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Abstract—This study addresses the Wireless Sensor Network
Planning Problem with Multiple Sources/Destinations (WSNP-
MSD), an optimization challenge focused on reducing the sensor
count within a network topology for a specified area, considering
numerous sources and destinations. We introduce a hybrid
strategy for tackling WSNP-MSD, particularly effective for
large-scale scenarios, combining a Biased Random-key Genetic
Algorithm with a Local Branching Technique. This methodology
is justified by the limitations exact methods may encounter
when the number of variables increases. Through computational
experiments, we demonstrate the superiority of our proposed
method over conventional exact methods in managing large
instances of the WSNP-MSD.

Index Terms—Wireless Sensor Network, Genetic Algorithm,
BRKGA, Local Branching, Graph, Topology.

I. INTRODUCTION

We can define Wireless Sensor Networks (WSNs) as spa-
tially distributed sensors and one or more edge devices de-
ployed in a region of interest, to perform some kind of
monitoring [1]. These sensors can execute several tasks, like
collecting and processing data, aside from communication, us-
ing some type of wireless network standard [2], [3]. This type
of network can be applied to countless real-world applications,
encompassing environmental signal monitoring [4], military
applications [5], and the monitoring of biometric data [6].

Lately, WSNs have been utilized as infrastructure for the
Internet of Things (IoT) [7], [8]. In this application, sensors
transmit the data to one or more destinations [9]. The device

receiving traffic is known as an edge device, commonly having
unlimited energy capacity, while the other sensors have limited
energy and processing capabilities. Given that communication
is the task that consumes most of the energy in this kind
of application [4], data processing is a commonly explored
solution in these networks [10], [11].

Another aspect of this kind of network is the network
topology control [12]. In this context, the topology is designed
to minimize the number of sensor nodes needed to cover
the area of interest [13]. To the best of our knowledge, in
scenarios where the objective is to minimize the number of
sensors in the topology while accommodating multiple source
and destination sensor nodes, only [14] introduced a method,
whose results are compared to the method proposed by this
research.

This work investigates an approach to solve the Wire-
less Sensor Network Planning Problem with Multiple
Sources/Destinations (WSNP-MSD), first presented by [14],
using a hybrid method composed of a Biased Random-key Ge-
netic Algorithm (BRKGA) and a Local Branching Technique.
The WSNP-MSD aims to minimize the number of sensors
required to deploy a network consisting of multiple sources
(sensors) and multiple destinations (edge devices), while en-
suring communication between all the source/destination pairs.
This hybrid approach is justified by the fact that solving large
instances of the problem can become impractical due to several
reasons, like running time or memory issues. Therefore, the



proposed method starts using the metaheuristic component,
being able to handle the analysis of huge instances, and then
refine the results, by applying the Local Branching procedure
in the solution previously found.

To validate the effectiveness of the proposed methods, com-
putational experiments were conducted on randomly generated
instances. The obtained results indicate that the proposed
approach is indeed more adept at managing larger instances,
in comparison to the exact method, effectively reducing the
number of sensors deployed in the constructed network.

The structure of this paper is organized as follows: Section
II introduces and provides a detailed explanation of the prob-
lem under investigation. Section III outlines the methodology
employed in this study. Section IV elaborates on the conducted
experiments and discusses their outcomes. Finally, Section V
summarizes the conclusions and suggests possible topics for
future research.

II. PROBLEM DEFINITION

This section introduces the Wireless Sensor Network Plan-
ning Problem with Multiple Sources/Destinations (WSNP-
MSD). Presented by [14], WSNP-MSD states that, given an
area that is intended to be covered by sensors, one must find
the best topology of this network, ensuring that all commu-
nication will flow from the defined sources to the destination
sensors, while using as few as possible intermediate sensors,
to reduce the costs.

To construct the network topology, the problem formulation
encompasses two primary sets: a set S of sensors, where
each sensor s ∈ S is associated with a set of potential
positions si for i = 1..ks, an allocation cost cs, and a
communication radius rs; and a set P of pairs of sources
and destinations p = (op, dp). It is required that for all pairs
p = (op, dp) ∈ P , considering the communication radii of the
sensors, each source op must be capable of communicating
with its corresponding destination dp, either directly or via
multiple relay hops [14].

