit, it can be
concluded that SA-R is the most appropriate method for tackling this problem.
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5 Conclusions

In this work, we have addressed the Emergency k-Location Routing Problem by
means of a Simulated Annealing-based approach that incorporates temperature
resets (i.e., SA-R) during the search. To contextualize this approach, it was
compared with other trajectory-based approaches (i.e., GRA, SA, LNS, and
VNS). The computational results show that SA-R performs better in terms of
objective function value under the same computational time limitations than
the other considered approaches. Furthermore, when assessing the contribution
of the reheating strategy, it can be seen that it leads to better solution quality
than without using it in the majority of cases. This work thus contributes to
the SA state-of-the-art with another example of its benefit for addressing hard
combinatorial problems.

As future work, we plan to investigate different reheating schemes for SA in
this and other optimization problems.
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