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Abstract

Smart buildings heavily depend on the integration of wireless sensor networks (WSNs) to
maintain optimal functionality and operational efficacy. Consequently, any malfunctions
within the sensor network directly impede the performance of these buildings. The effi-
ciency of the WSN relies on the network topology derived from the deployment process.
This process calculates the position of each sensor node within the building. An optimal
WSN topology aims to maximize coverage and minimize deployment costs under the
connectivity constraint.
This thesis introduces a generative and automated approach for deploying WSNs within
smart buildings. The first component of the proposed approach focuses on extracting
building data from a reliable digital representation of an indoor structure called Building
Information Modeling (BIM). Then, it accurately models the physical layout and structural
characteristics required for the deployment process. This initial preprocessing phase en-
ables the system to address any building without necessitating prior modeling and adap-
tation of the deployment optimization approach for each specific building. Moreover, the
deployment of WSN is modeled as a multi-objective constrained combinatorial problem.
Two hybrid approaches are proposed: one based on a single-objective metaheuristic with
an aggregated objective function, and another adopting a multi-objective approach. These
approaches are based on classical metaheuristics and aim to determine sensor topologies
that optimize coverage and cost within the target area. They comprehensively consider all
building obstacles and their impact on sensor signals to produce interconnected deploy-
ment schemes. Both approaches are formulated following extensive comparative studies
of various metaheuristics across diverse indoor architectures. To further enhance solution
accuracy, a sensor detection zone estimation method based on fully convolutional net-
works is proposed. This method evaluates network coverage while considering all build-
ing obstacles. To achieve this, we have developed a dataset comprising both simple and
complex indoor architectures and measured sensor signal strength in various zones us-
ing a Ray Tracing simulator. The efficiency and scalability of our deployment approaches
have been evaluated and tested across different scenarios. The obtained results confirm
the superiority of our methods over existing approaches, particularly in the context of
medium and large-scale buildings.
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Résumé

Les bâtiments intelligents dépendent fortement de l’intégration de réseaux de capteurs
sans fil (RCSF) pour maintenir une fonctionnalité optimale et une efficacité opérationnelle.
Par conséquent, toute défaillance au sein du réseau de capteurs entrave directement les
performances de ces bâtiments. L’efficacité du RCSF repose sur la topologie du réseau
dérivée du processus de déploiement. Ce processus calcule la position de chaque nœud
capteur dans le bâtiment. Une topologie optimale du RCSF vise à maximiser la couverture
et à minimiser les coûts de déploiement sous contrainte de connectivité.
Cette thèse présente une approche générative automatisant le déploiement de réseaux
de capteurs sans fil (RCSF) au sein de bâtiments intelligents. Le premier composant de
l’approche proposée se concentre sur l’extraction des données des bâtiments à partir d’une
représentation numérique fiable de la structure intérieure appelée Building Information
Modeling (BIM). Ensuite, il modélise de manière précise la disposition physique et les car-
actéristiques structurelles nécessaires au processus de déploiement. Cette phase de pré-
traitement initiale permet au système de traiter n’importe quel bâtiment sans nécessiter de
modélisation préalable et d’adaptation de l’approche d’optimisation du déploiement pour
chaque bâtiment spécifique. De plus, le déploiement du RCSF est modélisé comme un
problème combinatoire contraint multi-objectif. Deux approches hybrides sont proposées
: l’une basée sur une métaheuristique mono-objectif avec une fonction objectif agrégée, et
une autre adoptant une approche multi-objectif. Ces approches se basent sur des méta-
heuristiques classiques et visent à déterminer des topologies de capteurs qui optimisent la
couverture et les coûts dans la zone cible. Elles tiennent compte de manière exhaustive de
tous les obstacles du bâtiment et de leur impact sur les signaux des capteurs pour produire
des schémas de déploiement interconnectés. Les deux approches sont formulées à la suite
d’études comparatives approfondies de diverses métaheuristiques testées sur plusieurs
architectures indoor. Afin de renforcer la précision des solutions, nous proposons une
méthode d’estimation des zones de détection des capteurs basée sur des réseaux en-
tièrement convolutionnels. Cette méthode évalue la couverture du réseau tout en tenant
compte de tous les obstacles du bâtiment. Pour ce faire, nous avons développé un dataset
comprenant des architectures intérieures simples et complexes, et mesuré la force du sig-
nal des capteurs dans différentes zones à l’aide d’un simulateur RayTracer. L’efficacité et
la scalabilité de nos approches de déploiement ont été évaluées et testées dans différents
scénarios. Les résultats obtenus confirment la supériorité de nos méthodes par rapport
aux approches existantes, en particulier dans le contexte de bâtiments de taille moyenne
et grande.
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Résumé long

Un réseau de capteurs sans fil (RCSF) représente un réseau ad hoc de nœuds capteurs
homogènes ou hétérogènes qui collectent des données sur l’environnement physique et
les transmettent à une station de base pour un traitement ultérieur.

L’une des applications les plus répandues des réseaux de capteurs à l’ère moderne est
celle des bâtiments intelligents. Les bâtiments intelligents sont des structures équipées
de caractéristiques spécifiques visant à améliorer le confort des utilisateurs et à réduire la
consommation totale d’énergie. Étant donné que les bâtiments consomment environ 36 %
de l’énergie mondiale, réduire cette consommation est un objectif primordial. Cela peut
être réalisé grâce à l’ajustement automatique des systèmes de chauffage, de ventilation et
de contrôle de la qualité de l’air (HVAC). Pour assurer ces fonctionnalités, les bâtiments
intelligents nécessitent le déploiement de RCSF pour collecter des données sur la détec-
tion de présence humaine, le comptage et le suivi des personnes, la reconnaissance des
activités humaines, ainsi que des facteurs environnementaux tels que la température am-
biante et la qualité de l’air intérieur. Les données recueillies seront analysées et traitées
pour formuler un plan d’action complet. Ce plan inclut des actions intelligentes exécutées
par des actionneurs, telles que l’ajustement des systèmes d’éclairage et de HVAC, ainsi
que le contrôle des verrous électroniques des portes et fenêtres.

Résoudre le problème de déploiement de RCSF dans un bâtiment intelligent implique de
trouver la position optimale pour chaque capteur afin d’optimiser la couverture du réseau
et d’autres métriques. L’objectif de cette thèse est de proposer des approches basées sur
des métaheuristiques pour déployer des RCSFs dans des bâtiments intelligents tout en
optimisant à la fois la couverture et le coût sous la contrainte de connectivité. Pour ré-
soudre cette problématique, nous avons développé un système de modélisation de la zone
cible basé sur le Building Information Modeling (BIM), qui représente une modélisation
numérique détaillée du bâtiment. Le BIM intègre toutes les informations essentielles sur
les éléments du bâtiment, nous permettant ainsi de réaliser une modélisation précise du
bâtiment intelligent où les capteurs seront déployés. Après, nous avons modélisé le prob-
lème comme un problème combinatoire multi-objectif qui optimise à la fois la couverture
et le coût sous la contrainte de connectivité. Nous avons initialement agrégé les deux
objectifs en une seule fonction de fitness et proposé une approche mono-objectif pour le
résoudre. L’approche mono-objectif proposée hybride la métaheuristique Grey Wolf Op-
timizer avec une heuristique basée sur l’arbre de Steiner pour la réduction des coûts de
déploiement. Dans notre deuxième contribution, nous avons envisagé de générer un front
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de Pareto de solutions non dominées de haute qualité. Pour cela, nous avons proposé une
approche multi-objectif hybride, qui représente une hybridation séquentielle entre le Grey
Wolf Optimizer multi-objectif et le NSGA-II. De plus, la méthode inclut une recherche lo-
cale exécutée en deux phases pour améliorer la couverture du réseau et réduire les coûts
de déploiement. Notre dernière contribution consiste à proposer un nouveau modèle de
détection pour les capteurs électromagnétiques dans les bâtiments intelligents. Contraire-
ment aux modèles de détection existants dans la littérature, notre modèle proposé prend
en compte toutes les caractéristiques de la zone cible où le capteur est déployé. Cela en-
globe l’architecture intérieure, les dimensions et les matériaux des obstacles, ainsi que leur
impact sur les signaux de détection émis par les capteurs.

Modélisation du problème de déploiement des RCSF dans

les bâtiments

Modélisation de la zone de déploiement basée sur la base de données

BIM

L’un des facteurs clés qui impactent la conception de la topologie des RCSFs est les car-
actéristiques de l’environnement de déploiement, notamment sa forme et ses obstacles.
Ces caractéristiques permettent de calculer les zones de déploiement qui représentent les
emplacements potentiels pour les capteurs.

Une source de données complète et fiable décrivant les environnements indoor est le BIM
(Building Information Modeling), qui constitue la représentation numérique d’un bâti-
ment tout au long de son cycle de vie [1]. Dans la littérature, l’accent mis sur l’utilisation
de la base de données BIM s’est principalement porté sur la gestion de l’énergie des bâti-
ments, négligeant ainsi d’explorer son potentiel pour le déploiement des RCSFs [2], [3].

Dans cette thèse de doctorat, nous utilisons le fichier IFC, qui sert de base de données BIM,
pour construire un modèle de la zone cible. La procédure de gestion du fichier IFC pro-
posée se compose de deux composants principaux : le composant d’extraction de données
et le composant de modélisation de la zone de déploiement. Le composant d’extraction
de données agit comme un analyseur syntaxique, lisant le fichier IFC et extrayant les in-
formations nécessaires qui représentent la disposition du bâtiment et les obstacles. Ces
informations comprennent l’organisation spatiale du bâtiment (niveaux), les attributs in-
hérents à ces niveaux et les descriptions géométriques des composants du bâtiment.
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Pour chaque niveau (étage), le composant d’extraction récupère des informations concer-
nant les plafonds et la présence de faux plafonds, et identifie les obstacles tels que les
murs, les murs-rideaux, les fenêtres, l’isolation, les portes et les poutres. Ces données IFC
extraites seront traitées pour les préparer au deuxième composant, qui est la modélisa-
tion de la zone de déploiement. La fonction principale du composant de modélisation
de la zone de déploiement est de faciliter le processus d’optimisation en transformant
les données brutes générées par le composant d’extraction de données en un format im-
médiatement utilisable. Cette approche évite une boucle infinie de calcul de coordonnées
spatiales continues des points de déploiement où les capteurs pourraient être placés. Pour
ce faire, nous supposons que les capteurs ne peuvent être déployés que dans les faux pla-
fonds disponibles ou dans les plafonds. Ensuite, nous organisons les points spatiaux de
cette zone de déploiement (faux plafonds ou plafonds) en zones virtuelles distinctes, per-
mettant le placement des capteurs au centre de ces zones.

Modélisation du problème de déploiement de RCSF

Dans cette thèse, nous avons modélisé le RCSF comme un ensemble de capteurs fixes.
Tous les capteurs de ce réseau partagent des caractéristiques communes telles que la
portée de détection, la portée de communication et la puissance de transmission. De plus,
la zone cible représente un étage du bâtiment et est modélisée par le système de modéli-
sation basé sur le BIM. Elle contient un ensemble d’obstacles statiques et un nombre fini
de zones de déploiement représentant les emplacements potentiels où les capteurs peu-
vent être déployés. Chaque obstacle est caractérisé par sa forme, son emplacement et son
matériau de construction. La zone cible comporte également un nombre fini de points
cibles à couvrir par le RCSF.

Nous avons également modélisé la topologie du RCSF en utilisant un vecteur binaire de
longueur égale au nombre de zones de déploiement calculées par le système de modélisa-
tion basé sur le BIM. Chaque variable de décision dans le vecteur indique la présence ou
l’absence d’un capteur dans la zone de déploiement correspondante.

Réparation de la connectivité des RCSFs non connectés

Pendant la création des topologies de RCSF, la présence d’obstacles dans les bâtiments
peut diviser le réseau en segments isolés de capteurs. Cette fragmentation perturbe la
communication entre ces segments et entraîne une perte de données collectées par les par-
titions de capteurs isolées. Pour maintenir la contrainte de connectivité lors de la généra-
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tion des topologies de réseaux par les méthodes d’optimisation, trois méthodes sont en-
visagées : l’imposition de pénalités sur les topologies non connectées, l’adaptation des
opérateurs d’optimisation pour générer exclusivement des topologies interconnectées, et
la réparation de la connectivité des topologies non connectées à chaque itération. Dans
cette thèse, nous avons choisi la troisième approche de gestion de la connectivité, car elle
surmonte les limitations des méthodes précédentes. Ainsi, pour résoudre ce problème,
nous avons développé deux heuristiques de réparation de la connectivité pour corriger
les topologies de capteurs en cas de multiples partitions disjointes. Les deux heuristiques
sont basées respectivement sur l’algorithme de Dijkstra et sur l’arbre de Steiner minimum
afin de minimiser le nombre de nœuds supplémentaires tout en préservant la topolo-
gie initiale. La première heuristique est adaptée aux zones sans obstacles ou avec peu
d’obstacles, connectant les segments les plus proches à l’aide de l’algorithme de Dijkstra.
La deuxième heuristique convient davantage aux zones avec des obstacles opaques. Les
tests de simulation ont confirmé l’efficacité de nos méthodes par rapport aux approches
existantes dans la littérature.

Approches mono-objectif pour le déploiement de RCSF dans

les bâtiments intelligents

La résolution du problème de déploiement de RCSF consiste à trouver la position op-
timale de chaque capteur dans la zone cible tout en assurant un bon compromis entre
la couverture du réseau et le coût. Un réseau entièrement interconnecté est également
nécessaire afin d’éviter la perte de données collectées par des nœuds isolés. Le problème
de déploiement de RCSF a été démontré comme étant un problème d’optimisation com-
binatoire NP-difficile [4]. Sa complexité peut augmenter significativement en raison de
divers facteurs, tels que le type de zone de déploiement (indoor/outdoor), sa dimension
(2D/3D), l’hétérogénéité des obstacles, l’hétérogénéité des capteurs, ainsi que le nombre
de fonctions objectifs à optimiser [5]. Ainsi, l’application de méthodes exactes au prob-
lème de déploiement multi-objectif de RCSF est une tâche chronophage, caractérisée par
une complexité considérable, particulièrement pour les zones de déploiement de grande
et moyenne taille [5]. Par conséquent, les métaheuristiques se présentent comme des alter-
natives aux méthodes exactes, permettant de trouver des solutions quasi-optimales dans
un temps d’execution raisonnable.

L’objectif de ce chapitre est d’étudier le comportement et de comparer les performances
des métaheuristiques dans le contexte de la résolution du problème de déploiement des
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RCSFs dans des environnements indoor de différentes surfaces. Les résultats de cette
évaluation ont été ensuite exploités pour formuler une approche hybride mono-objective
visant à améliorer davantage la qualité des topologies générées.

Metaheuristiques mono-objectif pour le déploiement de RCSF

Dans cette section, nous nous sommes basés sur l’étude présentée dans [5] et [6] pour
sélectionner les algorithmes les plus populaires utilisés pour résoudre le problème de
déploiement de RCSF, notamment l’algorithme génétique [7] (GA), l’évolution différen-
tielle [8] (DE), l’algorithme de Cuckoo Search [9] (CS), l’algorithme de Particle Swarm
Optimization [10] (PSO), Grey Wolf Optimizer [11] (GWO), et Bat algorithm [12] (BA) et
Harmony Search [13] (HS). Les tests expérimentaux sont effectués sur dix architectures
indoor, chacune présentant des superficies, des nombres, et des distributions d’obstacles
hétérogènes différents. Cela permet de tester leurs performances dans différents scénarios
et évalue également leur capacité de mise à l’échelle.

Les résultats obtenus montrent que les algorithmes DE, GA et HS présentent des perfor-
mances similaires pour les architectures indoor de petite et moyenne taille. À l’inverse,
les algorithmes PSO, CS et BA se sont révélés les moins efficaces pour tous les scénarios
considérés. En revanche, le GWO a obtenu les meilleurs résultats dans tous les scénar-
ios, démontrant ainsi son efficacité et sa capacité à résoudre le problème même dans les
scénarios les plus complexes.

Méthode hybride basée sur Grey Wolf Optimizer pour le déploiement

de RCSF

En se basant sur les résultats obtenus dans l’etude comparative qui ont validé l’efficacité
et la mise en échelle du GWO par rapport aux autres algorithmes, nous proposons une
approche novatrice basée sur le GWO binaire pour résoudre le problème du déploiement
de RCSF dans les environnements indoors. L’approche proposée intègre une heuristique
basée sur l’arbre de Steiner afin de réduire les coûts de déploiement tout en maintenant la
connectivité et le taux de couverture de la topologie en question en tant que contraintes.
La tâche de déterminer quels capteurs peuvent être désactivés dans le réseau est com-
plexe, car la désactivation de capteurs inappropriés peut entraîner un partitionnement du
réseau ou une diminution de la couverture. Notre heuristique basée sur l’arbre de Steiner
vise à identifier un sous-ensemble de capteurs au sein d’une topologie RCSF qui devrait
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être préservé pour garantir la couverture des mêmes points cibles tout en satisfaisant la
contrainte de connectivité. Les performances de la méthode développée ont été évaluées
sur six scénarios dérivés de trois bases de données BIM et comparées à quatre variantes
du GWO proposées dans la littérature. Les résultats des tests montrent que notre méthode
développée surpasse toutes les autres variantes du GWO, et cela pour tous les scénarios.

Approches multi-objectifs pour le déploiement de RCSF dans

les batiments intelligents

Dans notre deuxième contribution, nous avons traité les objectifs conflictuels de déploiement
simultanément. L’avantage de ces méthodes par rapport aux approches agrégées réside
dans leur capacité à fournir aux décideurs un ensemble de solutions optimales de Pareto
qui couvrent plus largement l’espace de recherche. À cette fin, dans ce chapitre, nous pro-
posons d’examiner les performances des algorithmes évolutionnaires et des algorithmes
multi-objectifs basés sur les essaims pour traiter le déploiement des capteurs, en tenant
compte à la fois de la couverture et du coût de déploiement simultanément. Ensuite,
nous introduisons un algorithme hybride multi-objectifs qui combine MOGWO (Multi-
Objective Grey Wolf Optimizer) avec NSGA-II (Non-dominated Sorting Genetic Algo-
rithm II) pour améliorer le processus d’exploitation. De plus, une recherche locale en deux
étapes est introduite avec une certaine probabilité pour améliorer davantage la qualité des
topologies produites.

Metaheuristiques multi-objectif pour le déploiement de RCSF

Pour cette étude comparative, nous avons sélectionné deux algorithmes évolutionnaires
multi-objectifs : Non-dominated Sorting Genetic Algorithm (NSGA-II) et Strength Pareto
Evolutionary Algorithm (SPEA-II), ainsi que des métaheuristiques basées sur les essaims
qui sont : Multi-objective Particle Swarm Optimization et Multi-Objective Grey Wolf Op-
timizer (MOGWO), pour résoudre le problème de déploiement des RCSF et évaluer leurs
performances dans dix scénarios indoors. Les résultats obtenus ont démontré l’efficacité
et la supériorité de NSGA-II et de MOGWO en termes d’indicateurs de l’hypervolume et
de distance générationnelle inversée (IGD).
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LHNSGA-II : NSGA-II hybride avec recherche locale pour le déploiement

de RCSF

Sur la base des résultats de l’étude comparative précédente, nous avons introduit un nou-
velle approche hybride, appelé LHNSGA-II, qui combine NSGA-II avec MOGWO et une
recherche locale. LHNSGA-II utilise une approche hybride séquentielle, où MOGWO
s’exécute pendant les premières itérations afin de produire une archive de solutions non
dominées de haute qualité. Ensuite, cette archive est intégrée à la population initiale de
NSGA-II, qui continue son exécution pour les itérations restantes. Cette intégration aide
NSGA-II à améliorer sa capacité d’exploitation tout en préservant la diversité de la popu-
lation. La recherche locale proposée vise à améliorer davantage la couverture et les coûts
de déploiement des topologies de RCSFs résultantes. Elle comprend deux phases, la phase
initiale se concentre sur l’augmentation de la couverture du réseau, tandis que la phase
suivante vise à réduire les coûts de déploiement. Les résultats obtenus montrent que
LHNSGA-II surpasse à la fois MOGWO et NSGA-II, atteignant des solutions de haute
qualité en termes d’hypervolume et d’IGD en moins d’itérations.

Estimation de la zone de détection des capteurs électromag-

nétiques dans les bâtiments intelligents

Ce chapitre introduit un nouveau modèle de détection pour les capteurs électromagné-
tiques dans les bâtiments intelligents. Le modèle de détection proposé peut être intégré
aux approches de déploiement pour améliorer davantage leur précision. L’objectif est
d’évaluer la puissance des signaux de détection dans la zone de déploiement et d’identifier
à la fois les zones couvertes et non couvertes par un capteur donné, tout en tenant compte
de l’hétérogénéité des obstacles.

Modèle de détection proposé dans les bâtiments intelligents

Le processus de détection est une tâche de régression par pixel qui consiste à déterminer
la puissance du signal de détection réfléchi de chaque emplacement dans la zone consid-
érée. En s’appuyant sur ce principe, notre modèle de détection proposé est basé sur le
modèle SDU-Net (U-Net utilisant des convolutions dilatées empilées), une variante du
modèle U-net adaptée à la régression par pixel. L’objectif de notre modèle de détection
est d’identifier les zones couvertes et non couvertes dans la zone de déploiement. Cela est
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réalisé en générant une carte des signaux illustrant la puissance des signaux de détection
réfléchis de toutes les positions dans la zone de déploiement. Ainsi, les zones où la puis-
sance du signal de détection dépasse le seuil de sensibilité du capteur sont considérées
comme couvertes, sinon le signal est interprété comme du bruit indiquant que les zones
correspondantes ne sont pas couvertes.

L’entrée du modèle de détection proposé décrit la zone de propagation où le capteur est
déployé. Elle comprend quatre canaux : permittivité, conductivité, distance et Line of
sight (LoS). La sortie de notre modèle de détection représente une carte de puissance du
signal, modélisée par une matrice de la même taille que le tenseur d’entrée. Chaque cellule
de la sortie représente une position dans l’environnement indoor et contient la valeur de
la puissance du signal de détection réfléchi de cette position.