Before the creation of the mathematical model, the authors
initiated the process by constructing an auxiliary database
utilizing an artificial graph G = (V,E). To compile the set
V , two steps were taken: initially, for each potential position
si of a sensor s ∈ S, a vertex vsi was generated and
incorporated into a set V̄ . Subsequently, for each sensor s
identified within the list of source/destination pairs, an artificial
node was generated and appended to a set A. Consequently,
the set V was established as V = V̄ ∪ A. To define the
set E, two additional actions were executed: firstly, for each
pair of vertices vsi , vs̄i ∈ V̄ , where s ̸= s̄ and their
communication radii intersect, an edge was created and added
to E. Secondly, for every vertex as ∈ A and vsi ∈ V̄ ,
where si represents a feasible location for s, an edge (as, vsi )
was established and included in E. Subsequently, the original
sources and destinations were substituted with the artificial
vertices representing the respective source and destination
nodes. Leveraging the constraints previously outlined and
the auxiliary database constructed, an integer programming

formulation that represents the WSNP-MSD can be defined
as:
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where,

bpi =

 −1 if i = dp,
1 if i = op,
0 otherwise.

(8)

The family of Constraints (1) guarantees the existence of
a communication pathway between every pair of source and
destination. The family of Constraints (2) ensures that each
sensor is deployed no more than once, occupying only a single
potential position. This is achieved through the use of an
auxiliary structure C(i), which denotes the set of all potential
positions for a given sensor i. Constraints (3) and (4) stipulate
that communication between vertices i and j is possible only if
both vertices are allocated. Moreover, the family of Constraints
(5) mandates that all auxiliary vertices associated with each
source/destination pair, and thereby included in set A, must
be accounted for in the solution. Lastly, Constraints (6) and
(7) state the domain for the decision variables.

III. METHODOLOGY

This section outlines the methodology introduced in this
study. The approach consists of two key components: the Bi-
ased Random-Key Genetic Algorithm (BRKGA), responsible
for exploring the solution space using genetic components, and
the Local Branching technique, employed to refine the quality
of the best solution found by BRKGA. Detailed explanations
of each component are provided in the subsequent subsections.

1) Biased Random-Key Genetic Algorithm (BRKGA): Ge-
netic algorithms draw significant inspiration from Darwin’s
theory of evolution, which posits that the most adaptable indi-
viduals are more likely to survive [15]. Starting with an initial
group, these algorithms identify the most promising solutions,
referred to as chromosomes, using a measure known as the
Fitness Function to evaluate their effectiveness. The superior
solutions are then used to produce offspring, inheriting traits
from their predecessors, thereby enhancing the likelihood of
yielding the most advantageous solutions in subsequent gener-
ations [16]. This iterative process continues until a predefined
termination criterion is reached, such as reaching a maximum
duration, the attainment of a certain number of generations, or
a stagnation in generational improvement.



Within the spectrum of genetic algorithms, the Biased
Random-Key Genetic Algorithm (BRKGA) [17] represents
an advanced iteration of the Random-Key Genetic Algorithm
(RKGA) [18]. RKGA was pivotal for introducing two essential
concepts to genetic algorithms: the encoder, which maps a
potential solution to a continuum between 0 and 1, and the
decoder, which reverts these encoded values to their original
form. BRKGA builds upon RKGA by incorporating a prefer-
ential selection mechanism favoring the elite members of the
current generation. This preference enhances their likelihood
of transmitting their genetic material to the next generation
during the crossover process.

In this work, each chromosome is a vector with n positions,
where n is the number of possible positions of sensors in the
instance. Being the values of each decision variable regarding
the position in the domain [0, 1], when the position value was
higher than 0.5, it was marked as used, and marked as not used
otherwise. However, this approach could lead to an invalid
solution, because the same sensor can not be in two places at
the same time. To overcome this, for every group of possible
positions linked to a sensor, the one with the highest value
was chosen. When there were no positions with values higher
than 0.5 inside a group, the sensor was considered as not
used, excluding the ones in the source/destination pairs, where
the position with the highest value was chosen, regardless of
whether it was over 0.5 or not. This is explained by the fact
that every sensor in the source/destination list must also be in
the solution, rendering it infeasible otherwise.

After this encoding/decoding step, a viability check is
run to ensure that the chromosome is viable. For each
source/destination pair, the algorithm tries to find the minimum
path between them. If it is inexistent for at least one of the
pairs, the chromosome is marked as infeasible, with its fitness
value set to +∞. Otherwise, the chromosome receives as its
fitness value the number of sensors used. The whole process
is detailed in Figure 1.

A. Local Branching

The Local Branching (LB) technique, introduced by [19],
can be used to enhance existing feasible solutions. It is
designed for efficient exploration of the search space, aim-
ing to produce superior heuristic solutions by employing a
mixed-integer programming (MIP) solver. Since it can be
used as a local search strategy, Local Branching integrates
linear inequalities into the mathematical model to delineate
neighborhoods that are thoroughly explored. Several notable
studies have demonstrated the efficacy of this strategy when
solving optimization problems [20], [21].

In the context of the problem addressed in this paper,
consider a solution s ∈ P , with P representing the polyhe-
dron defined by the constraints from 1 to 5. We adopt this
methodology by appending the subsequent LB constraint to
our model: ∑

i∈V |ȳi=0

yi +
∑

i∈V |ȳi=1

(1− yi) ≤ ∆ (9)

Fig. 1: Decoding procedure flow

where ∆ is a positive integer that indicates the number of
variables that can have their value swapped from one to zero
and vice-versa.

IV. COMPUTATIONAL EXPERIMENTS AND RESULTS

This section provides an overview of the conducted ex-
periments and their outcomes. In Section IV-A, we detail
the process for generating random instances and the specific
ones used to assess the proposed methodology. Following
that, Section IV-B examines the components of the proposed
approach, evaluating the contribution of each one to the overall
proposed method. Finally, a comparison of the results obtained
by the proposed method against existing solutions in the
literature is presented in Section IV-C.

The experiments were conducted on a machine equipped
with an AMD Ryzen™ 5 5600G processor operating at 3.9
GHz and 32GB of RAM. For the implementation of the
proposed method, we utilized the Python version developed
in [22], along with IBM’s CPLEX Mathematical Optimization
and the DOCplex Python libraries, all within a Python 3.10
framework. The devised method was applied to each instance
ten times, with each run constrained by a 3600-second time
limit.

A. Instances

To evaluate the methodology proposed in this study, a series
of instances of varying sizes was generated since the available



instances were of limited size. To do that, initially, a set of
random points is distributed within a rectangular space, which
are then grouped based on their proximity through the KMeans
algorithm [23]. Each grouping represents a potential sensor
location, with every point within a cluster signifying a possible
deployment position for a sensor. Following this, to establish
source/destination pairs, the shortest path connecting each
potential sensor location is computed, from which a random
selection of feasible pairs is made. For the construction of the
distance matrix, the distance between two potential positions
is determined using the Manhattan distance metric, but only
if their communication ranges overlap. The communication
range for each sensor is set to 5 meters and the cost per sensor
is standardized to 1, following the parameters specified by
the original authors. The generated instances are characterized
by three variable factors: the number of potential sensors,
the deployment positions available for each sensor, and the
count of source/destination pairs. Figure 2 depicts the instance
creation process, and the specifics of the generated instances
are detailed in Table I.

Fig. 2: Steps to generate an instance. In Subfigure 1, a set of
random points is generated; in Subfigure 2, they are clustered
using KMeans. Every cluster is a sensor, and every point
inside a cluster is a possible position to deploy the sensor; in
Subfigure 3, artificial nodes are created for every cluster and
linked to every possible position of the cluster; in Subfigure 4,
based on the sensor’s communication radius, when two radii
from different cluster elements overlap, an edge between them
is generated.

Instance ID Total Possible Positions Sensors Pairs

001 200 20 5
002 200 20 10
003 400 40 10
004 400 40 20
005 600 60 20

TABLE I: Details of the instances generated and analyzed in
this work

B. Ablation Study

This subsection is dedicated to demonstrating the impact of
the local branching technique on the quality of the solution by
comparing outcomes before and after its application. Each trial
was allocated 3600 seconds, with any time remaining after the
execution of BRKGA being allocated to the local branching
procedure. The specific settings for the hyperparameters uti-
lized by both BRKGA and the local branching process are
outlined in Table II. Despite the fixed time limit, the termina-
tion conditions were established after careful consideration as
either reaching 200 generations in total or experiencing 100
consecutive generations without any improvement.

Component Parameter Value

BRKGA
Independent Populations 1

Elite Percentage 30%
Mutation Percentage 15%

Local Branching Delta (∆) int(possible positions/2)

TABLE II: Hyperparameters used in the proposed method

For smaller instances, the local branching technique signif-
icantly enhanced the solutions generated by BRKGA. In the
case of larger instances, while the improvement margin was
narrower, enhancements were still observed in the majority
of cases. Specifically, instances 001, 002, and 003 exhibited
the most notable improvements with the incorporation of local
branching, highlighting its pivotal role within the methodology
proposed in this paper and underscoring the rationale for its
inclusion. Table III provides a comprehensive overview of the
results, including execution times and observed gaps, whereas
Figure 3 visually represents the progression of the BRKGA
component across generations. Except for instance 005, the
outcomes achieved with BRKGA alone fell short of those
attained by employing the full methodology proposed.