Génération de dataset

Les solveurs de RayTracing 3D disponibles sur le marché ne sont pas capables de simuler
correctement un capteur électromagnétique en une seule phase de simulation. Ces solveurs
effectuent généralement des simulations impliquant la propagation des signaux d’une an-
tenne émettrice à un ensemble d’antennes réceptrices. Une fois la simulation de propaga-
tion terminée, le solveur calcule les caractéristiques essentielles des signaux reçus, telles
que la force du signal et le temps d’arrivée. Cependant, lorsqu’il s’agit de capteurs électro-
magnétiques, notre intérêt porte sur la force des signaux de détection réfléchis provenant
de chaque emplacement de la zone de propagation. Ces informations sont cruciales pour
identifier les emplacements couverts (où le capteur peut détecter une présence humaine)
et ceux qui ne le sont pas. Pour simuler avec précision le principe de fonctionnement com-
plet d’un capteur électromagnétique, nous avons suivi un processus en deux étapes. Tout
d’abord, ous avons simulé la propagation des signaux de détection dans toutes les direc-
tions au sein de la zone de déploiement indoor. Ensuite, nous avons simulé la réflexion
de ces signaux vers le capteur. Toutes les simulations ont été réalisées à l’aide du logiciel
Wireless InSite.

Pour ce dataset, nous avons généré 13 environnements indoor basiques. Dans chacun
d’eux, nous avons varié les matériaux de construction parmi le placoplâtre, le bois, le
béton, le verre et la brique, qui sont des matériaux couramment utilisés dans la construc-
tion des bâtiments. De plus, nous avons créé 23 environnements indoor complexes avec
des agencements architecturaux diversifiés. Pour chaque architecture indoor, nous avons
configuré une antenne émettrice (Tx) et un ensemble d’antennes réceptrices (Rx). Le nom-
bre d’antennes Rx variait en fonction de l’agencement architectural. Après, nous avons
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effectué une simulation en deux étapes pour chaque scénario, où nous avons reconfiguré
toutes les antennes afin de simuler le capteur et transmettre les signaux de détection reçus.
Par la suite, nous avons généré des cartes de la puissance du signal reçu pour identifier
les emplacements couverts par le capteur.

Le dataset a été augmenté en appliquant des rotations et des retournements sur les entrées
existantes. En fonction de l’environnement indoor, diverses opérations peuvent être ap-
pliquées, notamment une rotation de 90 degrés, une rotation de 180 degrés, une rotation
de 270 degrés, un retournement vers la gauche, un retournement vers le bas, un retourne-
ment vers la gauche suivi d’une rotation de 90 degrés, et un retournement vers le bas suivi
d’une rotation de 90 degrés.

Intégration du modèle de détection proposé avec l’approche générale de

déploiement du RCSF

Le modèle de détection développé peut être intégré aux approches de déploiement pro-
posées pour évaluer la couverture du réseau. Ces approches génèrent des schémas de
déploiement de RCSF, représentés par des vecteurs binaires qui assignent les capteurs à
des zones de déploiement désignées. Pour calculer la couverture pour une topologie don-
née de RCSF, le processus commence par examiner le vecteur binaire pour identifier les
positions de tous les capteurs, telles que déterminées par la méthode d’optimisation. En-
suite, pour chaque capteur, les étapes suivantes sont effectuées : identifier la position du
capteur par ses coordonnées dans le bâtiment et extraire les caractéristiques des obstacles
du bâtiment qui se trouvent dans la zone de détection maximale du capteur. Cela inclut
l’architecture intérieure, les formes et l’épaisseur des obstacles, ainsi que leurs matériaux
de construction. Les données extraites du bâtiment, issues d’un fichier IFC, sont ensuite
traitées par des modules d’interprétation et d’organisation des données géométriques
pour convertir ces informations en données exploitables. À partir de là, les canaux du
tenseur d’entrée correspondant (canal de permittivité, canal de conductivité, canal de
distance et canal de line of sight) sont générés pour la zone donnée. Enfin, la carte de
puissance du signal de détection est générée en appliquant le modèle entraîné au tenseur
d’entrée. Tous les points cibles à l’intérieur de la couverture du capteur sont identifiés
en comparant la puissance du signal prédite avec le seuil de sensibilité du capteur, déter-
minant ainsi si chaque point cible est considéré comme couvert ou non par le capteur.
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INTRODUCTION

Context of the thesis

Wireless sensor network (WSN) represents a promising paradigm of networking and com-
puting. It is an ad-hoc network of homogeneous or heterogeneous sensor nodes that sense
physical environments and transmit data to a base station for further processing. In big
sensor networks covering vast regions, such as in the context of smart cities, the network
may incorporate some sink nodes characterized by an extended communication range.
These sink nodes serve as gateways to relay the sensed data to the central base station.
Diverse sorts of sensor nodes are available on the market, including light sensors, tem-
perature sensors, pollution sensors, occupancy sensors, gas sensors, etc. Therefore, they
are presently employed in many fields, namely military monitoring and tracking, health
care, industry, environmental monitoring, smart agriculture, and smart buildings. Each
application domain has its specifications and requirements for the quality of service (QoS)
metrics that should be met when deploying the sensor network.

Contrary to traditional networks that focus on Quality of Service (QoS) metrics like through-
put, delay, latency, and packet loss, Wireless Sensor Networks (WSNs) prioritize alterna-
tive criteria. These include coverage, connectivity, energy consumption, network lifes-
pan, and deployment cost [14]. Each application prioritizes certain metrics based on its
requirements. For instance, applications targeting hostile environments need to optimize
network lifespan and energy consumption since the recharging of depleted nodes is a very
complicated task, and in several scenarios, its fulfillment appears to be impossible. Con-
versely, such metrics hold lower importance for applications designed for smart buildings
or home automation. However, all WSN applications need to optimize network coverage
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and guarantee connectivity to prevent data loss.

One of the most widespread applications of sensor networks in the modern era is smart
buildings. Smart buildings are structures equipped with specific features aimed at en-
hancing user comfort and reducing total energy consumption. Given that buildings con-
sume approximately 36% of global energy [15], reducing energy usage is a primary focus.
This can be achieved through the automatic adjustment of heating, ventilation, and air
quality monitoring (HVAC) systems. To ensure these functionalities, smart buildings ne-
cessitate the deployment of WSNs to collect data on human presence detection, people
counting and tracking, recognition of human activities, as well as environmental factors
like ambient temperature and indoor air quality. The aforementioned data will be subject
to analysis and processing to formulate a comprehensive action plan. This plan includes
intelligent actions executed by actuators such as the adjustment of lighting and HVAC
systems and the control of electronic door and window locks.

Thesis challenges

Designing the deployment scheme of a WSN in a smart building requires finding the best
position for each sensor so that the overall coverage of the network will be maximized.
Along with optimizing network coverage, minimizing the number of sensor nodes is im-
perative to mitigate deployment costs, particularly when the WSN involves expensive
nodes such as electromagnetic sensors [5]. Furthermore, the network connectivity should
be maintained for the generated topologies in order to prevent having isolated sensors
and thus avoid any potential data loss. This turns WSN deployment into a constrained
multi-objective problem that simultaneously optimizes network coverage and cost under
the connectivity constraint.

Conventional approaches to WSN deployment involve a manual placement of sensors,
with an iterative assessment of the requisite QoS metrics until a satisfactory deployment
is attained [16]. These methodologies necessitate human intervention, and their outcomes
may deviate significantly from optimal solutions. Geometric-based strategies have also
been applied in the literature for deterministic deployments, however, their efficacy is
constrained particularly in scenarios where the geometry of the deployment area exhibits
irregular characteristics. Moreover, since the WSN deployment problem is NP-hard [4],
finding the optimal solution with an exact method is a very time-consuming task that
requires powerful computational resources, especially in the case of large-scale networks.

Given the multi-objective nature of the problem, decision-makers often require a set of so-
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lutions that represent a trade-off between conflicting objectives. As a result, current WSN
deployment approaches employ metaheuristics as they can generate a set of near-optimal
solutions within a reasonable amount of time. Nonetheless, the proposed metaheuristic-
based deployment approaches in the literature present several drawbacks. Firstly, while
metaheuristics can be applied to solve a wide range of optimization problems, some may
be more suitable for specific problems than others [17]. Yet, the proposed solutions of-
ten lack adequate justification for the choice of metaheuristics, as they are typically tested
in oversimplified target areas of small and medium sizes. This limitation makes it chal-
lenging to assess their real performance in complex scenarios and their scalability when
dealing with larger target areas. Additionally, the modeling of WSNs is often oversim-
plified. According to our survey in [5], more than 68% of reviewed metaheuristic-based
approaches use a simple binary sensing model, while 63% do not specify the communica-
tion range or rely on a simple binary communication model.

Typically, deployment approaches for WSN in existing literature lack specification regard-
ing the nature of the target area whether it is indoor or outdoor. The limited number of
approaches specifically designed for indoor environments is associated with a set of con-
straints arising from challenges that include:

– Lack of reliable data source describing the building: A major challenge encoun-
tered in WSN deployment approaches stems from the absence of a comprehensive
and reliable description of the target area. Approaches based on simplistic 2D rep-
resentations often overlook crucial building-related information, notably the char-
acteristics of building obstacles and their influence on sensor signal propagation.
Indeed, Smart buildings present a complex deployment environment characterized
by diverse obstacles of varying dimensions, thickness, and construction materials.
These factors significantly impact the detection and communication signals of sen-
sors, thereby reducing their effective detection and communication ranges. Hence,
it is crucial to consider all building characteristics during sensor design to accu-
rately assess network performance and avoid disparities between simulated and
real-world network efficiency.

– Need for adaptability to new indoor environments: The deployment approach for
WSNs necessitates the modeling of complex target areas where sensors will be de-
ployed. This entails conveying all building characteristics to the deployment opti-
mization module for the efficient computation of sensor positions. Existing deploy-
ment approaches typically start directly with the deployment procedure. This re-
quires frequent re-adaptations and complex remodeling each time a new target area
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is considered. Consequently, the development of an automated solution capable
of modeling any given target area based on comprehensive and reliable building-
specific data stands as a viable solution to this problem.

– Sensor modeling: The modeling of a sensor’s detection zone within a building
is intricate due to the presence of surrounding obstacles. This complexity results
from distortion caused by attenuation and obstruction of detection signals. Conse-
quently, employing binary sensing models and other oversimplified representations
introduces a disparity between the network coverage observed in simulated envi-
ronments and real-world scenarios. This disparity holds significant implications,
particularly in critical applications.

Contributions of the thesis

Considering the aforementioned limitations, this thesis aims to bridge the gap between
theoretical approaches to WSN deployment problem in indoor environments and real-
world scenarios. The primary contributions of this thesis are succinctly summarized as
follows:

– We provided an overview of the WSN deployment problem, focusing on problem
modeling as outlined in the literature, the associated objective functions, and exist-
ing target area models. Also, we performed a comprehensive literature review on
related artificial intelligence solutions with a particular focus on metaheuristics.

– To address the target area modeling challenge, we have developed a module based
on the Building Information Modeling (BIM), which is robust data source providing
detailed building characteristics. This module comprises two primary components:
the data extraction component and the deployment zone modeling component. The
data extraction component acts as a parser and extracts the semantic building data
describing the building layout and obstacles from the BIM database. Subsequently,
the deployment zone modeling component utilizes this extracted data to generate a
series of deployment zones suitable for sensor deployment. Moreover, it transforms
the raw obstacle data into a format readily usable for the deployment approach.

– We formulated the WSN deployment problem as a multi-objective combinatorial
problem and proposed two connectivity repair heuristics based on Dijkstra and
Steiner tree algorithms. These heuristics aim to rectify the connectivity of uncon-
nected WSN topologies generated during the optimization process at a reduced cost.

4



– Given complex nature of the WSN deployment problem, particularly in large smart
building areas, we initially considered merging the coverage and cost objectives into
a single objective to simplify it. This was achieved by aggregating these objectives
into a single fitness function. Subsequently, we conducted a comprehensive compar-
ative study involving seven well-known metaheuristic algorithms frequently used
in the literature for solving the deployment problem. Based on the obtained results,
we proposed a mono-objective deployment strategy based on the Grey Wolf Op-
timizer. This approach incorporates a Steiner Tree-based heuristic to optimize the
generated network typologies by minimizing the number of deployed sensors while
preserving network coverage and connectivity.

– As coverage and cost present conflicting objectives, mono-objective approaches may
have limitations in addressing the deployment problem. Hence, we developed a
hybrid multi-objective metaheuristic to generate a set of Pareto-optimal connected
sensor topologies with a good trade-off between coverage and cost. To design this
approach, we conducted a comparative study involving four multi-objective algo-
rithms tested on ten indoor architectures of varying sizes. The proposed method
incorporates a two-stage local search to further enhance network coverage and re-
duce deployment costs of generated sensor networks.

– To enhance the precision of the deployment approach, we have designed a novel
sensing model based on fully convolutional networks. This model accounts for the
layout of the deployment environment and the presence of heterogeneous building
obstacles, and their influence on the detection signals of electromagnetic sensors.
The output of our sensing model is a signal strength map that identifies the zones
covered by the given sensor within its surrounding environment.

Organization of the thesis

This thesis comprises two parts and 8 chapters. The first part covers the state of the art
in WSN deployment across the first 3 chapters. The second part details the proposed
approach for addressing the WSN deployment problem in smart buildings, presented in
chapters 4 to 7. The content of each chapter is as follows:

– Chapter 1 introduces sensor nodes, discusses their types and classification, and ex-
plores the application of WSNs in the context of smart buildings.
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– Chapter 2 addresses key aspects of the WSN deployment problem as presented in
the literature, including problem definition, objective function modeling, sensing
and communication models, and target area modeling.

– Chapter 3 reviews artificial intelligence approaches for WSN deployment, with a
focus on metaheuristics, hybrid metaheuristics, and machine learning solutions.

– Chapter 4 discusses problem modeling, starting with a detailed BIM-based target
area modeling, followed by problem formulation. It concludes by presenting our
two proposed heuristics for addressing the connectivity constraint.

– Chapter 5 presents a comparative study on WSN deployment using mono-objective
metaheuristics. Subsequently, it introduces a hybrid approach that integrates the bi-
nary grey wolf optimizer with a Steiner tree-based heuristic to optimize deployment
costs.

– Chapter 6 examines multi-objective optimization strategies for solving the WSN de-
ployment problem. It introduces a hybrid method that implements a two-stage local
search to maximize network coverage and reduce deployment cost.

– Chapter 7 introduces a detection zone estimation method for electromagnetic sen-
sors in smart buildings using the U-net architecture with stacked dilated convolu-
tions (SDU-net). The chapter also details the generation process of a dataset, encom-
passing both simple and complex indoor architectures.

– Chapter 8 concludes the manuscript and gives future perspectives.
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CHAPTER 1

BACKGROUND ON WSNS AND SMART BUILDINGS

Wireless sensor networks play a pivotal role as foundational elements facilitating the ad-
vancement of intelligent environments and the development of smart urban structures.
The incorporation of sensor networks, in conjunction with additional technologies and
decision systems, within the framework of smart building structures has resulted in the
transformation of these entities into comfortable living environments characterized by re-
sponsiveness, adaptability, and energy efficiency. In this chapter, preliminary concepts
related to sensor networks are discussed first, followed by a brief presentation of smart
buildings and their features. Finally, the applications of sensors within smart buildings
are presented.

1.1 Preliminaries

1.1.1 Sensors

A sensor node is a tiny device that typically comprises four units [18]: sensing unit, pro-
cessing unit, communication unit, and power unit (see Fig. 1.1), yet additional compo-
nents, such as mobilizer and location finding system, may be added to fulfill other tasks.
The sensing unit contains a sensor and an analog-to-digital converter (ADC). Thus, sen-
sors detect events that occur within their sensing range, also called sensor detection zone,
and then convert analog signals into digital signals for further analysis in the processing
unit. Based on the sensor sub-unit, we distinguish two types of sensor nodes: contact and
non-contact sensor nodes.

10



Sensor

ADC

Processor

Storage

Sensing Unit Processing Unit Communication
Unit

Transceiver

Power Unit

Figure 1.1: Sensor node architecture.

Contact sensor nodes require physical contact with the target in order to perform their
measurements; examples of contact sensors include thermocouples, thermistors, and re-
sistance temperature detectors. This type of sensors does not have a detection zone, but
their readings are related to their local positions. In contrast, non-contact sensors, such as
those utilizing the Hall effect and the Magnetoresistive effect, rely on physical phenomena
that do not necessitate direct contact with the target. As a result, they can monitor wider
areas. The second component is the processing unit, which consists of a processor for ex-
ecuting programs and a tiny storage unit for storing gathered data. The communication
unit connects the sensor node to the network by enabling data transmission and reception.
The last component is the power unit which supplies power to all operating parts of the
sensor node.
Sensor nodes are classified based on three principal factors: the embedded sensing tech-
nology, the sensing type, and the sensing direction. Fig. 1.2 depicts the sensor sub-classes
regarding each factor.

Sensors classification

Sensing technology Sensing type Sensing direction

Resistive sensors

Capacitive sensors

Inductive sensors

Magnetic sensors

Ultrasonic sensors

Electromagnetic sensors

Contact sensors

Non-contact sensors

Directional Sensors

Omnidirectional sensors

Figure 1.2: Classification of sensor nodes.
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Figure 1.3: Directional sensor vs Omnidirectional sensor.

Sensing technology defines the sensor behavior in response to a physical, chemical, or
biological stimulus. This behavior can be translated into a variation of its electrical re-
sistance, capacitance, inductance, etc., and then mapped into a suitable output value [19].
In addition, the sensor behavior is also affected by the sensing direction. A directional
sensor node can perceive in only one direction at a fixed view [20]. In contrast, an omni-
directional sensor node has the ability to sense in all directions [20]. Fig. 1.3 illustrates an
example of each type.

1.1.2 Wireless Sensor Networks

According to [21], a Wireless Sensor Network (WSN) is an infrastructure-less wireless net-
work, consisting of multiple sensor nodes. Its principal function involves environmental
monitoring, encompassing the collection of data on various physical parameters such as
temperature, humidity, pollution, etc., as well as event detection, including gas leak and
forest fire detection. A WSN can adopt various topologies based on the application re-
quirements. The network topologies for a WSN are as follows:

– Star topology: In this communication topology, all sensor nodes send and receive mes-
sages to a single base station or sink node, with no direct interaction between individ-
ual sensors. The primary advantage of this topology is its simplicity in terms of setup
and management. However, its suitability is constrained for networks deployed across
expansive target areas due to the requisite placement of the base station within the com-
munication range of each sensor.

– Mesh topology: In the mesh topology, sensor nodes can communicate with each other
using either single-hop communication, which occurs within their direct communica-
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tion range, or multi-hop communication, where messages are relayed through inter-
mediate sensors. In multi-hop communication, two communicating sensors need to
forward their messages through intermediate sensors. The principal advantage of this
communication topology lies in its scalability and resilience to node failure, because of
the redundancy of communication paths among sensors. However, it suffers from a
higher energy consumption because of the use of multi-hop communication.

– Tree topology: In this communication topology, sensors are arranged hierarchically in
a tree structure. Each node is permitted to communicate only with its preceding and
succeeding nodes. This makes it susceptible to node failure as there exists only a single
path between source and destination nodes.

– Hybrid topology: Hybrid topologies combine various network structures to leverage
their respective advantages. However, their design and management could be a very
complicated task.

1.2 Smart Buildings

The concept of smart buildings has diverse definitions in both industrial and academic
sectors. Until now, there is no universally agreed-upon definition for the concept of smart
buildings [22] [23]. Numerous definitions of smart buildings have been advanced since
the 1980s [22]. Contemporary characterizations consistently assert that these structures
exhibit high energy efficiency and possess the capability to discern and address occu-
pants’ requirements. Furthermore, they incorporate Building Energy Management Sys-
tems (BEMS) for the purposes of monitoring, control, and supervision, while also re-
sponding to external conditions such as climate [23]. The main features of smart buildings
are summarized as follows [23]:

– Real-time monitoring: This entails the continuous gathering, analysis, and storage of
data concerning physical parameters such as temperature, lighting control, and air pol-
lution monitoring, along with data related to occupant tracking, energy consumption,
water usage, etc.

– Real-time interaction: This entails instantaneous interaction between occupants and
building systems, achieved through the adjustment of various services and control sys-
tems, including lighting and temperature. Additionally, it can be characterized by per-
sonalized settings that adjust the environment based on occupant preferences.
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– Energy management: One of the most critical features of smart buildings is the re-
duction of total energy consumption. This is achieved through the incorporation of
energy-efficient design implementations, including insulation and the integration of ef-
ficient Heating, Ventilation, and Air Conditioning (HVAC) systems customized to the
present occupants’ needs. Additionally, the integration of Renewable Energy Sources
(RES), such as solar photovoltaic panels and wind turbines, enables the building to be
energy-independent and less dependent on traditional grid power.

– flexibility: Flexible energy systems have been developed to address the challenge of
efficiently managing building energy supply following demand throughout the day.
The concept of ’Energy Flexible Buildings’ was introduced by the International Energy
Agency (IEA) and defined as the capacity of a building to manage its demand and pro-
duction of renewable energy based on local climate conditions, user needs, and grid
requirements. The ability of a building to provide energy flexibility is influenced by
factors such as physical characteristics, technologies, control systems, and user behav-
ior.

1.3 Types of sensors in smart buildings

In a smart building, various types of sensors can coexist, each representing a dedicated
sensing system for a specific application. These sensors cover a wide range of functional-
ities, including monitoring environmental conditions such as temperature, humidity, and
air quality, as well as controlling lighting, occupancy detection, activity recognition, and
security systems [24]. The commonly used sensors in smart buildings are:

– Temperature sensors: Temperature sensors are widely applied in smart buildings to
monitor temperature changes in the environment. Within these buildings, they play a
crucial role in HVAC systems, where their primary function is to optimize energy us-
age. By providing accurate temperature readings, these sensors help regulate indoor
temperatures efficiently at reduced costs. The most common types of temperature sen-
sors are thermocouples and thermistors.

– Humidity sensors: Humidity sensors measure the level of water vapor present in the air
within smart buildings. Their primary function is to identify issues such as dryness or
excessive moisture within enclosed spaces in order to ensure a comfortable and healthy
environment for building occupants.
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– Light sensors: Light sensors, also known as photodetectors, are devices designed to
detect light energy (photons) and convert it into electrical signals. Similar to temper-
ature sensors, light sensors play a crucial role in managing building energy. They are
commonly utilized in lighting control systems and light level monitoring applications,
enabling more efficient use of energy resources within the building environment.

– Air quality sensors: These sensors are used in smart buildings to detect the concentra-
tion of particle pollution and measure the level of some harmful gases such as Carbon
Dioxide (CO2) and Ozone (O3) in the indoor air. The reported measurements from these
sensors are used to dynamically adjust HVAC systems to ensure optimal ventilation and
air quality management throughout the building.

– Smoke and fire detection sensors: This type of sensor is used in smart buildings to
enhance safety and security for building occupants. If smoke or fire is detected, these
sensors promptly send alarms to enable quick evacuation of people and to implement
intervention measures in order to mitigate any potential risks.

– Occupancy sensors: These sensors are utilized to detect the presence of people in a spe-
cific area. The primary sensing technologies for this type of sensors include infrared, ul-
trasonic, and microwave sensors. Their working principle is based on detecting changes
in infrared radiation, ultrasonic waves, microwave signals, or other environmental fac-
tors caused by human presence, such as emitting CO2. Occupancy sensors are a corner-
stone in various smart building applications that aim to optimize energy consumption
and enhance the comfort of people. Common examples of these applications include
dynamic heating and air conditioning adjustment, lighting control systems, as well as
security systems.

– Motion sensors: Motion sensors play a pivotal role in smart buildings, serving vari-
ous purposes ranging from enhancing security systems to optimizing occupant com-
fort. They are particularly crucial in applications requiring activity recognition, such
as eldercare systems designed to detect falls. Motion sensors are primarily electromag-
netic sensors that emit radio signals or microwaves. These sensors are based on radar
technology, which involves analyzing the characteristics of reflected signals to identify
occupant behavior within smart buildings. Their detection range is notably larger com-
pared to other sensors; however, they are also more expensive. Therefore, deployment
approaches considering the placement of these sensors should prioritize optimizing de-
ployment costs.
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Since contact sensors cannot cover large areas and generate measurements based on spe-
cific positions, they are strategically placed within smart buildings in strategic positions.
For instance, temperature sensors, classified as contact sensors, require placement in spe-
cific areas far from heat sources and direct sunlight to ensure accurate temperature read-
ings. The same applies to air pollution sensors, which are typically positioned in precise
locations such as occupied spaces like meeting rooms or near sources of pollution sus-
ceptibility. Contact sensors should be positioned in unobstructed locations within smart
buildings to ensure reliable monitoring over time and to prevent misreadings caused by
blockage of airflow or other stimuli. Therefore, deployment strategies for sensors in smart
buildings primarily focus on non-contact sensors mainly electromagnetic sensors. These
sensors have the capability to monitor their surrounding areas effectively. However, their
efficacy may be impeded in the presence of building obstacles, resulting in a diminution
of their detection zones.

1.4 Applications of WSNs in Smart Buildings

WSNs play a crucial role in various applications within smart buildings and contribute
to improving their energy efficiency and occupant comfort. Here are some examples of
WSN applications in smart buildings:

– Environmental Monitoring: Environmental monitoring stands out as a primary ap-
plication of WSN in smart buildings. It entails the collection of environmental and
physical parameters, including temperature, indoor air quality, lighting, humidity, and
more. This data is subsequently utilized and analyzed by intelligent building systems
to dynamically adjust the indoor environment to ensure occupant comfort.

– Occupancy Sensing: Occupancy sensing involves identifying the presence and motion
of individuals. These applications find utility also in activity recognition, particularly in
the health and medical domains, where they are employed for tracking elderly or sick
individuals in their homes.

– Lighting Control: To enhance occupant comfort and optimize energy consumption,
smart buildings automatically adjust artificial lighting based on occupants’ presence
and natural lighting conditions, creating a comfortable lighting environment.

– Safety Monitoring: Ensuring occupant safety stands as a primary function of smart
buildings. This is achieved through the deployment of various safety sensors, including
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those for fire and smoke detection, gas, and water leaks. The data collected by these
sensors is then utilized by safety systems to initiate early actions and minimize potential
damage.

1.5 Conclusion

In this chapter, we introduced sensor nodes and WSNs, provided a definition of smart
buildings and their distinctive features, and illustrated examples of sensor network appli-
cations in such environments. In the subsequent chapter, we will define the WSN deploy-
ment problem. We will present the related objectives modeling that exist in the literature
as well as the sensing and communication models describing sensor signal propagation.
Finally, we will discuss diverse modeling approaches used in literature to characterize
target areas for sensor network deployment.
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CHAPTER 2

WSN DEPLOYMENT METRICS AND TARGET AREA

MODELING

2.1 Introduction

WSN design and deployment is a complex task since it has a direct impact on the per-
formance of the network and consequently on the applications using it. Furthermore,
several critical applications such as health care, military, or even environment monitoring
applications require a specific degree of quality of service (QoS), namely coverage, cost,
connectivity, and network lifetime. Therefore, the research community has suggested sev-
eral metrics also called optimization objectives, to tackle the problem of WSN deployment.
Each objective may have various mathematical models, each with a certain accuracy level.
In this chapter, we will present a general reference optimization model for the WSN de-
ployment problem, including the decision variables, the salient optimization objectives,
and the feasible constraints considered in the WSN deployment problem.

2.2 WSN deployment problem

Solving the problem of WSN deployment consists of finding the best positions for sen-
sors in the target area to ensure optimal coverage, connectivity, and other performance
metrics. This entails considering several factors regarding the sensor characteristics and
the target area, as well as its corresponding obstacles. The decision variables of the WSN
deployment method refer to the locations of sensor nodes in the target area. There are
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mainly two representations of the decision variables, the vector representation, and the
grid representation. In the former representation, the deployment scheme is defined as an
array of Cartesian coordinates where the cell i represents the position (xi,yi) of the sensor
i. Each decision variable (xi,yi) must fulfill the constraints of the upper and lower bounds
of the area of interest. In the latter representation, the deployment solution is defined by a
grid of L rows and W columns. Each cell celli,j of the grid corresponds to specific zone in
m2 in the real environment. Also, each value Vi,j of the celli,j represents a binary decision
variable, defined as follows: Vi,j = 1, if the cell contains a sensor node, whereas Vi,j = 0
otherwise. The grid representation could be flattened and converted into a binary vector.

(X1, Y1) (X2, Y2) (Xi, Yi) (Xn-1, Yn-1) (Xn, Yn)... ...

position of sensor i 

Deployment solution

Figure 2.1: The vector representation of the decision variables

V1,1 V1,m... ...

Deployment solution

V1,k

... ...

... ...

... ...

Vm,1 Vm,m... ...Vm,k

...

......

...

...

...

...

...

Figure 2.2: The grid representation of the decision variables

2.3 Objective functions modeling

In this section, we will review the most important metrics considered during the deploy-
ment of sensors in both indoor and outdoor environments. These metrics include network
coverage, deployment cost, network lifespan, and energy consumption. In the deploy-
ment process, these metrics are regarded as objective functions that must be optimized.
Thus, we will provide in this section their corresponding modeling, as outlined in existing
literature.
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2.3.1 Coverage

The primary function of WSNs is to monitor the environment and sense specific events.
Therefore, coverage is identified as a salient performance metric that must be prioritized
in WSNs deployment design. Mainly, coverage is classified into three types: target (point)
coverage, barrier coverage, and area coverage.
Target coverage: in target coverage, sensor nodes are deployed to monitor a set of target
points that could be static [25], or mobile [26]. This type of coverage is widely used in
military applications in which a set of locations must be controlled. Another variant of
the target coverage problem is Q-coverage [27]. This latter adds QoS requirements, such
as each target point should be covered by a predefined number of sensors. Moreover, a
periodic target coverage called sweep coverage was tackled in the literature [28, 29, 30]; it
seeks to deploy fewer mobile sensors to monitor a set of target points. The real challenge
with this coverage type is scheduling a small number of mobile sensors to periodically
supervise target points while consuming as little energy as possible.
Barrier coverage: It is used to protect the borders of critical regions or infrastructures such
as territory frontiers from intruders that try to penetrate them [31]. A strong barrier cov-
erage is provided by deploying sensor nodes in irregular belt shape to form a barrier with
no gaps so that intruders can not traverse the region whatever the crossing path they use.
Area coverage: The goal of area coverage is to monitor a target region so that every loca-
tion is within the sensing range of one or more sensor nodes[32]. Classical area coverage
methods often assume a 1-coverage, meaning that every point in the region of interest
must be covered by at least one sensor node. Yet, critical applications such as gas leak-
age explosions require higher accuracy. For that, researchers use the k-coverage technique
[33] to ensure that every location in the target area is within the sensing ranges of k sensor
nodes.
The coverage function depends mainly on the sensing model and the environment mod-
eling:

– Impact of the sensing model: According to [34], the sensing model is the mathematical
formula used to estimate the probability that a target point is within the detection zone
of a sensor node. Thus, the coverage function applies it to assess the detection zone
for each sensor in the network. Consequently, any inaccuracy of the sensing model
will result in erroneous estimation of the full network coverage since it could lead to a
significant disparity between real and predicted sensed data and skew any information
derived from this data. This will be a serious network performance issue, especially
for mission-critical applications requiring high QoS. The sensing models used in the
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literature are detailed in Section 2.5.1.

– Impact of the environment modeling: Accurate target area modeling enables measuring
the detection zone of each sensor node in relation to the surrounding obstacles, thereby
improving coverage estimation of the coverage function. A basic environment model-
ing, on the other hand, imposes strong assumptions that may not be met in reality, and
so the coverage estimation may not reflect the true coverage of the sensor network. This
will be more detailed in Section 2.6.

There are primarily two approaches for assessing the network’s overall coverage in the
case of coverage area: the grid model and the sensing zones aggregation model. The
matrix technique depicts the region of interest as a grid, with sensors positioned in the
center of cells. Each cell is meant to be covered if its center is within the detection zone
of a sensor node. In this case, the coverage model will be the ratio of covered cells to the
total number of cells:

Coverage(Z,S) =
∑H×W

i=1 Cov(celli,S)
H ×W

(2.1)

Where H and W represent the length and the width of the matrix (area of interest) respec-
tively, S is the set of sensor nodes to be deployed, Z is the whole zone (all the cells in the
matrix), and Cov(celli,S) is the probability that the celli is covered by the set S and it is
computed using a sensing model. If the cells of the grid have different degrees of impor-
tance, then each coverage probability of a given cell will be multiplied by a preset weight.
The sensing zones aggregation model considers the union of all sensor detection zones.
This method is more accurate than the grid method since it computes the actual covered
regions. It is computed as follows :

Cov(Z,S) =
∥ ∪∥S∥j=1 detZ(sj)∥

Z
(2.2)

Here the detZ function computes the sensing zone of a given sensor.

2.3.2 Network lifetime

WSN lifetime represents the duration in which the network can fulfill its mission prop-
erly. It has several definitions that coexist in the literature. It can be described as the
time duration of the sensor network until the first sensor node runs out of energy [6]. Its
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mathematical model can be formulated as follows:

Li f etimenetwork = min(li f etime(nodei)i=1,..,N) (2.3)

The network lifetime is also defined as the ratio of the time until one of the sensor nodes
run out of energy, i.e. the time until the first sensor node failure to the maximum lifetime
of the sensor network. It is also modeled as follows:

Li f etimenetwork =
min{Tf ailurei}i=1,..,N

Tmax
(2.4)

Where min(Tf ailurei)i=1,..,N represents the maximum number of sensing cycles before the
first sensor node runs out of energy and Tmax is the maximum sensing cycles of the net-
work.

2.3.3 Energy consumption

Energy consumption is a crucial concern in WSNs deployed in challenging environments
since sensor nodes are energy-constrained devices. They consume energy while sensing
the environment, processing, transmitting, and receiving data. Moreover, in some sit-
uations, the communication subsystem could engender other sources of wasted energy
[35], such as in the case of packet collisions, overhearing, control packet overhead, idle
listening, and interference [35]. Therefore, various solutions for energy conservation were
proposed in the literature to extend the WSN lifespan [36, 37, 38, 39, 40]. Each solu-
tion deals with a specific aspect such as data reduction-based techniques, duty cycling
techniques, and energy-efficient routing. We distinguish two major approaches in data
reduction-based techniques: data prediction and data compression. The data prediction
approach attempts to describe the sensed data by establishing a model. This latter will be
exploited to generate data instead of using real gathered ones, and it can be built using
stochastic approaches, time series forecasting, and algorithmic approaches [41]. On the
contrary, the data compression approach uses the real sensed data while decreasing the
number of bits that must be transferred; hence, the energy used for communication will
be preserved. Duty cycling techniques schedule the activity of sensor nodes [35] so that
sensors are switched off when they do not impact the network’s functionality. Another
technique used for energy conservation is the design of energy-efficient routing protocols
that intend to find the most effective path for end-to-end packets transmission while con-
sidering the residual energy for each sensor node. The mathematical model [42] used to
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describe the energy Econs consumed by a set of sensor nodes in a given path is:

Econs =
N

∑
k=1

((taccess
k + tprocess

k ) ∗ Eoperate
k + Etrans

k ∗ tmsg) (2.5)

Where taccess
k and tprocess

k correspond to the time needed by node k to acquire and pro-
cess data respectively, N represents the number of nodes in the path, tmsg is the message
transmission time duration, Eoperate

k and Etrans
k are the operational power and transmission

power of node.

2.3.4 Deployment cost

The deployment cost is an essential factor in designing the WSN deployment scheme. It
can be defined as the total cost of purchasing and positioning all sensor nodes in the target
area. It can be represented as follows:

Costwsn = costsensor ∗ |SN| (2.6)

Where SN represents the number of sensor nodes and costsensor represents the price of
purchasing and positioning one sensor.

2.4 Feasibility constraint: Network connectivity

Multiple constraints may be taken into account during the deployment process, depend-
ing on the application requirements. However, it is imperative that network connectivity
is considered in all deployment methodologies to ensure the generation of feasible net-
work topologies. Without complete connectivity among sensor nodes, there is a risk of
losing gathered data which my lead to inaccurate monitoring. Two sensor nodes are con-
nected if they can exchange data in both directions. A sensor network is connected if there
exists at least one path between each pair of sensors. Furthermore, a k-connectivity with
(k >= 1) means that there exist at least k distinct communication paths between each pair
of sensors. Several models have been proposed in the literature to assess the communica-
tion probability between two sensors as highlighted in Section 2.5.2.
The connectivity constraint of WSN in the deployment problem has been handled in the
literature following one of these techniques:
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– Imposing penalties on unconnected topologies: This technique involves adding
a penalty to the fitness function of unconnected topologies to reduce their selec-
tion probability. The primary drawback of this technique lies in the absence of a
guarantee to produce connected topologies even in the case of big population sizes.
Furthermore, the likelihood of the best topology being unconnected increases signif-
icantly when dealing with extensive sensor networks deployed in large target areas
with obstacles.

– Adapting the operators of optimization methods to exclusively generate connected
topologies: This technique is based on the adjustment of the optimization operators
or position update techniques used by optimization algorithms to generate new so-
lutions under the connectivity constraint. The main drawback of this technique lies
in its complex and challenging implementation and limited applicability across var-
ious optimization algorithms. Additionally, it restrains the exploration capability
of the optimization algorithm by restricting the examination of potential search re-
gions. Consequently, this limitation makes the algorithm converge towards potential
local optima, thereby decreasing population diversity.

– Repairing connectivity of unconnected topologies during each iteration of the op-
timization process: This approach addresses the limitations of the previously men-
tioned techniques. It retains the same optimization operators and position update
techniques to allow a broader exploration of the search space. After each optimiza-
tion iteration, unconnected topologies are repaired by adding the minimum number
of necessary nodes to establish connectivity between sensor sets.

2.5 Sensing and communication models

2.5.1 Sensing models

Several sensing models have been proposed in the literature to estimate the detection
zone of sensor nodes [43, 44, 45, 46]. These models are categorized into omnidirectional
and directional sensing models, depending on the direction of the sensing range [20].
Most of these models do not consider the environmental impact (shadowing and signal
attenuation) and sensor characteristics simultaneously. This issue affects the computation
of sensors locations since the models, in most cases, do not reflect real-world scenarios.
In what follows, we will define the most frequently used sensing models, which we have
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divided into two categories: deterministic models and probabilistic models. We compare
between this models in Table 2.1.

Deterministic sensing model

Also called the Boolean model or the Binary model, is the most commonly used model in
the literature because of its simplicity. This model assumes that the detection zone of a
sensor node is a uniform disk of radius Rs (Rs is the sensing range of the sensor). That is
to say, any event that occurs within the disk will be captured by the sensors; otherwise,
it can not be detected. This model considers only the Euclidean distance between the
sensor node and events or target points and does not consider other external factors such
as obstacles or signal strength. The probability detection of this model is given in Eq.2.7:

Pdet(P, s) =

1 if d(P, s) ≤ Rs

0 otherwise
(2.7)

Where d(P, s) refers to the Euclidean distance between the point P and sensor s, Rs is the
sensing range of sensor s, and Pdet(P, s) is the probability that the target point or the event
P is within the sensing range of sensor s.

Probabilistic sensing model

It assumes that a probabilistic distribution models the sensing range of a sensor and any
event that occurs within the sensing zone will be detected with a certain probability. This
latter depends on the sensing model applied. In what follows, we will present the princi-
pal probabilistic models found in the literature.

– Sigmoid model: This model was used in [47] to conceive membership functions for
sensing range (distance) and sensing angles, and then the final detection probability
is the multiplication of membership functions. The probabilistic membership func-
tion of distance is given as follows:

Pdet(d) = 1− 1
1 + eβ(d−Rs)−td

(2.8)

Where d is the Euclidean distance between the event or the target point and the
sensor, β and ts are two adjustable parameters according to the characteristics of the
sensor, and Rs is the sensor sensing range.
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– Attenuated disk model: This sensing model assumes that the sensing ability of a
sensor decreases when the distance separating it from the event (or target point)
gets longer [48]:

Pdet(d) =
λ

dα
(2.9)

Where λ is a constant, d represents the Euclidean distance between the sensor and
the target point, and α is the path attenuation exponent reliant on the environment.

– Probabilistic model with noise: this sensing model is similar to the attenuated disk
model, yet it considers the impact of the environment on the sensing ability of the
sensor. For this, it includes a noise energy η that follows the Gaussian distribution.

Pdet(d) =
λ

dα
+ η (2.10)

– Exponential model: this model measures the sensing attenuation based on the dis-
tance d between the sensor and the target point [49].

Pdet(d) = e−αdβ
(2.11)

α and β represent the degree of sensing attenuation.

– Shadow fading model: in this model, the sensing ability of a sensor node is not
regular in all directions because of the existence of obstacles [50].

Pdet(d) = Q(
10ηlog10(d/rs)

σ
) (2.12)

where,

Q(x)≜
1√
2π

∫ ∞

x
e−y2/2dy

η is the path loss exponent, σ is the shadowing parameter, and d and rs are respec-
tively the distance between the sensor and the event and the sensing radius.

– Elfes sensing model: This model considers both the distances between the sensor
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and the event and the sensor’s physical properties. It is defined as follows [50]:

Pdet(d) =


1, d ≤ R1

eλ(d−R1)
γ
, R1 < d < Rmax

0, d ≥ Rmax

(2.13)

Where Rmax is the maximum sensing radius of the sensor, R1 represents the certainty
zone of the sensor detection, λ and γ are fixed based on the sensor’s physical char-
acteristics.

– Hybrid model: this model was proposed in [51], it combines the Elfes sensing model
and Shadow fading model for the purpose of considering both the sensor character-
istics and the environmental factors simultaneously.

Pdet(d) =



Q(10nlog10(d/rs)
σ ), 0≤ d ≤ R1

min(eλ(d−R1)
γ
,

10nlog10(d/rs)
σ ), R1 < d < Rmax

0, d ≥ Rmax

(2.14)

Here d represents the Euclidean distance between the target and the sensor node,
and the remaining parameters are the same as in the Elfes and Shadow fading sens-
ing models.

2.5.2 Communication models

Several mathematical models have been proposed in the literature to quantify the con-
nectivity between sensor nodes. The commonly used model is the binary communication
model (see Eq. 2.15), which considers that a sensor node can send data to another sensor
if the Euclidean distance between the two nodes is less or equal to the minimum of their
communication ranges.

Pcon(si, sj) =

1 if d(si, sj) ≤ Rc

0 otherwise
(2.15)
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Table 2.1: Sensing models in the literature

Sensing
model

Parameters Considered sensor
physical features

Considered
elements

Limits

Deterministic
model

None Sensing range Distance d Unrealistic model.
Does not consider sensor characteristics.
Does not consider the impact of the environment
(shadowing and signal attenuation).
Overestimation of the sensing ability.

Sigmoid
model

β, t Sensing range
Directional angles
Other hardware
characteristics

Distance d
Reference an-
gles

Does not consider the impact of the environment.
Assumes a uniform sensing ability in all directions.
Overestimation of the sensing ability.

Attenuated
disk model

λ, α None Distance d Assumes idealistic environment without obstacles.
Does not consider sensor characteristics.
Overestimation of the sensing ability.

Exponential
model

α, β None Distance Assumes idealistic environment.
Does not consider sensor characteristics.
Assumes a uniform sensing ability in all directions.
Overestimation of the sensing ability.

Probabilistic
model with
noise

λ, α None Distance Does not consider sensor characteristics.

Shadow fad-
ing model

η σ None Distance d Does not consider sensor characteristics.
The path loss is the same in all directions.

Elfes model λ, Rmax ,
R1

Sensing range
Other hardware
characteristics

Distance d Does not consider the impact of the environment
(shadowing and signal attenuation).

Other reliable models based on signal propagation have been proposed to assess the con-
nectivity between nodes mathematically. Radio propagation models aim to estimate the
behavior of signal spreading in different environments [52]. Indeed, a signal may en-
counter several types of obstacles according to the environment it crosses, and therefore,
it could be scattered, refracted, reflected, and diffracted [53]. According to [54], signal
propagation modeling methods are mainly categorized into four types:

– Deterministic models: There are very high accuracy models that simulate the signal
propagation in a specific location since they apply physical laws on 3D data describing
the environment. These models are costly in terms of computing resources and time,
and the commonly used models of this category are Ray-Tracing and Ray Launching.