The carried-out experiments demonstrate the significance of
each element within the proposed methodology. Although the
Biased Random-Key Genetic Algorithm (BRKGA) is capable
of identifying solutions within a concise timeframe, the appli-
cation of the local branching technique further refines these
initial findings, resulting in enhancements exceeding 60% in
certain instances.

C. Proposed Method vs Literature

Having illustrated the critical role of each component within
our approach, this study proceeds to benchmark the perfor-
mance of our methodology against existing procedures docu-
mented in the literature. We applied the integer programming
model introduced by [14] to each instance described in Section
IV-A. Similar to our experiments, a time constraint of 3600
seconds was imposed. The outcomes, when juxtaposed with
those achieved by our proposed method, are detailed in Table
IV.

For the smaller instances, specifically 001, 002, and 003, the
proposed method obtained the optimum solution, as validated
by the integer programming model, albeit requiring more time
compared to the approach reported in the literature, which



Instance ID BRKGA* BRKGA + Local Branching*

Sensors [min, max] Time (s) [min, max] Sensors [min, max] Time (s) [min, max] Gap [min, max]
001 14.4 [14, 16] 115.9 [98.47, 143.14] 8 [8, 8] 306.33 [254.57, 343.2] -57.14% [-54.54%, -66.67%]
002 15.8 [15, 16] 122.32 [98.24, 162.88] 12 [12, 12] 801.04 [751.18, 915.54] -27.34% [-22.22%, -28.57%]
003 24.9 [23, 27] 519.85 [506.6, 530.43] 15 [15, 15] 1923.69 [1704.62, 2402.1] -49.62% [-42.1%, -57.14%]
004 30.6 [28, 33] 638.6 [486.88, 694.17] 29.7 [28, 30] 3543.56 [2467.53, 3600] -2.98% [-8.87%, -1.98%]
005 42.9 [41, 44] 1949.35 [1827.89, 2026.04] 42.9 [41, 44] 3600 [3600, 3600] 0% [0%, 0%]

* Mean of 10 executions

TABLE III: Results of the proposed method with and without the local branching component

(1) (2) (3)

(4) (5)

Fig. 3: Evolution of the result of each run of BRKGA, showing a constant decrease in the result as the number of generations
increases, but not reaching the results achieved by local branching

is expected. Conversely, for the larger instances, our method
either surpassed or matched the performance of the strategies
documented in the literature, achieving these results within the
same or a shorter timeframe.

V. CONCLUSIONS AND FUTURE WORKS

This paper proposes a new methodology for addressing
the Wireless Sensor Network Planning Problem with Mul-
tiple Sources/Destinations (WSNP-MSD). The methodology
comprises two distinct components: a modified genetic algo-
rithm known as the Biased Random-Key Genetic Algorithm

(BRKGA) and a Local Branching procedure that imparts
deterministic characteristics to the latter stage of the method,
aiming to enhance the best solution found by BRKGA.

First, to demonstrate the impact of the local branching on
the quality of the results, the values before and after local
branching were compared. The experiments demonstrated that
adding this deterministic component to refine the solution
achieved by BRKGA improved the final solution by more than
60%. Next, the proposed method was compared to the current
literature. The method proposed by this work achieved similar
or better results if compared to the integer programming model



Instance ID Literature BRKGA + Local Branching*

Sensors Time (s) Gap Sensors [min, max] Time (s) [min, max] Gap [min, max]
001 8 7.67 Optimal 8 [8, 8] 306.33 [254.57, 343.2] Optimal
002 12 17.59 Optimal 12 [12, 12] 801.04 [751.18, 915.54] Optimal
003 15 490.52 Optimal 15 [15, 15] 1923.69 [1704.62, 2402.1] Optimal
004 30 3600 5.26% 29.7 [28, 30] 3543.56 [2467.53, 3600] -1% [-6.9%, 0%]
005 42 3600 16.67% 42.9 [41, 44] 3600 [3600, 3600] 2.12% [-2.41%, 4.65%]

* Mean of 10 executions

TABLE IV: Results of the proposed method compared to the method found in the literature

present in the literature, taking less or the same time. The
improvements were up to 6.9%.

As expected, the integer programming model was the best fit
when evaluating small to medium-sized instances. However, in
large instances, the proposed approach was able to improve or
at least reach similar results if compared to the ones achieved
by the integer programming model. Therefore, the method
proposed in this paper achieved the expected result, finding
valuable results when solving the WSNP-MSD, in instances
with a large number of candidate positions to deploy the
sensors.

For future works, an interesting approach would be the
usage of other hybrid methods, focusing on reducing the
execution time. For example, Reinforcement Learning could
be used to filter promising chromosomes, reducing the time
spent checking lower-quality individuals of each generation.
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