– Stochastic models: These models use random variables to describe the randomness of
the radio channels [54]. Hence, they are highly employed in large scale fading and small
scale fading modeling. The Rayleigh fading model and Rice fading model are the most
known ones in this category.

– Empirical models: These are the most used models in the field of network design be-
cause of their simplicity and low computational time. An empirical model is based on
a huge collection of measurements related to a specific situation (system parameters,
environment and type of communication system) [55] to predict the signal path loss.
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– Semi-deterministic models: These are a combination of deterministic models and stochas-
tic or empirical models [54]; thus, they are assumed to be more precise than stochastic
or empirical models and consume lower computational resources than a deterministic
model; an example of this category is the Dominant path model.

2.6 Target area modeling

The deployment scheme strongly depends on the target area characteristics, namely its
form, dimensions, type (indoor/outdoor), and obstacles. The form and dimensions are
used to outline the borders and define the potential deployment locations within the area
of interest. The obstacles allow for a more refined selection of the possible deployment
points by excluding the locations where they are present. Therefore, having a reliable data
source that covers all the features of obstacles, precisely their thickness, materials, widths,
and heights, is necessary for assessing their impact on the sensing and communication
zones of the sensor nodes and hence obtaining a realistic deployment result. Indeed, the
phase of target area modeling is often neglected in the proposed solutions as most of
them suppose a 2D free obstacle layout. When considering obstacles, these are illustrated
as dispersed regular or irregular polygons and could be homogeneous or heterogeneous:

– Homogeneous obstacles: Described as opaque objects [56, 57, 58, 59, 60, 61] that
completely hinder the signal transmission. Hence, the deployment solution avoids
positioning sensors in the vicinity of obstacles to maximize coverage even further.

– Heterogeneous obstacles: They attempt to simulate a real-life environment by incor-
porating many sorts of obstacles, each with a different attenuation value that defines
how the signal intensity is affected [62, 63, 64].

2.6.1 Indoor vs Outdoor

Most of the reported WSNs deployment solutions do not specify the type of environment,
whether indoor or outdoor and assume that the same deployment scheme can be adopted
in both. However, the two environments have different properties, as explained below:

– Types of obstacles: One of the main differences that should be highlighted in the solu-
tion design of an indoor and an outdoor deployment is the types of obstacles existing
in both environments. An indoor environment refers to all types of buildings (houses,
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Table 2.2: Data sources used to model the target area in WSNs deployment problem

Data source Environment
type

Dimension of
environment

Type of obsta-
cles

Shape of obstacles Position of
obstacles

BIM (IFC file) Indoor 3D Included Included Included
Grid model of
DEM

Outdoor 3D Not included Not included Included

TIN model of
DEM

Outdoor 3D Not included Not included Included

Contour
model of DEM

Outdoor 3D Not included Not included Included

Satellite image Outdoor 2D Included Included Included

hospitals, malls, schools, etc.), and it is primarily characterized by the construction ma-
terials constituting walls and ceilings, woods, glass, etc. In contrast, an outdoor envi-
ronment could refer to a city, a forest, a mountain or even an ocean, and it may contain
different types of obstacles: trees, buildings, water, rocks, etc. Therefore, the WSN place-
ment should be adjusted according to the target area obstacles in order to have better
performance.

– Data source describing the target area: As mentioned before, having a data source de-
scribing the area of interest is very important to achieve a realistic deployment. A com-
plete data source that can describe a building accurately and provide the necessary
information (separators, plans, windows, materials, etc.) needed to model the target
area is the Building Information Modeling (BIM) tool [65]. For outdoor environment,
researchers use mainly the Digital Elevation Model (DEM) [66, 56, 67] and raster and
vector modelings [68] which provides a 3D representation of the terrain topology. How-
ever, this data source remains incomplete since it does not contain all the information
related to the target area, namely the terrain type. Table 2.2 summarizes the commonly
used target area modeling used in literature.

2.6.2 2D vs 3D Deployment

The area dimension is another important criterion to be considered in the process of tar-
get area modeling. Indeed, most of the existing research works assume a 2D flat area
divided according to a regular pattern as the grid representation [62, 64] or using a com-
putational geometry approach such as Voronoi diagram and Delaunay triangulation [69,
70, 71]. Other approaches do not adopt any area division technique but define a set of dis-
tributed deployment points where sensors could be placed. Both representations cannot
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describe real-world scenarios since they do not lead to a realistic assessment of the cover-
age, connectivity, and deployment cost. Thus, a more complex 3D modeling is required
to simulate the real behavior of WSN [72], mainly the propagation of its communication
and sensing signals. Indeed, 3D area modeling allows us to consider the elevation of ob-
stacles and terrain at each point in the target area and thus, their impacts on the line of
sight between target points and sensors as well as the obstruction degree of the sensing
and communication zones of the sensors. The 3D WSN deployment has been proven to be
more challenging and necessitates more sensor nodes to reach the same coverage rate as
a 2D WSN deployment [73]. The 3D grid division [74, 75, 76] and Digital elevation model
(DEM) [77, 56, 66] are the two widely used target area modelings in 3D environment.

2.6.3 Target area modeling for indoor environments

The topology of WSNs operating within indoor environments, particularly smart build-
ings, heavily relies on specific characteristics of the target area. These characteristics in-
clude the internal architecture, spatial dimensions, and building obstacles [5]. The ma-
jority of proposed methodologies addressing WSN deployment in indoor indoors tend
to oversimplify the representation of the target area. This oversimplification results in a
significant disparity between the real network performance affected by physical build-
ing obstacles, and the performance assessed through simulation. The existing models for
indoor environments often adopt simplifications, such as the use of 2D grids devoid of
obstacles [78], which represents the most basic form of modeling. Some progress has been
made with models incorporating obstacles within 2D grids [64]. Additionally, other ap-
proaches have introduced 2D planes including opaque obstacles [79] or heterogeneous
obstacles [62, 80]. More advanced models have extended their scope to encompass 3D
representations, as seen in [60], where the deployment area is divided into multiple hor-
izontal planes with varying heights and a vertical plane to simulate walls. Similarly, in
[81], the deployment area is characterized by ceilings and walls positioned at a height of
2 meters above the floor. However, these established modeling methodologies often fall
short, either by failing to consider all pertinent building-related data or requiring complex
remodeling when considering various target areas. Consequently, the development of an
automated solution capable of modeling any given target area based on comprehensive
and reliable building-specific data stands as a viable solution to this problem. Such an
approach would not only bridge the gap between simulation and real-world performance
but also significantly enhance the credibility and accuracy of the results obtained from
these simulations.
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2.7 Conclusion

In this chapter, we have defined the WSN deployment problem and detailed its decision
variables and feasibility constraints. Also, we presented mathematical modeling of the
most salient objective functions, including the coverage function, network lifetime, en-
ergy consumption, and cost function, along with the sensing and communication models.
Furthermore, we emphasized the importance of environment modeling in the design of
the deployment scheme and recapitulated the commonly used target area modeling re-
ported in the literature. In the next chapter, a variety of deployment solutions utilizing
AI-based techniques, including evolutionary algorithms, swarm intelligence optimization
algorithms, hybrid metaheuristics, and machine learning will be reviewed and analyzed.
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CHAPTER 3

REVIEW ON WSNS DEPLOYMENT USING ARTIFICIAL

INTELLIGENCE

3.1 Introduction

The WSN deployment problem is one of the real-world complex optimization challenges
that involve optimizing multiple objectives under connectivity constraint. Due to the non-
convex nature of the WSN deployment problem, exact methods, despite the progress in
the field, remain efficient only for deployment problems in small-scale target areas [16].
Handling larger WSN deployment areas with exact methods could involve significant
computational complexity due to their limited scalability. Consequently, the deployment
approaches proposed in the literature are mainly based on Artificial Intelligence tech-
niques, offering enhanced scalability and ability to address the non-convex characteristic
of WSN deployment optimization.

Artificial intelligence (AI) is the branch of computer science that focuses on finding solu-
tions to complex real-world problems requiring human intelligence. In the scope of the
WSNs deployment problem, metaheuristics are the most used AI techniques by the re-
search community to compute the relevant deployment scheme. Very few initiatives are
based on machine learning namely the Q-learning to heal coverage holes by redeploy-
ing sensors. In this section, we survey WSNs deployment solutions based on various AI
techniques namely evolutionary algorithms, swarm intelligence-based algorithms, hybrid
algorithms, and machine learning algorithms.
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3.2 Metaheuristics

Metaheuristic algorithms are AI techniques defined as general-purpose algorithms that
can be applied to tackle a wide range optimization problems [17]. The effectiveness of
these algorithms in generating solutions depends on factors like problem complexity and
the exploration-exploitation mechanisms they employ. Depending on the number of ob-
jective functions targeted for optimization, metaheuristics can be characterized as either
mono-objective, for single objectives, or multi-objective optimization algorithms. More-
over, they can be further categorized into subtypes such as evolutionary algorithms and
swarm-based algorithms, based on their overall framework. In the subsequent sections,
we delve into an examination of metaheuristic-driven approaches proposed for deploying
WSNs in the literature.

3.2.1 Evolutionary algorithms

Evolutionary intelligence is a branch of bio-inspired algorithms that relies on population
concept and biological heredity [82] which means transferring features from parents’ gen-
eration to children’s generation. The population concept allows for the simultaneous
search for the optimal solution in more than one direction using individuals. An indi-
vidual represents the encoding of a solution for a given optimization problem. The in-
dividuals of iteration i are called parents, and the individuals of iteration i + 1 are called
children. Parents share the search information with children through evolutionary repro-
duction operators. Each individual has a score that denotes how well it solves a particular
problem. Individuals with a high score will replace parents in the next population and
cooperate in producing new individuals with evolved performances. There have been
numerous applications of evolutionary algorithms in solving real-world problems [83],
including the problem of WSN deployment. [62, 63, 84, 85, 86, 56, 64, 87, 88, 89, 90, 91,
92, 93, 94, 95, 96]. In what follows, we will emphasize the most prominent evolutionary
algorithms with their related WSNs deployment approaches.
Genetic algorithm (GA): It is one of the evolutionary algorithms that have been widely
applied in diverse problem domains. Its pseudo-code is depicted in the Algorithm 1.
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Algorithm 1: Pseudo code of the genetic algorithm

Initialize population;

Compute fitness for each chromosome;

while Termination condition is not satisfied do
Selection of parents to generate offspring;

Recombine parents (crossover);

Mutate children;

Compute fitness for new individuals and update population;

end

Numerous research works have used GA to solve the WSNs deployment problem. Each
work tried to propose sophisticated operators and individual coding. In [62], authors
developed an optimizer based on a constrained multi-objective genetic algorithm. They
considered the weighted sum method to combine two objectives of maximizing coverage
and minimizing cost under the limited budget, the coverage, and connectivity degrees
constraints. Additionally, the authors proposed a new individual encoding to model the
position of heterogeneous sensors within the area of interest and used the elitist selection
and new mutation operator that allows removing, adding, and moving the sensor nodes.
The same authors applied the GA and the weighted sum technique in [63] to tackle the
problem of WSNs deployment in an indoor environment. They combined both coverage
and connectivity according to predefined network topology. The deployment space is de-
picted as a matrix, and each chromosome’s gene defines whether the associated cell of
the matrix is occupied by a sensor node, a router, or empty. Authors in [84] conceived
a multi-objective genetic algorithm to optimize the placement of sensor nodes. The pro-
posed algorithm aims to widen the coverage range and reduce energy consumption by
decreasing the number of active nodes. The authors used the binary coding that consid-
ers the active state of sensor nodes, i.e. a gene at position i is set to 0 if the sensor i is
in sleeping mode; otherwise, it is set to 1, and the corresponding sensor is on working
mode. Furthermore, the authors presented an enhanced fitness function that analyzes the
number of potential additional covered target locations before deciding whether or not
to activate a sensor node, and they compared the single-point and multi-point crossover
operators. The simulation results show that the multi-point cross-over allows to achieve
better results in terms of convergence rate and optimization objectives. Another work
in [85] has applied the GA to tackle the problem of the heterogeneous sensor nodes de-
ployment within a 2D area with obstacles. The proposed model focuses on area coverage
optimization under the connectivity constraint. Moreover, it includes an improved popu-
lation initialization based on a modified virtual force algorithm and a fitness function that
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considers the coverage overlap between each pair of sensors and the overlaps between
sensors and obstacles. In [97], the authors aimed to prolong the network lifetime using
caching mechanism as a means to reduce data transmission and network latency. Thus,
they applied the GA to compute the optimal positions of cache nodes that allow covering
a maximum number of requesting nodes. Simulation results showed that the proposed
solution achieved better performance in terms of average latency and the total number of
messages compared with other existing methods. Kosar and Ersoy have tackled in [98] the
problem of sink node placement in a 3D environment for border surveillance. The basic
scheme of their approach is based on a Discrete WSN simulator and the GA-based opti-
mizer. The former component is used to compute the network lifetime which represents
the fitness function. It simulates the sensing and communication functions of the WSN
in a given terrain elevation map while computing the network lifespan. In the optimizer
component, an individual represents the location of the sink node.

Table 3.1: Main WSN deployment approaches based on Genetic Algorithm

Work Year Objective Constraints Dimension Obstacles
[62] 2020 Coverage

K-coverage
Overlapping coverage
Cost

M-connectivity
Limited budget

2D Heterogeneous

[63] 2020 Coverage
K-coverage
Overlapping coverage
Cost

Connectivity 2D Heterogeneous

[85] 2020 Coverage - 2D Homogeneous
[84] 2017 Coverage

Energy consumption
Ensure at least p% cov-
erage (p is input data)

2D -

Non-dominated Sorting Genetic Algorithm (NSGA-II) Another evolutionary algorithm
that has been widely applied in solving WSNs deployment problem [56, 64, 87, 88, 89,
90] is NSGA-II [99]. This metaheuristic is a multi-objective optimization algorithm with
two main aspects: fast non-dominating sorting and crowded distance. Authors in [56],
conceived a two objectives NSGA-II based approach with a guided crossover and mu-
tation operations for WSNs deployment problem in a 3D environment. In their work,
the authors suggested an individual coding scheme that incorporates information on sen-
sor nodes’ locations and directions, and they computed coverage using a probabilistic
sensing model presented in [47] with an improved visibility function based on the Bresen-
ham line-of-sight algorithm. Benatia et al. [64], sought to find the near-optimal solution
for WSNs deployment in smart buildings through two evolutionary algorithms: GA and
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NSAG-II. Therefore, the proposed approach deals with multiple objectives: deployment
cost, coverage, connectivity, and over-coverage. According to the authors, the choice of
the adequate metaheuristic algorithm depends on the user requirements; the NSGA-II is
recommended when the approach is not a-priori. Dahmane et al. [87], dealt with the prob-
lem of deploying temperature sensor nodes in smart buildings; their approach is based
on NSGA-II with two objectives to optimize coverage and cost. In their solution, the
authors included BIM database information to model obstacles of the building. Indeed,
their coverage model depends mainly on the distance between the target point and the
sensor node and the heat flow resistance of materials constituting obstacles. Khalesian
and Delavar proposed in [88] a constrained Pareto-based multi-objective evolutionary ap-
proach that attempts to reach a trade-off between the network coverage and the energy
consumption objectives while maintaining the sensors connectivity. They modeled the
sensors network as a connected graph of k sensor nodes and k− 1 edges referring to the
communication links between nodes. Then, they conceived two crossover operators that
allow for generating feasible solutions. The first operator combines two parent graphs
to form a graph with 2k nodes and 2k − 2 edges; next, it randomly selects k − 1 edges
and removes them one by one under the constraint of network connectivity. The second
offspring is generated by restarting the same process from the edges that have not been
picked yet. The second crossover operator allows preserving the locations of sensors with-
out transmitting the parents’ communication links to offspring. Then, each sensor node
in a parent must find its matching sensor node in another parent in order to form the
edges of the offspring. Simulation results indicate that the first crossover operator pro-
duces better solutions than the second one. According to the authors, this could be due to
the ability of the first operator to conserve the topological and geometric characteristics of
parents. In [100], the authors tackled the problem of relay nodes placement into an exist-
ing static WSN. They assumed that the target area is a 2D rectangle without obstacles, and
the sensor nodes are battery-powered devices. The solution is modeled by a vector con-
taining the Cartesian coordinates of the relay nodes, and the fitness function comprises
three objectives: energy consumption, coverage area, and network lifetimes. The clas-
sical versions of NSGA-II and SPEA2 evolutionary algorithms and MO-VNS trajectory
algorithm were implemented and compared in terms of hypervolume and set coverage.
Simulation tests showed that the NSGA-II is outperformed by the mentioned trajectory
algorithm. Authors in [101] tackled the problem of deploying wireless sensor networks
in smart buildings. They employed SPEA-II, NSGA-II, and NSGA-III to simultaneously
optimize deployment cost, coverage, over-coverage mitigation, and network connectivity.
The authors adopted basic binary sensing and communication models for sensor nodes
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and did not account for obstacles within the buildings. Moreover, the three metaheuris-
tics were evaluated on a simple small-sized indoor environment of 80 m2 modeled by a
grid without obstacles. In [102], the authors employed NSGA-II, SPEA-II, and other evo-
lutionary algorithms to optimize WSN deployment with the objective of minimizing un-
covered targets and maximizing available sensors. However, their strategy lacked precise
modeling of sensor networks and the target area, and it did not consider the connectivity
constraint.

Table 3.2: Main WSN deployment approaches based on NSGA-II

Work Year Objective Constraints Dimension Obstacles
[56] 2020 Coverage

Cost
- 3D Homogeneous

[64] 2017 Coverage
Cost
Connectivity
Over coverage

- 2D Heterogeneous

[87] 2020 Coverage
Cost

Connectivity 2D Heterogeneous

[88] 2016 Coverage
Network lifetime

Connectivity 2D -

Cuckoo search algorithm (CS): CS is an evolutionary algorithm that has been applied
in the literature to solve the WSN deployment problem [91, 94, 95]. Its pseudo-code is
depicted in the Algorithm 2.

Algorithm 2: Pseudo code of the cuckoo search algorithm

Initialize population;

Compute the fitness of each cuckoo;

while Termination condition is not satisfied do
Select a cuckoo i randomly by Lévy flights;

Select a nest j randomly from the population;

if fitness of cuckoo i > fitness of cuckoo j then
Replace cuckoo i by cuckoo j;

end
Replace a fraction (Pa) of the worst solutions with new Keep the best solutions;

Rank solutions and identify the current best;

end

In [91], the authors proposed a two-stage mobile sensor deployment approach based on
the CS algorithm. This approach aims to ensure maximum coverage with a minimum
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number of mobile sensor nodes and average mobile distance. Its first stage tries to maxi-
mize coverage by positioning the sensors in a target area digitized into a 2D grid without
obstacles. For that, the authors used the CS algorithm with a Levy flight search mecha-
nism to randomly select nests. Then the deployment scheme is optimized in the second
stage by reducing the number of sensors and the moving distance. Another solution based
on the CS algorithm was suggested in [94], the authors considered the coverage maximiza-
tion of heterogeneous sensors network. Each cuckoo’s egg is depicted as an array of the
sensors’ coordinates in a 2D area grouped by sensor types. The authors also improved the
CS algorithm by adjusting the levy flight parameters; this allows creating new solutions
with much smaller step lengths so that the new individuals will not be pulled away from
the best solutions. According to the experimental results, the improved CS algorithm pro-
vides a good solution in a short time compared to other metaheuristics. In [95], authors
developed an improved CS algorithm to tackle the k-target coverage problem of randomly
deployed sensor nodes with adjustable sensing radius. The problem was formulated as
a non-linear integer programming problem to optimize both coverage and network life-
time. For that, the authors assumed a corresponding energy consumption for each sensing
range and divided the sensors into a set of non-disjoint covers activated alternatively to
expand the network lifespan.

3.2.2 Swarm intelligence optimization algorithms

Swarm intelligence (SI) is another sub-field of artificial intelligence that has been widely
applied to solve nonlinear problems related to several real-world domains [103]. SI is
based on the collective behavior of agents. Each agent represents a solution to the prob-
lem and it adapts its behavior autonomously. Moreover, a SI system has two essential fea-
tures, self-organization and labor division[104]. Self-organization characterizes a swarm’s
ability to grow over iterations via the interaction of its components without the need for
external intervention, whereas labor division refers to the simultaneous execution of sev-
eral tasks by the swarm’s agents. There are common phases between EA and SI systems
namely, population initialization, defining stop condition, and evaluating fitness function
[105]. Yet, each SI algorithm has its own strategy for updating the movement of its agents.
Fig. 3.1 illustrates the general framework of a swarm intelligence system.

Particle swarm optimization algorithm (PSO) PSO is a nature-inspired algorithm based
on swarm intelligence [6]. The pseudo-code of PSO is depicted in Algorithm 3. Several
works have applied PSO algorithm and its variants to find the optimal placements of
WSNs [106, 107, 108, 109, 110, 69, 111, 112, 113, 114, 57, 115]. Author in [106], considered
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Initialize population

Evaluate fitness function

Defined 
stop condition 

reached?

Return the global best solution

Update and move agents

Yes

No

Figure 3.1: Swarm intelligence framework [105]

the WSN deployment problem in 3D terrain. To solve this problem, the author proposed
a combination solution of the distributed particle swarm optimization and the 3D virtual
force algorithm to maximize the coverage. The 3D virtual force algorithm helps avoid
obstacles in the zone of interest and maintain network connectivity. Furthermore, the
author has developed a heuristic to manage the communication limits of the sensor nodes
by clustering the network so that each sensor node can communicate with the base station.

Algorithm 3: Pseudo code of PSO algorithm.

Initialize particles;

Compute fitness for each particle;

while termination condition is not satisfied do
for each particle Particlei in the swarm do

Compute Fitness(Particlei);

Update Personal Best Fitness(Particlei);

Update Personal Best Position(Particlei);

end
Update Global Best Solution();

for each particle Particlei in the swarm do
UpdateVelocity(Particlei);

UpdatePosition(Particlei);

Update Personal Best Position(Particlei);

end

end

Authors in [107] proposed a PSO-based solution for deploying a WSN used by environ-
mental and health applications. They intended to find the optimal locations of sensors
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to optimize network coverage and lifetime while considering the connectivity constraint.
The Minimum Spanning Tree (MST) routing protocol was applied to reduce the network’s
energy consumption, thereby extending its lifespan. Qi et al. in [108] studied the WSN re-
deployment problem to increase the network coverage and reduce the moving distance
of mobile sensors. The proposed approach is based on the PSO algorithm and adapts
a new nonlinear decreasing inertia weight as an improvement to avoid falling in local
optima. Next, the deployment scheme is adjusted using the virtual force algorithm. Li
et al. in [109] adapted the discrete binary particle swarm optimization for WSN deploy-
ment to optimize three objectives: network coverage, dormancy rate for boosting network
lifetime, and coverage uniformity. The authors adjusted the particle velocity expression
introducing a dynamic regulation of inertia weight, cognitive, and social factors. Also,
they appended an escape operator that introduced a random position in the search space
to avoid the local optima. Simulation experiments show that the proposed algorithm out-
performs other solutions reported in the literature regarding the number of active nodes,
coverage uniformity, and network energy consumption when the area coverage rate is
more than 90%. Yarinezhad et al. [110], conceived a solution for WSNs deployment to
solve the target coverage problem while considering the network lifetime. They used
two versions of PSO: the cooperative PSO, which fits mainly the large-scale problems,
and the cooperative PSO using fuzzy logic to adjust the acceleration factors dynamically.
The simulation results demonstrate that the two suggested algorithms outperform GA,
PSO, and the artificial bee colony technique in terms of network lifetime. Authors in [111]
proposed an energy-saving solution for maximizing coverage in WSNs deployment. The
solution is based on the PSO algorithm combined with an intelligent heuristic called Quasi
physical force to decrease the overlapped coverage. Furthermore, the authors applied a
dynamic balancing strategy to reduce energy consumption by shortening the sensing ra-
dius of some sensors in the network. Ni et al. in [112] tackled the problem of dynamic
deployment, which aims at adjusting mobile sensors placements while considering both
coverage maximization and moving distance minimization. They presented a heteroge-
neous multi-swarm PSO algorithm where the measurement of the traveling distance of a
particle is computed using a discrete PSO, and the population is divided into three sub-
swarms. Each swarm has different evolutionary strategies: PSO with inertia weight, PSO
with constriction factor, and dynamic probabilistic PSO. This allows for boosting the pop-
ulation diversity and balances the exploration and exploitation of the algorithm. Fur-
thermore, the authors compared the performance of their solution to the performance of
two other PSO algorithms(classical PSO and co-evolutionary PSO), and the simulation re-
sults demonstrate that the multi-swarm PSO provided superior solutions with a reduced
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moving distance and a maximum coverage rate than the two PSO methods. A variant of
PSO called Social Class Multi-objective Particle Swarm Optimization (SC-MOPSO) was
applied in [115] to deal with the problem of WSN deployment. It aims to minimize both
the uncovered area and the deployment cost. The particles have variable lengths depend-
ing on the number of deployed sensors. SC-MOPSO splits the population into several
classes where each class contains particles of the same length. The interaction between
classes is done by moving the particles from the less-performing class to the higher one.
According to the results, SC-MOPSO performs significantly better than other benchmarks
in terms of dominating solutions. Table 3.3 summarises the main deployment approaches
based on PSO.

Table 3.3: Main WSN deployment approaches based on Particle Swarm Optimization

Work Year Objective Constraints Dimension Obstacles
[109] 2021 Coverage

Sleep rate
Coverage uniformity

- 2D -

[106] 2020 Coverage Connectivity 3D Heterogeneous
[107] 2020 Coverage

Lifetime
Connectivity 2D -

[112] 2017 Coverage
Reduce moving distance of
mobile nodes

- 2D -

Grey wolf Optimizer (GWO) GWO is another SI based algorithm that have been used to
tackle the problem of WSN deployment [61, 116, 117, 118]. Authors in [61] developed an
enhanced version of the GWO algorithm to deploy WSN in a 3D environment with the ob-
jective of coverage maximization under the connectivity constraint. For the first enhance-
ment, the authors used the Tent map that generates chaotic research sequences, increasing
population diversity and promoting algorithm exploration to escape the local optima. An-
other enhancement was the suggestion of a new position update strategy that splits the
population equitably into an inner layer group to perform the inner layer encircle and an
outer layer group to perform the outer layer encircle. The inner layer encircle focuses on
the exploitation aspect of the algorithm and hence, impact the convergence speed. The
outer layer encircle focuses on the exploitation aspect. The work in [117] focused on the
coverage rate, the sensor nodes’ distribution uniformity, and the average moving distance.
They applied a Lévy-embedded Grey Wolf Optimization (LGWO) algorithm, which com-
bines the GWO algorithm with the Lévy flight to enhance the searching mechanism and
avoid the local optima. Additionally, the virtual force algorithm was introduced in sen-
sor nodes’ positions updating to maintain a connected network. Authors in [116] pro-
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posed another approach based on GWO to tackle the problem of WSN deployment with
three objectives: coverage rate, connectivity, and network energy. The proposed approach
called a behavior-based grey wolf optimizer (BGWO), simulates two wolf groups’ natural
behaviors, namely the lost wolf strategy and the mating strategy. The lost wolf strategy
allows the wolf pack to get rid of wolves with low fitness, and it is used to prevent the
algorithm from falling in the local optima. In contrast, the mating strategy applies genetic
operators to produce new individuals. Also, all the male wolves compete to mate instead
of prioritizing only α wolves. A GWO variant called GWO-EH was presented in [119],
with the objective of optimizing the WSN coverage. GWO-EH reinforces the exploration
and exploitation processes through the improvement of the position-updating equation
of the leading wolves and the repositioning of the worst three wolves around the leading
wolves respectively. Furthermore, the hunting mechanism was also adjusted to involve
the α wolves, β wolves, and γ wolves in the research process according to their ranks in
the leadership hierarchy.

3.3 Hybrid metaheuristics

Despite their good performance in looking for near-optimum solutions in polynomial
time, stand-alone metaheuristics still have limitations and drawbacks, such as prema-
ture convergence and low accuracy of solutions. This has motivated researchers to turn
toward other optimization strategies based on the hybridization of algorithms [120]. Hy-
bridization seeks to integrate two or more algorithms with complementary features to
capitalize on and reap the benefits of their advantages [121]. The hybrid metaheuristics
can be categorized into collaborative hybrids and integrative hybrids [122]. In collabora-
tive hybrids, the combined algorithms work in multi-stage, sequentially, or in parallel as
depicted in Fig. 3.2. For integrative hybrids, a subordinated algorithm is embedded in a
master metaheuristic with a contributing rate between 10% to 20% [122]. Several hybrid-

Algor ithm 1

Algor ithm 2

Algor ithm 1

Algor ithm 2

Algor ithm 1 Algor ithm 2

Hybr idized population

Figure 3.2: Collaborative framework of hybrid algorithm, depicting multi-stage, sequen-
tial, and parallel structures [122]
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metaheuristics based approaches were designed to deal with the WSN deployment prob-
lem [123, 124, 125, 126, 127, 128, 129, 130, 131, 132, 133, 134]. In the solution presented
in [123], the authors conceived two hybrid algorithms, namely Hybrid-MOEA/D-I and
Hybrid-MOEA/D-II, to simultaneously optimize three conflicting objectives: coverage
rate, energy consumption, and equilibrium of energy consumption while positioning the
sensor nodes in the target area. The last objective intends to limit the amount of energy
consumed by a subset of sensor nodes in the WNS. For Hybrid-MOEA/D-I, the authors
combined the MOEA/D framework with the three reproduction operators of GA and the
differential evolutionary algorithm (DE): selection, crossover, and mutation. These opera-
tors are randomly selected for each sub-problem to increase the population diversity. The
Hybrid-MOEA/D-II was developed by combining the Hybrid-MOEA/D-I with the dis-
crete binary particle swarm optimization (DBPSO) to schedule sensor nodes and hence,
boost the network lifetime. Another hybrid metaheuristic-based approach is proposed by
Mnasri et al. in [124] to investigate the problem of finding the optimal 3D locations for ad-
ditional nodes to an already deployed WSN. The approach combines the NSGA-III with
the ACO to redress the low selection pressure problem of NSGA-III while maximizing
coverage and keeping the ACO from falling into the local optima. ACO constructs the
initial population of NSGA-III to produce only feasible solutions, and then for each itera-
tion, the approach applies the classical steps of NSGA-III to create new solutions. These
solutions are used in the next step to update the value of pheromones as a means to guide
the search for fitter future solutions. A further hybrid method for WSN deployment is
detailed in [125], it combines GA with binary ACO, which uses the binary coding of in-
dividuals. It also optimizes a mono objective fitness function that assesses the covered
area and the number of working nodes. The initial population is randomly generated and
enhanced using a repeated execution of genetic reproduction operators. Moreover, the
new solutions are utilized to update information pheromones of the WSN. In the main
loop, the algorithm executes the ants’ traverse, updates the pheromone, and carries out
the genetic crossover and mutation operators on the new solutions until the stopping cri-
terion is met. In [135], the BA and the Grasshopper Optimization Algorithm (GOA) were
hybridized to resolve the dynamic deployment problem of WSNs. The BA is known for
its random behavior in both exploitation and exploitation phases. This reduces the al-
gorithm’s precision and convergence rate. To remedy these shortcomings, the authors
applied the GOA algorithm in the exploitation phase to accurately exploit the neighbor-
hood. GOA is a recent nature-inspired algorithm developed by Saremi et al. [136]. This
algorithm mimics the behavior of grasshopper insect movement in searching for an opti-
mal solution by aggregating the social interaction behavior, the gravity force factor, and
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the wind advection factor in the same mathematical formula that computes the grasshop-
per position. Consequently, the hybrid BA changes each forager location depending on
its current position, the position of the best solution in the neighborhood, and the position
of all other foragers in the related neighborhood. This guides the BA search process to a
more accurate solution within a reasonable convergence time. Chen et al. [130] conceived
a hybrid framework based on an evolutionary algorithm called memetic algorithm and a
heuristic recursive algorithm, designed to ensure a permanent full coverage with an ex-
tending network lifespan. Each potential solution of the memetic algorithm contains dis-
joint sets of sensor nodes that are sequentially activated using a scheduling mechanism.
The heuristic recursive algorithm is developed to cope with the coverage hole problem
caused by node failure or energy exhaustion through the activation of other nodes in other
sets. The authors performed real-world tests to evaluate their approach and compared it
with other existing solutions through computer simulations. The results revealed that the
hybrid framework outperformed other algorithms in terms of network lifetime and this
is for variant experimental conditions. Another hybrid solution was proposed in [131]. It
combined the GA and the Binary PSO to compute the optimal deployment scheme with
maximized coverage and connectivity and minimized cost. The hybrid algorithm began
by creating the initial population and evaluating the fitness of individuals, then for each
iteration, the population is spitted into two groups, the first group represents the input of
GA and it encompasses the individuals with the highest fitness, and the worst solutions
are sent to the binary PSO. With this solution scheme, the authors aimed at creating new
solutions with evolved performances using the GA operators, and exploring other direc-
tions in the search space using the Binary PSO. The last step consists of merging the two
outputs of GA and Binary PSO into one population for the next iteration. In the work
presented in [132], the authors developed a hybrid search for the optimal WSN deploy-
ment based on the PSO and Hooke–Jeeves search method. The PSO is used to perform the
global search in the search space. If the global solution is not improved after a preset num-
ber of iterations, the hybrid solution applies the Hooke-Jeeves method to carry out a local
search in the neighborhood of the global best solution to improve its coverage and ensure
faster convergence. El Khamlichi et al. [133], designed a hybrid approach based on gra-
dient method and Simulated Annealing algorithm to deal with sensor nodes placement
problem. The simulated Annealing algorithm is a local search metaheuristic that adopts
the hill climbing moves to escape the local optima [137]. The hybrid approach has the ob-
jective of deploying the necessary number of sensor nodes to achieve at least 1-coverage
and 1-connectivity, and it consists mainly of three major steps. The first step is to position
the sensor nodes in the target area using a triangular grid deployment technique with a
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preset distance between every two sensors, then in the second step, the gradient method
is applied to reposition sensors placed on the area boundary to improve the network cov-
erage. Finally, the connectivity constraint is ensured by adding new sensor nodes to fill
the gap between connected and isolated sensors.

Table 3.4: Main WSN deployment approaches based on hybrid metaheuristics

Work Year Objective Constraints Methods Dim Obstacles
[135] 2021 Coverage - BA and GOA 2D -
[124] 2017 Coverage - NSGA-II and ACO 3D -
[133] 2017 Cost Coverage

Connectivity
gradient method
Simulated Annealing

2D -

[125] 2016 Coverage
nodes utilization rate

- GA and ACO 2D -

3.4 Machine Learning

Machine Learning (ML) is a fundamental branch of AI that represents the intersection
of computer science and statistics [138]. It enables computer systems to automatically
learn from a huge amount of data and make predictions without being explicitly pro-
grammed for the task. The ML algorithms are classified into four categories based on
the classification of the training data, these families are Supervised learning based on la-
beled data, Unsupervised learning based on unlabeled data, Semi-supervised learning
based on a mixture of classified and unclassified data, and Reinforcement learning which
does not require data. Several initiatives based on ML were proposed to deal with func-
tional and nonfunctional aspects related to WSNs such as data aggregating, routing, lo-
calization, security, resource management, and sensor placement [139, 140, 141, 142, 143].
Authors in [144] developed an environmental sensor deployment algorithm based on a
multi-response Taguchi-guided k-means clustering embedded GA. The deployment algo-
rithm considers the coverage, connectivity, network lifetime, fault tolerance, and HVAC
airflow optimization objectives, and it is conducted in three main stages. The initial stage
of the deployment strategy is to determine the sensor locations that will provide an op-
timized network lifespan with a low installation cost. In the second stage, the network
connectivity and the deployment cost of the relay nodes are addressed. Finally, the third
stage considers the development of the entire system at the physical, network, and appli-
cation layers with the aim of minimizing the total number the deployed sensor and relay
nodes, while preserving the network performance. The multi-response Taguchi method
has been applied to identify the best values for the crossover rate, the mutation rate, the

46



population size, and the number of clusters in k-means clustering. The k-means clustering
is a machine learning method that aims at partitioning a set of observations into K clus-
ters, with each observation belonging to the cluster with the closest centroid. It has been
used in the deployment scheme to select the best cluster for the initial population with the
best set of chromosomes in order to improve the convergence and computational time of
the solution. The authors in [145] suggested a hybrid distributed approach for coverage
hole healing based on game theory and Q-learning. Each mobile sensor node is depicted
as a player that can compute its new position autonomously and in a decentralized man-
ner. In their approach, the authors formulated the problem as a potential multiplayer
game in which each player has to choose a combined action to improve simultaneously
both coverage by reducing the overlapped zones and power consumption by adjusting
the sensing radius and minimizing the motion energy. Further, the process of comput-
ing the payoff function is based on a multi-agent Q-learning algorithm since it involves
the player’s profile alongside the actions of its neighbors. The distributed payoff-based
Q-learning algorithm is divided into two main phases. The first phase consists of select-
ing actions and updating states according to the exploration and exploitation processes
and the second phase represents the learning phase which focuses on the other players’
actions in order to react appropriately while repairing newly formed coverage holes. The
simulation result shows that the distributed approach reached a better trade-off between
the coverage and the energy consumption compared to other solutions proposed in the
literature. Another work in [146] proposes a coverage hole detection and recovery ap-
proach based on a multi-intelligent agent-enabled reinforcement learning algorithm. In
the first stage of the solution, the authors used the Sierpinski cluster-tree topology con-
struction method to partition the sensor network into a set of unequal clusters. Then,
they applied the multi-objective black widow optimization algorithm for the cluster head
selection and a new Tsallis entropy-enabled Bayesian probability (TE2BP) algorithm for
the dynamic scheduling of the sensor nodes. The goals of these previous phases are to
ensure an energy-efficient transmission, minimize data loss, enhance energy consump-
tion, and reduce the probability of coverage holes occurring. In the second stage of the
solution, the virtual sector-based hole detection protocol is applied to detect the existing
coverage holes in each cluster, then each coverage hole is healed using the multi-agent
SARSA (State-Action-Reward-State-Action) algorithm. This algorithm takes as an input
the coverage hole location and the list of mobile nodes around it and determines the opti-
mal mobile node to heal the hole as an output. The factors that allow to SARSA algorithm
to learn the environment are distance, node lifetime, and coverage level. The simulation
tests show that the proposed algorithm outperforms existing solutions in the literature
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in terms of coverage rate, the number of dead nodes, average energy consumption, and
throughput.

3.5 Limitations

Existing deployment approaches in literature suffer from different limitations including:

– Several deployment approaches do not specify whether the deployment is intended for
indoor or outdoor environments. Indeed, numerous factors differentiate the deployment
of WSN in outdoor environments from those in indoor environments. For instance, in-
door deployments must account for obstacles that obstruct sensor detection and commu-
nication signals, while outdoor deployments face interference from weather conditions.
Additionally, the types of applications differ between indoor and outdoor environments,
leading to variations in the choice of objective functions for optimization. For example,
energy consumption becomes a crucial consideration for outdoor deployments, particu-
larly in hostile areas, whereas it holds less importance for indoor sensor systems.

– The limited deployment approaches proposed to address indoor deployment often rely
on oversampling the target area modeling. Typically, the target area is represented as
a two-dimensional plane, often without obstacles or with a restricted range of uniform
obstacles. However, indoor environments and smart buildings contain diverse obstacles
constructed from various materials, significantly impacting the deployment process and
network performance. Therefore, achieving an accurate representation of the building for
sensor deployment is a crucial process to ensure reliable WSN deployment that can be
effectively applied in real-world scenarios.

– Many deployment approaches based on metaheuristics fail to justify their choices of the
selected metaheuristics. Indeed, since these metaheuristics have often been tested in very
simple target areas with oversimplified network models, their real performance in ad-
dressing complex problems cannot be adequately assessed. Furthermore, the scalability
of proposed methods is often not evaluated, as most methods focus on small and medium
target areas. Therefore, conducting a comparative study is crucial to assess the true perfor-
mance of metaheuristics before selecting the most suitable one for addressing the problem
at hand. Such a comparative study should encompass various sizes of target areas with
heterogeneous obstacles.
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– Metaheuristic algorithms serve as powerful tools that provide a generic framework for
tackling intricate real-world problems. Nevertheless, their design primarily focuses on
general-purpose optimization rather than being customized for particular problems. There-
fore, to enhance proposed deployment approaches in the literature, it becomes essential to
integrate problem-specific heuristics or local search algorithms with problem-dependent
rules.

– In real-world scenarios, ensuring connectivity among sensors is essential to avoid losing
the collected data. However, this critical constraint is often neglected or considered as a
objective function to be maximized.

– The modeling of WSN is often oversimplified and fails to reflect real-world settings. Ac-
cording to our survey in [5], more than 68% of reviewed approaches use a simple binary
sensing model, while 63% do not specify communication range or rely on a simple binary
communication model.

3.6 Conclusion

In this chapter, various WSN deployment solutions employing AI-based techniques, such
as evolutionary algorithms, swarm intelligence optimization algorithms, hybrid meta-
heuristics, and machine learning, are reviewed and analyzed. Many of these deployment
approaches prioritize enhancing multiobjective metaheuristics through hybridization or
adjusting search mechanisms to enhance exploration and exploitation. However, they of-
ten neglect crucial aspects of WSN deployment, specifically network and target area mod-
eling. Network modeling requires accounting for sensor characteristics while calculating
their sensing and communication zones, while target area modeling involves considering
all the features that may influence the sensor network topology and the effects of obsta-
cles on the network. Oversimplification of these aspects results in a significant disparity
between simulated and real-world performance of the sensor network. In the subsequent
chapter, our proposed model for WSN deployment problem in smart buildings is intro-
duced. It outlines our approach to target area modeling based on digital models and
highlights the problem formulation. Additionally, our proposed heuristics for addressing
connectivity constraints in sensor networks are discussed.
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Part II

WSN Deployment in Smart Buildings
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CHAPTER 4

PROBLEM MODELING

4.1 Introduction

Solving the WSN deployment problem within a smart building involves finding the op-
timal position for each sensor to optimize network coverage along with other objectives.
In this thesis, we focus on optimizing target coverage instead of area coverage for the
following reasons: firstly, we assert that not all locations within the building have equal
significance and must be covered uniformly. Target coverage allows decision-makers to
express their preferences by introducing target points in zones they wish to cover, align-
ing the deployment with specific needs. Secondly, the coverage area is complex to im-
plement and requires a substantial amount of computational resources. This complexity
arises from computing the union of all the detection zones of deployed sensors, which
involves measuring the distortion of their detection areas based on their signal propaga-
tion in the surrounding environment and this is in all directions. Computing irregular
shapes can be challenging and wasteful use of computational resources if the target area
is not intended to be covered uniformly. Additionally, we introduce a target area model-
ing approach based on Building Information Modeling (BIM) since it incorporates all the
necessary data for the optimization process. Finally, we discuss our proposed method to
handle the connectivity constraint and generate interconnected Wireless Sensor Network
(WSN) topologies.
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4.2 Target area modeling based on BIM

The primary issue with the existing solutions in the literature is the lack of a reliable and
comprehensive data source to model the target area, namely indoor environments. Re-
searchers typically consider either a grid as a deployment zone or a 2D plan with insuffi-
cient data. The Building Information Modeling (BIM) represents a complete data source
for obtaining building information. BIM models are based on an IFC file, often difficult
for humans to read, where each entry represents an object or a relationship between ob-
jects within the building. Therefore, this section proposes a system capable of processing
the IFC file and modeling the building in a suitable format usable by the optimization
algorithm.

4.2.1 Building Information Modeling (BIM)

Building Information Modeling (BIM) has become a necessity for effectively managing
projects that involve stakeholders from various disciplines within the Architectural, En-
gineering, and Construction (AEC) industry [147]. According to the US National Build-
ing Information Model Standard [148], the BIM is defined as "BIM is a process for creating
and managing information on a construction project throughout its whole life cycle. As part of
this process, a coordinated digital description of every aspect of the built asset is developed, using
a set of appropriate technology. It is likely that this digital description includes a combination
of information-rich 3D models and associated structured data such as product, execution, and
handover information". The progression of the building life cycle, which includes design,
implementation, maintenance, and demolition, is facilitated by BIM as illustrated in Fig
4.1. BIM serves as a tool for precisely defining the flows and balances of materials and
techniques utilized in each of these phases. Furthermore, in addition to providing a 3D
digital representation of actual buildings, BIM also offers geometric and non-geometric
attributes that precisely describe all building components [149]. These attributes cover
various types of information, such as functional details (e.g., installation duration and
costs), semantic information (e.g., aggregation, containment, or intersection details about
building components), and topological information, providing insights into the spatial re-
lationships among these components within the building [149]. BIM software programs
utilize an open data model called Industry Foundation Classes (IFC) to store all BIM data
and facilitate interoperability among them [150].

52



Figure 4.1: The utilization of BIM within the life cycle of infrastructure projects [151]

4.2.2 Industry Foundation Classes (IFC)

IFC is an open international standard certified by ISO (ISO 16739-1:2018) [152]. IFC serves
as the predominant format for exchanging building information across AEC (Architec-
ture/Engineering/Construction) software platforms. Its purpose is to seamlessly repre-
sent building data and facilitate data exchange between BIM modeling software applica-
tions. Within the IFC standard, building data is structured through classes, each inheriting
from a common class known as IfcRoot. These classes can be categorized into three ab-
stract classes, which are [153]:

– IfcObject: it encompasses all entities associated with construction activities, including
physical objects (IfcProduct), actions (IfcProcess), or actors (IfcActor).

– IfcPropertyDefinition: it defines the various properties that can be assigned to an object
within the building such as dimension and visual characteristics like color.

– IfcRelationship: it facilitates the connection between objects and other classes, whether
they are properties or other objects.

All building data are represented using the IFC standard and stored in an IFC file, which
is a plain text document. Each entry in the IFC file begins with the character sequence ’#’.
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These entries correspond to various building elements such as doors, floors, windows,
etc., along with their associated attributes. Each entity is assigned a unique identifier and
begins with the IFC class of the represented element, followed by its attributes (e.g., co-
ordinates, dimensions, construction material), and relationships. Attributes and relation-
ships may reference other entries within the same IFC file. Fig. 4.2 illustrates an excerpt
from an IFC file.

Figure 4.2: Caption from an IFC file

4.2.3 The proposed approach for modeling the target area

2D indoor plans are traditional and straightforward methods for depicting building lay-
outs. While they provide a basic overview of the built environment, these plans often lack
detailed information and require manual intervention to comprehensively model the en-
vironment. Alternatively, BIM models and their associated IFC files provide an effective
means of describing indoor environments. Nevertheless, interpreting IFC files can pose
challenges for humans due to their technical complex structure. In this section, we pro-
pose an approach for automatically modeling target areas based on their BIM databases.
Our proposed method takes the IFC file describing the building as input and generates
deployment zones, where sensors could be placed, along with corresponding building
obstacles. The overall architecture of our BIM-based method for modeling target areas is
depicted in Fig. 4.3. Our method comprises two primary components: the Data Extrac-
tion Component and the Modeling Component. Subsequently, we will provide a brief
description of the function of each component.
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Figure 4.3: Global architecture of our developed BIM-based method for modeling target
areas.

1. Data Extraction Component: It extracts from the IFC file all pertinent building data
essential for the sensor deployment process. This information comprises the building’s
spatial organization (levels), the attributes inherent to these levels, and the geometric de-
scriptions of building components. For each level (floor), the extraction component re-
trieves information regarding the ceilings and the presence of false ceilings and identifies
obstacles, such as walls, curtain walls, windows, insulation, doors, and beams. Fig. 4.4
depicts the class diagram of this component. Its primary units include:

– Semantic data extraction unit: This unit is responsible for extracting IFC-standardized
building obstacles (elements such as doors, walls, windows, etc) and their properties. It
achieves this by conducting spatial queries on the designated dimension associated with
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the respective floor. The distribution of obstacles according to their level is organized
using a Bounding Volume Hierarchy (BVH)1 tree structure. The geometric information
related to obstacles is extracted in their raw form as described in the IFC standard. There-
fore, the next unit is designed to handle these forms and convert them into manipulable
forms.

«interface»
Parsing

Parsing(IFC file): Model

Extraction

+ BVH_Tree: Data structure

+ Model: Data structure

+ readFile(Ifc path): Model

+ createBVHTree(Model): BVH_Tree

+ getIfcEntity(Model): Ifcentity

«interface»
GeometricDataInterpreter
getShape( Ifcentity): Shape

«interface»
SemanticExtraction

getPsets( Ifcentity): List<Property>

Building

+ Floors: List<Floor>

+ getFloors(Model): List<Floors>

Obstacle

+ globalId: StepID

+ Source: Ifcentity

+ Representation: Shape

+ Material: String

+ getPsets( Ifcentity): List<Property>

Property

+ globalId: StepID

+ Source:  Ifcentity

+ getInfo(Ifcentity): Attribute

Floor

+ globalId: StepID

+ Ceiling: Shape

+ getObstacles(BVH_Tree): List<Obstacles>

+ getCeiling(globalId): Ifcentity 

+ getShape(Ifcentity): Shape

Figure 4.4: Class diagram of the Data Extraction Component.

– Geometric data interpreter: The IFC file stores geometric information in three forms, with
Boundary Representation being the simplest form among them [154]. However, this form
of representation is not readily usable by our system. Therefore, this unit transforms the
geometric shape information of all obstacles into a more manipulable and usable repre-
sentation called Faceted B-rep [155]. A Faceted B-rep is a simplified representation that
depicts solid objects solely with planar facets and polygons. Consequently, any complex
building obstacle with curved shapes will be approximated using flat facets.

– Geometric data organizer: It is used to arrange the extracted data into classes representing
obstacles and their properties within a list that categorizes the building floors.

2. Modeling Component: The primary function of this component is to facilitate the opti-
mization process by transforming the raw data generated by the Data Extraction compo-
nent into a readily usable format. This approach prevents an infinite loop of computing
continuous spatial coordinates of deployment points where sensors could be placed. To
achieve this, we assume that sensors could be deployed only in false ceilings where avail-
able or in ceilings. Then, we cluster spatial points of this deployment area (false ceilings

1BVH is a tree structure that organizes geometric objects using nested bounding volumes. It is mainly
used in computer graphics to accelerate spatial queries
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or ceilings) into virtual distinct areas called deployment zones. All zones have almost the
same size and are defined by a user-specified parameter x (x is an input that refers to the
desired size of virtual deployment zones). The value of x can be determined based on the
characteristics of the deployment area. If there are few obstacles that may obstruct the de-
tection zone, x can be set close to the detection range of the sensors. However, in complex
areas with numerous obstacles that could obstruct sensor detection, it is advisable to set x
to a smaller value for more refined deployment. Here, the number of deployment zones
is inversely proportional to the value of x; as x decreases, the number of zones increases,
and vice versa. Fig.4.5 illustrates the class diagram of this component. Its key units consist
of the following elements:

«interface»
Division

getZones(Ceiling): List<Zone>

«interface»
Converter

convert3Dto2D( Shape): Polygon

Zone

+ idZone: String

+ Representation:  Polygon

+ Obstacles: List<Obstacle> 

Modeling

+ globalId: StepID

+ Ceiling: Polygon

+ Zones: List<Zone>

+ getObstacles(Zone): List<Obstacles>

+ getFloor(globalId): Floor 

getZones(Ceiling): List<Zone>
Obstacle

+ globalId: StepID

+ Source: Ifcentity

+ Representation: Polygon

+ Material: String

Figure 4.5: Class diagram of the modeling component.

– 3D to 2D converter: This module creates a top view of the floor where the WSN will be
deployed and transforms the 3D ceiling into a 2D plan that can be partitioned into a set of
deployment zones.

– Floor partitioning unit: This unit is responsible for partitioning the 2D plan of the false
ceiling into virtual deployment zones. Initially, the floor (2D plan deployment area) is
divided into two zones. If the size of these zones exceeds the predefined parameter x, they
are further divided into two sub-zones. For each generated virtual zone, we recursively
divide it either horizontally or vertically to ensure that the final deployment zones are of
regular shapes (polygons). The division process stops when all deployment zones meet
the constraint on their size. Fig. 4.6 illustrates an example of partitioning the first floor of
the provided BIM model. The empty areas within the partitioning signify restricted zones
where sensor deployment is not feasible, such as stairwells. Consequently, the centroids
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of the resulting deployment zones indicate potential locations for sensor placement.

Figure 4.6: Example of a floor partitioning

– Data modeling unit: After partitioning the ceiling into deployment zones and obtaining
a list of obstacles of the floor being modeled, this unit assigns each obstacle to its corre-
sponding deployment zone.

4.3 Problem formulation

As mentioned earlier, the objective of this thesis is to propose metaheuristic-based ap-
proaches for deploying WSNs in smart buildings. As discussed in Chapter 1, sensors
within smart buildings can be categorized into two types: contact sensors and non-contact
sensors. Contact sensors lack a detection zone, and their measured data are directly cor-
related to their local positions. Therefore, these sensors require precise positioning, strate-
gically calculated as previously discussed.

In this thesis, our focus is on deploying non-contact sensors, which have a detection zone.
These sensors are primarily designed for occupancy detection and motion sensing, with a
wide range of applications including energy efficiency, smart lightning, activity recogni-
tion, and fall detection used in smart elderly care applications.

To address this objective effectively, we model the WSN as a collection of fixed sensors
S ={s1, s2, ..., sn}, n ∈ N. All sensors within this network share common characteristics
including sensing range Rs, communication range Rc, and transmission power Pt. Ad-
ditionally, the deployment area represents one floor of the building and it is modeled,
as explained in Section 4.2, by a set of static obstacles O ={o1,o2, ...,op}, p ∈N and a fi-
nite number of deployment zones Z ={z1,z2, ...,zm}, m ∈ N, depicting potential places
where sensors can be deployed. Each obstacle is characterized by its shape, location,
and construction material. The deployment area has also a finite number of target points
T ={t1, t2, ..., tq}, q ∈N to be covered by the WSN.
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The objective of the WSN deployment problem tackled in this thesis is to create inter-
connected network topologies within indoor structures that optimize simultaneously the
network coverage and the deployment cost.

4.3.1 Solution encoding

After partitioning the deployment area into a set of deployment zones, these zones are
then flattened row by row to assign a unique identifier to each zone. The first zone cor-
responds to the first zone in the deployment area, located at the beginning of the first
row, and the last zone corresponds to the last zone in the deployment area, situated at
the end of the last row. Consequently, we model the WSN topology using a binary vec-
tor V ={x1, x2, ..., xm} of a length equal to |Z|. Each decision variable xi within the vector
denotes the sensor presence (xi = 1) or absence (xi = 0) in the deployment zone zi ∈ Z.
In the case of continuous optimization algorithms, each decision variable xi is discretized
after each position update according to the binarization technique introduced in [156] and
depicted by Eq. 4.1, unless another method for discretization is explicitly specified. This
transforms the search space from a continuous domain to a binary one.

xidiscretized =

1, sigmoid(xi) ≤ rand

0, otherwise
(4.1)

sigmoid(x) =

1, 1
1+e−10×(x−0.5) ≤ rand

0, otherwise
(4.2)

4.3.2 Objective functions

Given that our thesis aims to address the deployment problem of non-contact sensors in
smart buildings, optimizing network coverage emerges as the primary objective. Further-
more, a significant portion of sensors in this category relies on costly technologies [24],
emphasizing the critical importance of reducing deployment cost. Reducing energy con-
sumption and maximizing sensor lifespan are very correlated objectives, both necessitat-
ing an increase in the number of deployed sensors. These objectives become particularly
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crucial when deploying sensors in hostile environments where accessibility for sensor re-
placement in case of failure is limited. Thus, both objectives entail augmenting the num-
ber of deployed sensors to ensure prolonged network operation and prevent breakdowns
caused by energy depletion or sensor failures.

In the context of deploying sensors in smart buildings, this issue isn’t significant as replac-
ing a node or its depleted battery is straightforward. Therefore, our thesis concentrates
on two primary objectives for our deployment strategy: maximizing network coverage
and reducing deployment costs. We’ve opted not to prioritize minimizing energy con-
sumption and maximizing sensor lifespan since they hold lesser importance compared to
reducing deployment costs.

The type of coverage addressed in this thesis is target coverage for the reasons outlined
in Section 4.1. Hence, coverage optimization involves maximizing the number of covered
targets within the deployment area. Similarly, deployment cost minimization refers to
reducing the number of deployed sensor nodes.

Due to the complex nature of the WSN deployment problem, particularly in large smart
building areas, we initially attempted to simplify it by merging the coverage and cost ob-
jectives into a single objective. This was achieved by aggregating these objectives into
a single fitness function, as shown in Equation 4.3. Consequently, we propose mono-
objective approaches based on mono-objective metaheuristics to solve it as it will be elabo-
rated in Chapter 5. Besides simplifying the problem and minimizing computational costs,
the primary advantage of initially adopting mono-objective approaches is to identify in-
herent conflicts and dependencies between the two objectives.

Min(
1
|Z| ×

|Z|

∑
i=1

xi +
1
|T| × (|T| −

|T|

∑
i=1

covered(S, ti))) (4.3)

Where:

covered(S, t) =

1, ∃si ∈ S, Pdet(si, t) ≥ threshold

0, otherwise
(4.4)

Here, Pdet(si, t) represents the sensing model used to assess the detection range of sen-
sors. We opted to use the Elfes sensing model [157], as defined by Eq. 4.5, based on the
comparison between sensing models presented in Table 2.1.
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Pdet(si, t) =


1, d(si, t) ≤ R1

eλ(d(si,t)−R1)
γ
, R1 < d(si, t) < Rs

0, d(si, t) ≥ Rs

(4.5)

Rs is the sensing range of the sensor, R1 is the certainty detection zone, λ and γ depend
on the physical characteristics of the sensor. The first component of Eq. 4.3 is dedicated
to reducing the number of deployed sensors, while the second component focuses on
minimizing the count of uncovered target points.

While mono-objective approaches can provide satisfactory solutions within a reasonable
amount of time, they also confirm the inherent conflict between coverage and cost ob-
jectives. This conflict limits their ability to explore the entire search space. In complex
real-world problems such as WSN deployment, decision-makers typically require a set of
Pareto-optimal solutions rather than a single solution to select the best option according
to their preferences. These Pareto sets comprise all non-dominated solutions, represent-
ing the solutions in the search space where optimizing coverage would result in increased
cost. Hence, these sets offer decision-makers the best trade-offs between the conflicting
objectives present in the search space. Therefore, in our second contribution, we propose
a multi-objective approach based on multi-objective metaheuristics to efficiently solve the
problem of WSN deployment in smart buildings and generate a set of Pareto-optimal so-
lutions with a good trade-off between coverage and cost as explained in Chapter 6. The
problem is formulated in this case as depicted in Equation 4.6.

Min [ fcost(V), funcoveredTargets(S, T)] (4.6)

Where: fcost is the deployment cost function defined in Eq. 4.7

fcost(V) =
|Z|

∑
i=1

xi (4.7)

and funcoveredTargets is the coverage function defined in Eq. 4.8

funcoveredTargets(S, T) = |T| −
|T|

∑
i=1

covered(S, ti) (4.8)
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covered(S, ti) is defined by Eq. 4.4.

4.3.3 Network model

The WSN is modeled by an undirected graph G = (V, E), where the vertex set V represents
sensors positioned at deployment points within Z, and the edges set E signifies the com-
munication links between these sensors. The estimation of communication probability is
derived from the following equation:

Pcom(si, sj) =

1, if Pr(si, sj) ≥ sensitivity ∧ d(si, sj) ≤ Rc

0, otherwise
(4.9)

Where d(si, sj) is the distance between sensor si and sensor sj, sensitivity is the minimum
signal strength a sensor can manage, and Pr(si, sj) represents the signal strength of the
received communication signal between si and sj, calculated as follows:

Pr(si, sj) = Pt − PL(si, sj) (4.10)

Where Pt is the transmission power of the sensor node and PL(si, sj) is the path loss be-
tween si and sj. This study used the Multi-Wall path loss model [158] defined by Eq.4.11:

PL(si, sj) = PL(d0) + 10× η × log10(d(si, sj)) (4.11)

PL(d0) signifies the path loss occurring at distance d0, while η denotes the path loss expo-
nent, which defines the propagation environment.

4.4 Connectivity constraint handling

During the generation of WSN topologies, the presence of obstacles inside the indoor
environment may cause the network to fragment into separate segments of sensors. This
fragmentation disrupts communication between these segments and leads to a loss of data
collected by isolated sensor partitions. In Section 2.4, we discussed three methods for ad-
dressing the connectivity constraint during the optimization process: imposing penalties
on unconnected topologies, adapting optimization method operators to exclusively gen-
erate connected topologies, and repairing the connectivity of unconnected topologies dur-
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ing each iteration. In this thesis, we opt for the third approach to connectivity handling,
as it overcomes the limitations of the preceding methods. Therefore, To address this con-
nectivity issue, we have developed a connectivity repair heuristic in [159] to repair sensor
topologies in case of multiple disjoint partitions. We propose two heuristics based on the
Dijkstra algorithm and minimum Steiner tree respectively, to deploy the minimum num-
ber of additional nodes while preserving the initial topology.

The problem of WSN connectivity healing in the case of multiple disjoint sets has been
widely addressed in literature [160]. Each approach has different assumptions regarding
the type of network (stationary WSN, mobile WSN, or hybrid WSN) and the type of de-
ployed nodes between different segments. Several techniques based on the relocation of
mobile nodes have been proposed to eliminate the need for deploying new sensors for
mobile and hybrid WSNs. On the other hand, methods based on the deployment of ad-
ditional nodes have the objective of restoring connectivity at a minimal cost. In [161],
authors suggested a connectivity healing protocol after multiple node failures. The proto-
col is based on the repositioning of mobile nodes to link segments. It involves partitioning
the sensors into a set of disjoint connected segments. Each segment elites a leader to com-
pute its position relative to the center of the deployment area. Redundant mobile nodes
will be selected based upon their energy levels to populate the short path between the
segment and the area center. In [162], Lee et al. have introduced DORMS, a distributed
autonomous connectivity repair heuristic. DORMS intends to compute the least number
and the position of relay nodes through three sequential phases. In the first step, a short
path is built between each segment and the deployment area center using mobile relay
nodes located within the segment, separated by a distance equal to the communication
range. The next step aims at reducing the number of deployed relay nodes by comput-
ing the minimum Steiner tree (MST) between each two neighboring short paths and the
center deployment area and then reassigning the extra nodes to their corresponding sets.
In the final step, the best MSTs are retained and the relay nodes are relocated to fit the
final scheme. The same authors developed in [163] a two-stage algorithm called ORC to
identify the number and position of the required relay nodes to reestablish the WSN con-
nectivity. In the first stage, the terminals (disjoint sets) in the border of the deployment
area are identified using a convex hull. Then, a Steiner point (SP) is computed for every
three adjacent terminals. Upon connecting all border terminals, the process is re-executed
on the remaining terminals and designated SPs until all the terminals are connected. Next
in the second stage, ORC populates the first-stage topology using relay nodes with respect
to the communication range. This method has been enhanced in [164] to ensure fault toler-
ance through bi-connected topology. An alternative version of this method was presented
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in [165] in which the Fermat point (FP) is substituted for the SP if the FP is located inside
the triangle formed by the three terminals; otherwise, the Fermat point is substituted for
the centroid of the triangle. Liu et al. [166] designed a distributed protocol to reestablish
the connectivity after each single node failure. It divides the network into critical and
non-critical nodes, each having its gradient values that determine which node will be the
optimal backup to the damaged node. Authors in [167] proposed a heuristic based on Vir-
tual Force and Compromise Strategy (CVFCS) to restore connectivity between multiple
disjoint sets. The proposed heuristic runs in two stages. The first stage consists of adjust-
ing the positions of sensors using Virtual Force to minimize the distance separating the
disjoint sensor sets. The second step involves deploying a minimal number of relay nodes
between the sets using minimum spanning tree and Steiner minimal tree algorithms.

Lalouani et al. in [168] argued that representing segments by single points as terminals is in-
efficient due to the lack of precision regarding segment shapes and sizes. Thus, they have
proposed the Boundary-aware optimized Interconnection of Disjoint segments (BIND)
method. This method represents segments as simple polygons delimited by the convex
hulls of the border nodes. By using these border nodes as terminals, BIND seeks to con-
struct the shortest total length tree in the Euclidean plane that links a subset of terminals
so that all segments are connected. For this purpose, the Steiner minimum tree (SMT) is
first generated for all boundary nodes. The edges of the SMT are then retained and used
to form a minimum cost tree covering all segments.

Published approaches for restoring WSN connectivity primarily rely on pre-deployed mo-
bile nodes to bridge the gap between sensor segments. Yet, these approaches cannot be
applied to stationary WSNs. Moreover, new positions of mobile nodes are mostly com-
puted using the minimum Steiner tree (MST) in order to reduce the number of involved
nodes. The MST is calculated in the Euclidean plane (continuous space) with no restric-
tions on the new positions other than the boundary constraints. Nevertheless, in real-
world situations, there could be various obstacles present in the deployment area that
limit the Euclidean plane to a finite number of potential deployment sites. A relocation
of mobile nodes deployed within a connected segment may result in a loss of connec-
tivity within that segment as well. In addition, some scenarios require maintaining the
overall WSN topology since the former positions of nodes were computed in accordance
with other constraints such as coverage and network lifetime. Thus, the connectivity re-
pair process should complete the deployment scheme with new nodes without significant
changes to other segments. To cope with the aforementioned shortcoming, we developed
two connectivity repair heuristics for stationary WSNs that preserve the previous WSN
deployment scheme. In what follows, we will define the problem connectivity repair for
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sensor networks and detail the proposed heuristics.

4.4.1 Problem formulation

We assume that the unconnected topologies are divided the network into disjoint sets of
sensors D ={d1,d2, ...,dm}, m ∈N. Each disjoint set di, 0≤ i ≤ m is defined as follows:
di = {sk|k ∈ [0, ...,n] ∧ |di| < n ∧ ∀(sj, sl) ∈ (di × di), Pcom(sj, sl) = 1∧ ∀sj ∈ di,∀sl /∈ di,
Pcom(sj, sl) = 0}

The problem of connectivity repair of WSN tackled here, consists of deploying the min-
imum number of additional sensor nodes in deployment zones so that the WSN will be
connected. Therefore, the solution to this problem will select the minimum number of
adequate deployment zones where the additional nodes will be placed to restore the net-
work connectivity.

The problem could be defined as follows :

Minimize ∑
q
i=1 zi

Subject to |D| = 1.

4.4.2 Proposed connectivity repair heuristics

As mentioned before, our proposed heuristics aim to restore the connectivity in a WSN by
adding a minimum number of additional nodes. Moreover, the two methods are based
on the Dijkstra short path algorithm and the Steiner tree algorithm and are destined for
obstacle-free areas and obstacles-filled areas respectively. The two approaches are split
up into two stages in order to reduce their complexity. The first stage is the same in both
heuristics and consists of connecting disjoint sets of deployed sensors having at least one
shared zone in their neighboring deployment zones. To do so, the deployment zone z hav-
ing the highest occurrence in the neighboring deployment zones of all disjoint sensor sets
is selected at each iteration then, a new sensor is deployed at z and the set of disjoint seg-
ments is updated by merging new connected segments. The process is repeated until all
zones have a number of occurrences equal to one, which indicates that there are no shared
zones between the disjoint segments. Algorithm 4 depicts the first stage of connectivity
repair heuristics.

Based on the deployment area characteristics, we select the appropriate method to repair
the network connectivity as explained below.
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Algorithm 4: Merge disjoint sets of sensors having a shared zone in neighboring de-
ployment zones
Data: Z /*list of zones*/

Ind /*infeasible solution*/
Result: D: /*list of disjoint sets having no shared zone in their neighboring

deployment zones*/
S: /*list of the neighboring deployment zones of sets in D */

S← ∅;
D= Create Disjoint Sets Of Sensors from Ind;
for i← 0 to |D| do

Create set si containing all deployment positions reachable from di ∈ D;
S← S

⋃
si;

end
continu← True;
while continu do

P = Union of all si ∈ S;
l = Deployment position with the highest number of occurrences in P;
if l > 1 then

Merge all sets di ∈ D having position l in their si;
Deploy a sensor at position l and add it to the merged set;
Update D,S ;
/*remove the disjoint sets from D and replace them with one set that merges
them all */

else
continu← False;

end
Return D, S ;

Obstacle-free target area: For this method, it is assumed that the deployment area is free
of obstacles or that obstacles have a limited impact on communication signals. Initially,
the proposed method applies Algorithm 4 to connect the closest segments with shared
neighboring zones. After the first stage, a minimum of two new nodes should be deployed
to link a pair of the remaining disjoint segments.

To achieve full network connectivity with minimum additional nodes, a second stage pro-
cess based on the Dijkstra algorithm is proposed. First, the central point (xi,yi) of each set
of neighboring zones S of the remaining disjoint segments is computed using the formula
below and considered as a terminal.

(xi,yi) = min
i∈[1,...|S|]

|S|

∑
j=1,j<>i

√
(xi − xj)2 + (yi − yj)2

|S|
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Next, the terminals are organized in pairs and sorted according to the ascending order
with respect to the distance between them. Then, the pairs of terminals are selected one
at a time in the aforementioned order and the Dijkstra algorithm is applied to the com-
munication graph of the deployment zones to compute the short path between them. The
vertices of the short path represent the minimum deployment zones where additional
sensors should be placed to establish the connectivity between the two disjoint segments
corresponding to the selected pair of terminals. This process is repeated until the network
is fully connected. Algorithm 7 depicts the steps of the proposed heuristic.
Target area with obstacles: The short path-based method is not effective when there are
significant obstacles that completely block communication signals in the deployment area.
The reason for this is that closest sets in terms of Euclidean distance could have blocking
obstacles in their line of sight, thus, short paths will bypass these obstacles, resulting in
an increased number of additional nodes. To cope with the problem, we proposed a sec-
ond heuristic depicted in Algorithm 5 for obstacles-filled areas to connect terminals. The
present method has the same steps as the short path-based method. Yet, the short paths
between segments are computed using the Steiner tree algorithm depicted in Algorithm 6
of the communication graph between deployment zones induced by terminals.

Algorithm 5: The proposed Steiner tree based connectivity repair heuristic
Data: Z /*list of zones*/

Ind /*infeasible solution*/

Result: Indconnected : /*feasible solution*/

D,S←Merge Disjoint Sets using Algorithm 1;

Update Ind according to D;

graph = Create a graph representing connections between all the zones;

terminals← ∅;

for s ∈ S do
Append the most centered point of s to terminals;

end
tree← Steiner tree approximation heuristic (see Appendix A) of graph induced by terminals;

Delete all edges from tree whose vertices are in the same set s ∈ S while keeping tree
connected;

Indconnected← Place new sensors in vertices of tree and add them to Ind;

Return theIndconnected;
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Algorithm 6: Steiner tree approximation heuristic
Data: G /*graph*/

Terminals /*list of terminals*/
Result: ST: /* approximation of Steiner tree of G induced by Terminals*/
Metric← the metric closure of G /*Metric is the complete graph induced by G in which the
edge weight between each pair of nodes represents their short path distance*/;

Sub← the subgraph of Metric whose vertices represent Terminals ;
ST← the minimum spanning tree of Sub;
Return ST ;

Algorithm 7: The proposed Short path based connectivity repair heuristic
Data: Z /*list of zones*/ Ind /*infeasible solution*/

Result: Indconnected : /*feasible solution*/

D,S←Merge Disjoint Sets using Algorithm 1;

Update Ind according to D /*deploy additional nodes*/ ;

graph = Create a graph representing connections between all the zones;

terminals← ∅;

for s ∈ S do
Append the most centered point of s to terminals;

end
DistanceBetweenTerminals← ∅;

for each ti ∈ terminals, tj ∈ terminals, i <> j do
Append (ti, tj, Distance(ti, tj)) to DistanceBetweenTerminals ;

end
Sort DistanceBetweenTerminals in ascending order with respect to distance;

i← 0;

tree← empty graph;

insertedTerminals← ∅;

t1← DistanceBetweenTerminals[i][0];

t2← DistanceBetweenTerminals[i][1];

while length(insertedTerminals) < length(terminals) do
if t1 or t2 not in insertedTerminals then

Compute the short path in graph between t1 and t2 using Dijkstra algorithm;

Add all the edges of the short path to tree;

Update insertedTerminals;

end
i← i + 1;

Update t1 and t2 ;

end
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Algorithm 8: The continuation of the proposed short path heuristic

D← Distinct connected sets of tree;

Paths← pairs of terminals in DistanceBetweenTerminals not inserted in tree, in ascending

order with respect to distance;

while |D| <> 1 do
for each path in paths do

if path links two disjoint sets in D then
Compute the short path in graph between path[0] and path[1] using Dijkstra

algorithm;

Add all the edges of the short path to tree;

Update insertedTerminals;

Update D;

end

end

end
Delete all edges from tree whose vertices are in the same set s ∈ S while keeping tree

connected;

Indconnected← Place new sensors in vertices of tree and add them to Ind;

Return Indconnected;

Figure 4.7 shows the deployment zones selected by both proposed heuristics for placing
the additional sensors.

Figure 4.7: Selected deployment zones by the proposed heuristics.

4.4.3 Performance evaluation

This section presents simulation results to evaluate the performance of our two proposed
methods for WSN connectivity repair. The two heuristics have been tested against the
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number of additional nodes and execution time and compared with the ORC approach
(explained in Section 4.4). All the algorithms were implemented and tested in Python
3.7.8. For these tests, we have considered that all the sensors are omnidirectional with a
communication range of 7m. Only areas that are free of obstacles have been considered in
order to test all algorithms under the same conditions. For that, we examined 12 scenarios
where the size of the deployment area is fixed to 80 × 80m2, 100 × 100m2, and 120 × 120m2,
and for each deployment area, we generated four random WSN topologies of 5, 8, 10, and
13 disjoint segments.
Number of additional sensor nodes: Fig 4.8 illustrates the number of additional nodes
required to restore connectivity in each scenario. For the sake of clarity, we referred to
the short path-based method as SP, the Steiner tree-based method as ST, and the ORC
approach as ORC. As shown in Fig 4.8a, Fig 4.8b, and Fig 4.8c both SP and ST outperform
ORC in all scenarios. We notice a significant difference in the number of additional nodes
when a topology contains a greater number of disjoint sensor segments.
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Figure 4.8: Number of additional nodes as a function of segments number and deploy-
ment area size

For example, the required number of additional sensors in the case of 100× 100m2 area
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with 13 segments is 51 for SP and 52 for ST yet, ORC has a number of additional nodes of
197. Further, it is apparent that SP and ST have almost the same performance in all sce-
narios, for instance, with 13 segments in 80× 80m2, both methods required 21 additional
nodes, while for 100× 100m2 area, they have almost the same number of additional nodes
for all number of segments. This is because both algorithms are tested in free obstacle ar-
eas, and the short paths used to construct the Steiner tree by ST are most probably linking
the closest sets in terms of Euclidean distance, resulting in a similar outcome to SP. Using
ORC, disjoint sets are linked by iteratively connecting them in a circular manner until the
center point of the deployment area is reached. This results in a significant increase in the
number of additional nodes between the outer segments and the center of large deploy-
ment areas.
Execution time: Both ST and ORC are based on the metric closure of the graph of com-
munication between all deployment zones to run the Steiner tree algorithm.

5 6 7 8 9 10 11 12 13
Number of segments

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

Ex
ec

ut
ion

 ti
m

e 
(s

)

SP
ST
ORC

(a) Execution time vs number of seg-
ments (80× 80m2)

5 6 7 8 9 10 11 12 13
Number of segments

0.0

0.5

1.0

1.5

2.0

2.5
Ex

ec
ut

ion
 ti

m
e 

(s
)

SP
ST
ORC

(b) Execution time vs number of
segments (100× 100m2)

5 6 7 8 9 10 11 12 13
Number of segments

0

20

40

60

80

Ex
ec

ut
ion

 ti
m

e 
(s)

SP
ST
ORC

(c) Execution time vs number of seg-
ments (120× 120m2)

Figure 4.9: Execution time as a function of segments number and deployment area size

The computation of metric closure is a time-consuming process, particularly for large
graphs. Since the metric closure is computed only once for each target area, we decided to
not include its calculation time in the execution time curves of Fig 4.9a, Fig 4.9b, and Fig
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4.9c to avoid biasing the comparison. According to the figures, SP represents the fastest
heuristic for restoring network connectivity. Since both ST and SP are computing the
short paths between segments, their execution times are almost identical after comput-
ing the metric closure. Moreover, ORC has a shorter execution time than ST. This can be
justified by the fact that ORC considers only three terminals at a time, whereas ST com-
putes the Steiner tree covering all the terminals in a single run, which is more complex.
In these scenarios, we have considered a large number of nearby deployment zones in
a target area without obstacles. This results in a substantial communication graph with
numerous edges, which slows down the tested algorithms. The objective is to assess the
performance of these algorithms in selecting the minimal number of deployment zones
from a vast pool of candidates. However, in real-world scenarios, these algorithms are
significantly faster because the number of deployment zones is considerably smaller, and
the communication graph is much less complex due to the presence of obstacles in the
target area.

4.5 Conclusion

In this chapter, we present our target area modeling component based on BIM database.
We explain its subcomponents, which are utilized to extract building data and model it
in an exploitable format for the optimization modules. Additionally, we introduce the
solution encoding, WSN representation, and the objective functions considered in both
mono-objective and multi-objective cases. Moreover, we present our proposed solution
to address the connectivity constraint. We provide the problem formulation, explain the
introduced heuristics, and discuss the obtained results, comparing them to an existing
method in the literature.
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CHAPTER 5

MONO-OBJECTIVE APPROACHES FOR WSN

DEPLOYMENT IN SMART BUILDINGS

5.1 Introduction

As mentioned in the previous chapter, solving the problem of WSN deployment consists
of finding the optimal position of each sensor within the target area while ensuring a good
trade-off between network coverage and cost. A fully connected network is also necessary
in order to avoid losing data collected by isolated nodes. The WSN deployment problem
has been proven to be NP-hard combinatorial optimization problem [4]. Its complexity
may increase significantly due to a variety of factors, such as the type of deployment area
(indoor/outdoor), its dimension model (2D/3D), obstacle heterogeneity, sensor hetero-
geneity, as well as the number of objective functions to be optimized [5]. Therefore, ap-
plying exact methods to multi-objective WSN deployment problem is a time-consuming
task with huge complexity, especially for large and medium-sized deployment areas [5].
To cope with this problem, many researchers have applied metaheuristic algorithms to
find near-optimal network topologies in a reasonable amount of time [84, 119, 69]. The
decision to opt for these methods is driven by numerous benefits, including reduced com-
putational complexity, the ability to address complex real-world problems, scalability, and
the capability to integrate problem-specific heuristics to guide the search process.
In this chapter, we start by studying the behavior and compare the performance of well-
known metaheuristics in solving the problem of WSN indoor deployment under real-
world scenarios. The results from this evaluation were then leveraged to formulate a

73



hybrid mono-objective approach to further enhance the quality of the generated topolo-
gies.

5.2 Mono-objective metaheuristics for WSN deployment

5.2.1 Selection of mono-objective metaheuristic algorithms

In this section, we relied on the study presented in [5] and [6] to select the most popular
algorithms used to solve the WSN deployment problem including genetic algorithm [7]
(GA), differential evolution [8] (DE), cuckoo search algorithm [9] (CS), particle swarm
optimization [10] (PSO), grey wolf optimizer [11] (GWO), and bat algorithm [12] (BA).
Harmony search [13] (HS) is also selected since it has been successfully applied to solve
the same problem [169]. The experimental tests are conducted on ten indoor architectures
with different areas to evaluate also the performance and scalability of the algorithms.

In what follows, we will give a brief technical description of the selected metaheuristics
and how they were applied to solve the combinatorial problem of WSN indoor deploy-
ment.

1. Genetic Algorithm: GA is an evolutionary algorithm designed to mimic the process of
natural selection [7]. To solve the WSN deployment problem, the tested GA starts with
a random population of binary vectors representing WSN topologies. Each vector has
a length equal to the number of available deployment zones as explained in Section
4.3. Then, the tournament selection, the uniform crossover, and the flip multipoints
mutation are used as genetic operations and applied to the population with the aim of
producing new and improved solutions. This process is repeated until the maximum
number of iterations is reached. The GA parameters were set according to [84].

2. Harmony Search: The Harmony Search (HS) algorithm is a music-inspired meta-
heuristic [13]. In this study, each harmony is a continuous vector representing a poten-
tial WSN topology as explained in Section 4.3. The value of each harmony component
is fixed between 0 and 1. If the value is more or equal to 0.5, then a sensor will be
placed at the ith deployment zone. The harmonies are updated according to the equa-
tions presented in the original paper [13]. The parameters are set according to [169].

3. Particle Swarm Optimization PSO is a stochastic method that simulates the behavior
of birds flocking and fish schooling when seeking the optimal solution in the search
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space [10]. The tested PSO is implemented according to the original global best topol-
ogy presented in [10] yet, the inertia weight is updated according to the following equa-
tion wi = (Itermax − Iteri)/Itermax × (wmax − wmin) + wmin where Itermax and Iteri are
the maximum number of iterations and current iteration, respectively, and wmax and
wmin are the maximum and the minimum values of inertia weight. Each particle rep-
resents a network topology and it is encoded by a continuous vector as explained in
Section 4.3. The PSO parameters were set according to [57].

4. Differential Evolution DE is a population-based optimization algorithm that is in-
spired by the natural evolution process [8]. As opposed to evolutionary algorithms,
DE generates offspring by mutating a solution with a scaled difference between two
randomly selected individuals. For this comparative study, the original version of DE
was implemented and the DE/current-to-rand/1/bin mutation strategy has been used
to generate new topologies. Parameters were set according to [170], yet the mutation
factor is fixed to 0.7.

5. Grey Wolf Optimizer GWO is a population-based stochastic algorithm [11] which is
derived from the natural predation process and hierarchy of leadership of gray wolves.
A grey wolf pack has four types of leadership: alpha, beta, delta, and omega, with a
decreasing dominance from alpha to omega. In the developed GWO, alpha, beta, and
delta represent the best three topologies. The rest of the topologies in the population
are updated in each iteration according to the hunting equation where the prey vector
depends on α, β, and δ found so far as explained in [11].

6. Bat Algorithm BA is a swarm intelligence-based algorithm that mimics the echoloca-
tion behavior of bats [12]. In the context of this study, each bat has a position that repre-
sents the WSN deployment within the target area and a velocity vector that directs the
movement of the bat in the research space. The velocity vector is updated at each iter-
ation according to the current global best topology and the current bat frequency. The
local search of the implemented BA is done around the best global topology. All the
steps of BA are implemented according to [12]. The BA parameters were set according
to [171].

7. Cuckoo search algorithm CS is a nature-inspired algorithm that emulates the brood
parasitism behavior of cuckoos [9]. For this study, each cuckoo egg is a continuous vec-
tor with a length equal to the number of available deployment zones. The discretization
of the cuckoo egg represents a potential sensor deployment as described in Section 4.3.
Each generation creates new topologies by applying Lévy flight steps to the current
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solutions as explained in [9]. Next, the new solution is compared with a randomly
chosen solution from the current population, and the fittest one is maintained for the
next generation. Also, the exploration of the research space is ensured by replacing a
fraction pa of worse solutions with new solutions. The CS parameters are set according
to [91].

Some selected metaheuristics are designed to solve continuous problems and cannot han-
dle the WSN deployment problem since it has been formulated as a combinatorial op-
timization problem. Therefore, for this study, we have adopted a simple and low-cost
discretization method based on rounding decision variables as depicted in Eq. 5.1. The
discretization of each solution is applied at each iteration, followed by the generation of
its corresponding communication graph to repair the connectivity in case the topology is
unconnected.

x∗i =

1, if xi ≥ 0.5

0, otherwise
(5.1)

5.2.2 Performance evaluation and Comparative Study

The purpose of this section is to present the performance of GA, DE, HS, CS, GWO, BA,
and PSO in solving the multi-objective WSN deployment in an indoor environment. All
the algorithms were implemented in Python 3.7.16.

5.2.2.1 Experimental setup

Table 5.1 summarizes the setting parameters of the selected algorithms, derived from val-
ues suggested in studies that have tackled the WSN deployment problem with these al-
gorithms. All tests are conducted with a population size of 100 and an iteration number
of 350. A total of 20 independent runs have been conducted for each algorithm.

Table 5.5 shows the best, worst, mean, median, and standard deviation fitness values re-
searched by each algorithm over the independent runs. Important values are highlighted
in bold. The characteristics of considered sensors are summarized in Table 5.2.
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Table 5.1: Simulation parameters

Algorithm Parameter Value

GA

Crossover probability 0.95
Mutation Probability 0.1
Selection technique Tournament selection
Tournament size 2

PSO c1 and c2 2
Inetria weight decreases from 0.9 to 0.4

CS pa 0.3

HS Pitch Adjustment Rate 0.3
HMCR 0.9

DE
F 0.7
CR 0.9
Mutation strategy DE/current-to-rand/1/bin

BA

Loudness 0.5
Pulse rate 0.5
Fmin 0
Fmax 2

GWO a parameter 2− 2× iter/Maxiter

Table 5.2: Sensor physical characteristics

Parameter Numerical value
Transmission power 3 dBm
Sensitivity -96 dBm
Frequency 2.4 Ghz
Type of antenna Omnidirectional
Rc 10 m
Rs 6 m
Ru 4 m
λ 0.01
γ 1

5.2.2.2 Indoor architectures for simulation tests

Due to the lack of comprehensive IFC files online detailing buildings of various area sizes,
and with the aim of conducting a complete comparison, we opted to create ten indoor ar-
chitectural designs, illustrated in Fig. 5.1. The proposed architectures have different areas
(small, medium, and big) in order to test the scalability of the selected algorithms. Walls
of the interior are constructed from plasterboard and those of the exterior are constructed
from concrete.
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Table 5.3: Characteristics of the proposed indoor architectures

Area(m2) Number of obstacles Number of target points
Archi1 70 14 29
Archi2 1900 30 665
Archi3 270 24 94
Archi4 180 20 62
Archi5 520 30 182
Archi6 328 18 114
Archi7 415 20 145
Archi8 700 27 280
Archi9 255 24 80
Archi10 1600 39 560

The attenuation value of each construction material are the same in [172] and depicted in
Table 5.4. Each indoor architecture has a number of randomly distributed target points to
be covered. Table 5.3 summarizes the characteristics of the proposed architectures.

Table 5.4: Walls attenuation

Parameter Numerical value
Outer wall attenuation(concrete) 25 dB
Inner wall attenuation(plasterboard) 6 dB
Path loss exponent 2.8

5.2.2.3 Results and discussion

For these simulation tests, we have assumed that the deployment points where sensors
could be placed are distributed on the ceilings. This reduces the complexity of the area
since we are considering a 2D plane deployment zone. As can be observed from Table 5.5,
DE, GA, HS, and GWO have a close performance on archi1 in terms of best fitness. DE
outperforms all the algorithms on archi4 and archi6 in terms of best, mean, and median.
CS and BA have the worst fitness values for small areas (archi1 and archi4). HS performs
well on small and medium-sized areas. It reached the best fitness value on archi1 and the
second minimal worst solution in archi4 with GA. For medium-sized areas, we notice that
GWO has the best mean and median values for archi7, followed by GA. The worst values
reached on medium-size architectures are generated by CS and BA. Regarding big-sized
areas, we can see that the performance of DE and HS have significantly deteriorated. On
the other hand, GA continues to produce good solutions with the best std value for archi2
and archi10, while GWO achieved the best results for huge zones.
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(a) Architecture 1 (70
m2)

(b) Architecture 2 (1900 m2) (c) Architecture 3 (270 m2)

(d) Architecture 4 (180 m2) (e) Architecture 5 (520 m2)

(f) Architecture 6 (328 m2) (g) Architecture 7 (415 m2)

(h) Architecture 8 (700 m2) (i) Architecture 9 (255 m2)

(j) Architecture 10 (1600 m2)

Figure 5.1: The indoor architectures proposed for the comparison tests.
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Table 5.5: Experimental results of Best, Worst, Mean, Median, and Standard Deviation
(STD) of the fitness values

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10

DE

Best
Worst
Mean
Median
STD

0.03529
0.04705
0.03705
0.03529
0.00430

0.21421
0.23632
0.22589
0.22658
0.00467

0.04074
0.12222
0.05740
0.05370
0.01763

0.02777
0.06111
0.04027
0.03611
0.01123

0.1
0.21346
0.17048
0.18076
0.03312

0.04268
0.11280
0.08229
0.08384
0.01944

0.07952
0.19759
0.12458
0.11807
0.03643

0.14214
0.22929
0.19864
0.21107
0.0271

0.03529
0.10196
0.05471
0.05098
0.0169

0.215
0.22902
0.2241
0.22437
0.004

PSO

Best
Worst
Mean
Median
STD

0.05882
0.12941
0.09467
0.09412
0.01996

0.20000
0.22421
0.21355
0.21395
0.00533

0.12593
0.17407
0.15204
0.15556
0.01459

0.09444
0.16667
0.13444
0.13889
0.01781

0.16731
0.19808
0.17923
0.17885
0.00850

0.13110
0.17988
0.16143
0.16159
0.01288

0.15422
0.19036
0.17337
0.17108
0.01070

0.18143
0.21143
0.20004
0.20143
0.00873

0.13333
0.18431
0.15373
0.14902
0.01597

0.20438
0.21750
0.21081
0.21063
0.00353

GA

Best
Worst
Mean
Median
STD

0.03529
0.03529
0.03529
0.03529
0.0

0.12722
0.13526
0.13209
0.13256
0.00228

0.12592
0.19259
0.15777
0.16111
0.01679

0.03333
0.04444
0.04108
0.03888
0.00329

0.06730
0.08076
0.07678
0.07692
0.00302

0.04573
0.06707
0.06061
0.06097
0.00407

0.06506
0.07470
0.07062
0.07196
0.00289

0.09143
0.10143
0.09604
0.09607
0.0031

0.03922
0.0549
0.04824
0.04706
0.00339

0.12187
0.12795
0.12519
0.12558
0.00194

CS

Best
Worst
Mean
Median
STD

0.10588
0.16471
0.13706
0.13529
0.01632

0.21895
0.23053
0.22605
0.22684
0.00356

0.17037
0.20000
0.18738
0.18889
0.00722

0.14444
0.18889
0.17220
0.17222
0.01373

0.18654
0.21923
0.20346
0.20385
0.00699

0.17378
0.20427
0.19099
0.19207
0.00804

0.16627
0.20964
0.19771
0.20000
0.01115

0.19929
0.22786
0.21718
0.21857
0.00834

0.17255
0.20392
0.18906
0.19020
0.01009

0.20938
0.23250
0.22381
0.22469
0.00558

HS

Best
Worst
Mean
Median
STD

0.03529
0.05882
0.04118
0.03529
0.00714

0.21789
0.23579
0.22576
0.22632
0.00459

0.08889
0.10741
0.09722
0.09815
0.00549

0.03889
0.06667
0.05528
0.05556
0.00686

0.15769
0.18846
0.17749
0.17981
0.00836

0.10976
0.13415
0.12149
0.12195
0.00658

0.13976
0.16627
0.15217
0.14940
0.00825

0.19714
0.22714
0.21050
0.21000
0.00676

0.07843
0.10588
0.09176
0.09020
0.00768

0.21125
0.23062
0.22119
0.22250
0.00587

BA

Best
Worst
Mean
Median
STD

0.11765
0.17647
0.14290
0.14118
0.01635

0.21789
0.23632
0.22650
0.22526
0.00407

0.16667
0.20000
0.18738
0.18889
0.01070

0.14444
0.18889
0.17106
0.16944
0.01219

0.19038
0.21538
0.20538
0.20577
0.00718

0.16159
0.20427
0.18962
0.19055
0.00977

0.18072
0.20964
0.19843
0.19880
0.00939

0.21357
0.23143
0.22182
0.22214
0.00489

0.16078
0.20392
0.18455
0.18468
0.01349

0.21000
0.23062
0.22268
0.22281
0.00519

GWO

Best
Worst
Mean
Median
STD

0.03529
0.07058
0.05
0.04705
0.00842

0.06835
0.08805
0.07532
0.07410
0.00502

0.04074
0.06619
0.05379
0.05346
0.00724

0.03888
0.08225
0.05370
0.05250
0.01077

0.05
0.09972
0.06278
0.06098
0.01210

0.04573
0.07852
0.06045
0.0606
0.00785

0.04337
0.08367
0.05942
0.05783
0.00953

0.07286
0.105
0.08736
0.08750
0.00845

0.03137
0.07132
0.05324
0.05564
0.00984

0.06714
0.08741
0.07702
0.07683
0.00517

Thus, in summary, we can say that DE, GA, HS, and GWO are efficient in small and
medium-sized architectures. Moreover, GWO and GA are both scalable due to their ability
to maintain their performance for large areas. Conversely, PSO, CS, and BA have the worst
values for all architectures. From the obtained results, it can be concluded that the search
strategy of GWO is very efficient when dealing with the WSN deployment problem. It
allows to update the distribution of sensor nodes in each topology according to the three
best WSN topologies found so far with a random shift caused by the control vectors. This
balance between the exploration and exploitation in the search strategy enables GWO to
handle high dimensional WSN deployment problem (archi2 and archi10). Furthermore,
the search technique of GA has also demonstrated its effectiveness in addressing the WSN
deployment problem. This is because of its suitability for combinatorial problems and its
ability to maintain population diversity, particularly when using the uniform crossover.
In the context of WSN deployment, DE performs well on small and medium target areas,
yet its mutation technique fails to produce good topologies when the area gets bigger.
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All the algorithms are compared statistically using the nonparametric test Kruskal-Wallis
with significance level of 0.05, followed by the Tukey HSD. Results are reported in Table
5.6. All the p-values that are below 0.05 indicate a significant difference in the performance
of the two examined algorithms. Fig. 5.2 depicts the convergence curves of all algorithms
for one dependent run. The first iteration corresponds to the first updated population.
According to it, PSO, CS, and BA got stagnated in the early stages of algorithms and this
is for almost all architectures. DE and HS have both a good convergence for small and
medium-sized architectures. Yet, both algorithms get stagnated for archi2 and archi10
(big-sized architectures).

Table 5.6: p-values produced by Kruskal-Wallis test followed by the Tukey pairwise com-
parison

Archi1 Archi2 Archi3 Archi4 Archi5 Archi6 Archi7 Archi8 Archi9 Archi10

(GWO, GA) 5.75e-08
0.004

6.23e-08
-0.0

0.23421
0.99

0.029
0.99

4.90e-06
0.0455

0.56
1.0

5.03e-05
0.3048

0.0002
0.2706

0.017
0.8375

6.15e-08
-0.0

(GWO, HS) 0.001
0.27

6.24e-08
-0.0

5.58e-08
-0.0

0.09
0.99

6.06e-08
-0.0

5.86e-08
-0.0

5.91e-8
-0.0

6.16e-08
-0.0

5.53e-08
-0.0

6.19e-08
-0.0

(GWO, DE) 2.64e-06
0.02

6.27e-08
-0.0

0.88
0.9321

6.06e-08
0.006

6.23e-08
-0.0

0.0001
0.0

8.31e-8
-0.0

6.23e-08
-0.0

0.65
0.9997

6.15e-08
-0.0

(GWO, PSO) 1.22e-07
-0.0

6.27e-08
-0.0

5.9e-08
-0.0

0.002
-0.0

6.16e-08
-0.0

6.23e-08
-0.0

5.95e-08
-0.0

6.19e-08
-0.0

5.87e-08
-0.0

6.16e-08
-0.0

(GWO, CS) 3.67e-08
-0.0

6.23e-08
-0.0

5.56e-08
-0.0

5.63e-08
-0.0

6.01e-08
-0.0

6.0e-08
-0.0

5.96e-8
-0.0

6.19e-08
-0.0

5.85e-08
-0.0

6.18e-08
-0.0

(GWO, BA) 3.67e-08
-0.0

6.09e-08
-0.0

5.83e-08
-0.0

5.56e-08
-0.0

6.16e-08
-0.0

5.95e-08
-0.0

6.01e-08
-0.0

6.21e-08
-0.0

5.97e-08
-0.0

6.25e-08
-0.0

(GA, DE) 0.075
0.99

6.20e-08
-0.0

0.29
0.99

5.79e-08
0.001

5.88e-08
-0.0

0.0001
0.0

5.96e-8
-0.0

6.13e-08
-0.0

0.29
0.6047

6.038e-08
-0.0

(GA, HS) 0.0008
0.74

6.17e-08
-0.0

3.73e-08
-0.0

2.9e-05
1.0

5.71e-08
0.7351

5.39e-08
-0.0

5.72e-8
-0.0

6.06e-08
-0.0

3.27e-08
-0.0

6.08e-08
-0.0

(GA, PSO) 6.86e-9
-0.0

6.2e-08
-0.0

3.96e-08
-0.0

0.99
-0.0

5.81e-08
-0.0

5.47e-08
-0.0

5.91e-08
-0.0

6.09e-08
-0.0

3.49e-08
-0.0

6.04e-08
-0.0

(GA, BA) 6.56e-9
-0.0

6.02e-08
-0.0

3.91e-08
-0.0

3.83e-08
-0.0

5.81e-08
-0.0

5.47e-08
-0.0

5.82e-08
-0.0

6.11e-08
-0.0

3.55e-08
-0.0

6.14e-08
-0.0

(GA, CS) 6.57e-09
-0.0

6.16e-08
-0.0

3.72e-08
-0.0

3.94e-08
-0.0

5.6704e-8
-0.0

5.52e-08
-0.0

5.77e-08
-0.0

6.09e-08
-0.0

3.47e-08
-0.0

6.07e-08
-0.0

(DE, CS) 1.62e-08
-0.0

0.86
1.0

5.57e-08
-0.0

3.78e-08
-0.0

0.0003
0.0

6.06e-08
-0.0

4.34e-07
-0.0

0.034
0.0001

5.91e-08
-0.0

0.98
1.0

(HS, BA) 3.68e-8
-0.0

0.57
-0.0048

5.59e-08
-0.0

5.48e-08
-0.0

5.99e-08
0.0

5.76e-08
-0.0

5.83e-08
0.0

7.44e-06
0.0563

5.59e-08
-0.0

0.57
0.9494

(PSO, BA) 0.7489
-0.0

1.76e-7
-0.017

3.12e-07
-0.0

6.759e-07
-0.0

1.7224e-07
0.0

3.38e-7
0.0

1.22e-06
0.0001

6.21e-08
0.0

4.51e-06
0.0

6.31e-07
0.0
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Figure 5.2: Convergence graphs of one independent run for: (a) archi1, (b) archi2, (c)
archi3, (d) archi4, (e) archi5, (f) archi6, (g) archi7, (h) archi8, (i) archi9, (j) archi10

GWO generates good solutions from the first update of the population and has fast con-
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vergence even for large areas, maintaining a significant difference between the second-
best algorithm (GA).

5.3 A hybrid binary grey wolf optimizer for WSN deploy-

ment

The obtained results from the comparative study validated the efficacy and scalability
of the GWO in comparison to the other algorithms. Therefore, this section introduces a
novel approach based on GWO for addressing the problem of WSN deployment in indoor
environments.

5.3.1 An overview on GWO

GWO was introduced by Mirjalili et al [11]. It is an optimization algorithm designed to
mimic the hierarchical structure and predatory behavior observed in grey wolves in the
wild. The leadership hierarchy of the wolf pack comprises four types of wolves: alpha,
beta, delta, and omega, the dominance gradually decreases from alpha to omega. In order
to establish a mathematical representation, the GWO algorithm assigns the fittest solution
as the α grey wolf, the second-best solution as the β grey wolf, the third-best solution as
the δ grey wolf, and considers the remaining population to be made up of ω grey wolves.
During the optimization process, the GWO algorithm employs three hunting techniques:
encircling prey, hunting, and attacking prey. These techniques involve updating the posi-
tions of the ω wolves based on α, β, and δ positions to guide the search process in looking
for the global best solution.

?

?

?

?

Figure 5.3: The hierarchical structure of grey wolves [11]

Encircling prey: the equation of encircling prey is as follows:

D⃗ = |C⃗.X⃗p(t)− X⃗(t)| (5.2)
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X⃗(t + 1) = X⃗p(t)− A⃗.D⃗ (5.3)

where : X⃗(t) represents the current position of the wolf, X⃗p(t) is the position of the prey,
A⃗ and C⃗ are coefficient vectors calculated as in Eq.5.4 and Eq.5.5 respectively.

A⃗ = 2.⃗a.r⃗1 − a⃗ (5.4)

C⃗ = 2.r⃗2 (5.5)

r⃗1 and r⃗2 are random vectors in [0,1], a decreases linearly from 2 to 0 as follows :

a = 2− 2× ti

Tmax
(5.6)

ti is the current iteration and Tmax is the maximum number of iteration.

Hunting: the hunting process of GWO involves computing for each ω wolf, the compo-
nents X⃗1, X⃗2, X⃗3 of its current position X⃗(t + 1) as follows:

D⃗α = |C⃗1.X⃗α − X⃗|
D⃗β = |C⃗2.X⃗β − X⃗|
D⃗δ = |C⃗3.X⃗δ − X⃗|

(5.7)

X⃗1 = X⃗α − A⃗1.D⃗α

X⃗2 = X⃗β − A⃗2.D⃗β

X⃗3 = X⃗δ − A⃗3.D⃗δ

(5.8)

X⃗(t + 1) =
X⃗1 + X⃗2 + X⃗3

3
(5.9)

The pseudo-code of the GWO is depicted in algorithm 9.
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Algorithm 9: Continuous Grey Wolf Optimizer
Data: Popsize /* number of the wolves in the population*/

Tmax /*maximum number of iteration*/
Result: α: /*the best grey wolf in the population*/
Pop← initial random population;
t← 0;
while t < Tmax do

compute a according to Eq.5.6;
α, β, δ← get best solution of Pop;
for each wol fi in Pop do

compute A⃗1, A⃗2, A⃗3 according to Eq.5.4;
compute C⃗1, C⃗2, C⃗3 according to Eq.5.5;
compute X⃗1, C⃗2, C⃗3 according to Eq.5.5;
wool fi.pos← update position according to Eq.5.9;
wool fi.fitness← compute fitness;

end

end
update α;
Return α;

5.3.2 Binary GWO

The GWO is mainly designed to solve continuous problems since each grey wolf in the
population is encoded as a continuous vector. Therefore, in order to address combinatorial
problems such as the WSN deployment problem, the GWO should be adapted effectively
to generate binary solutions.

After the wolf position update, each continuous value xt of the position vector is dis-
cretized according to the following equation in Section 4.3.

5.3.3 Steiner tree-based heuristic for deployment cost reduction

As mentioned before, a good WSN topology should guarantee a high coverage rate with a
minimal number of deployed nodes while ensuring the connectivity constraint. The task
of determining which sensors can be deactivated within the network is challenging, as
the deactivation of inappropriate sensors can result in network partitioning or a reduction
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in coverage. To address this issue, we have developed a Steiner tree-based heuristic that
aims to identify a subset of sensors within a WSN topology that should be preserved
to ensure coverage of the same target points while satisfying connectivity constraints.
Consequently, all sensors not included in the selected subset are eliminated from the final
topology, thereby reducing the deployment cost.

The first step of the proposed heuristic consists of linking the communication graph with
the coverage graph. In the coverage graph, target points and the corresponding sensors
providing coverage are represented as vertices. An edge is formed between a target point
and a sensor node if the sensor covers the respective target. To enable the linkage between
the two graphs, we introduce the augmented communication graph. The concept involves
augmenting the WSN communication graph by incorporating virtual nodes that represent
targets and virtual links that correspond to the edges within the coverage graph. The
process of calculating the augmented communication graph is illustrated in Algorithm
10.

Algorithm 10: Augmented communication graph
Data: WSN /*communication graph*/,

T /*list of target points*/
Result: WSNaugmented : /*augmented wsn*/
WSNaugmented←WSN;
for each t ∈ T do

sensors← covered ( t, WSN.nodes);
if sensors not empty then

for each s ∈ sensors do
WSNaugmented.add-edge (s, t);

end

end

end
Return WSNaugmented;

Once the augmented communication graph is generated, we proceed to implement the
Steiner tree algorithm. This algorithm refers to the minimum spanning tree that links a
given set of vertices in an undirected graph. This set of vertices is known as terminals. In
our proposed heuristic, these terminals represent the target points that have already been
covered by the WSN. By applying the Steiner tree algorithm to the augmented commu-
nication graph, we ensure that at least one sensor is retained for each target point, guar-
anteeing the same coverage rate as the initial WSN topology prior to the cost reduction

86



process. As the Steiner tree algorithm operates on the augmented communication graph,
it effectively maintains connectivity among the selected sensor nodes. Consequently, any
nodes that have not been chosen are subsequently eliminated from the WSN, resulting
in a refined WSN topology. Algorithm 11 summarizes the main steps of the proposed
heuristic for deployment cost reduction. Fig. 5.4 depicts an example of an augmented
communication graph.

s1

s3

s2
s4

s5

s6

s7

s8

s9

s10

s11

s12

s13

s14

s15

s16

s17

T1

T2

T3

T4

T5

disabled sensor  

Target point 
Communication link

Vir tual l ink

Figure 5.4: Example of augmented communication graph

The nodes si represent the sensor nodes of the WSN communication graph and the tj

nodes represent the added target nodes. In this example, the gray nodes denote the nodes
that have been removed by the proposed heuristic, resulting in a reduction of the overall
cost by six nodes.
In HBGWO, the Steiner tree-based heuristic for deployment cost reduction is applied to
each topology after repairing its connectivity as depicted in Fig. 5.5.

5.3.4 Performance evaluation

The objective of this section is the test the performance of HBGWO and conduct a com-
parative analysis with other existing approaches in the literature. All algorithms were
implemented and tested in Python 3.7.16. The characteristics of the sensors considered in
this study, as well as the indoor architectures, align with those in the previous comparative
study.
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Algorithm 11: Steiner tree-based heuristic for deployment cost reduction
Data: Terminals /*list of target points covered by the nodes of WSN*/

WSN /*communication graph*/
Result: wsnreduced: /* WSN with minimum enabled sensor nodes*/
WSNaugmented← augmentedCommunicationGraph (WSN);
Metric← the metric closure of WSNaugmented /*Metric is the complete graph induced
by WSNaugmented in which the edge weight between each pair of nodes represents
their short path distance*/;

Sub−metric← the subgraph of Metric whose vertices represent Terminals;
ST← the minimum spanning tree of Sub−metric;
for each n ∈ SWSN.nodes do

if n /∈ ST.nodes then
WSN.removeNode(n);

end

end
Return WSN;

5.3.4.1 BIM models for simulation tests

Three BIM models have been used to assess the performance of HBGWO. Fig. 5.6 pro-
vides a visual representation of the digital models of the buildings, along with their corre-
sponding internal layouts. To conduct the experimental tests, a total of six scenarios were
derived from the BIM models. The specific characteristics of each scenario are summa-
rized in Table 5.7. In every scenario, our focus was on deploying the WSN specifically
on the first floor of the building. To simplify the target area, we limited the deployment
points exclusively to the ceilings. The three BIM models used in the study had varying
numbers of deployment points: BIM model 1 had 575 points, BIM model 2 had 254 points,
and BIM model 3 had 257 points.
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Figure 5.5: Flow chart of the proposed hybrid binary GWO

Table 5.7: Characteristics of the proposed scenarios

BIM model Number of obstacles Number of target points
Scenario1 1 86 200
Scenario2 2 97 120
Scenario3 3 104 140
Scenario4 1 86 300
Scenario5 2 94 160
Scenario6 3 104 180
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(a) BIM model 1 (b) Layout of BIM model 1

(c) BIM model 2 (d) Layout of BIM model 2

(e) BIM model 3 (f) Layout of BIM model 3

Figure 5.6: The BIM models used for the experimental tests

The attenuation characteristics of the construction materials utilized were set based on
[173] and depicted in Table 5.8.

Table 5.8: Obstacles attenuation

Parameter Numerical value
Plasterboard wall attenuation 6 dB
Glass attenuation 2.5 dB
Wood attenuation 2.7 dB
Path loss exponent 2.8
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5.3.4.2 The selected algorithms for the tests

The following algorithms have been selected to compare and evaluate the performance of
HBGWO.

– BGWO: represents the basic GWO with the binarization procedure.

– BGWOv1: represents the binary GWO with the nonlinear convergence factor strategy
defined as follows [118]:

a = 2− 2×

√
1− (

Tmax − ti

Tmax
)2

– BGWOv2: represents the binary GWO with the dynamic variation strategy defined as
follows [174, 118]:variation, random < 0.5× Tmax−ti

Tmax

no variation, otherwise

In case of variation, ω wolves are mutated as follows:

dupper = lupper − α

dlower = α− llower

ω = α + random× dupper, random > 0.5

ω = α− random× dlower, otherwise

– BGWOv3: represents the binary GWO where the ω wolves positions are updated ac-
cording to the dynamic weighting strategy defined as follows [175], [118]:


w1 = fα/( fα + fβ + fγ)

w2 = fβ/( fα + fβ + fγ)

w3 = fγ/( fα + fβ + fγ)

and the updated position of ω is as follows:

X⃗(t + 1) = w1 × X⃗1 + w2 × X⃗2 + w3 × X⃗3

– IBGWO: the improved GWO introduced in [118].
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5.3.4.3 Results and discussion

Table 5.10 depicts the experimental results of best, worst, mean, median, and standard
deviation (STD) of the fitness values of all algorithms. As can be noticed from Table
5.10, the HBGWO algorithm exhibits superior performance in terms of the fitness func-
tion across all scenarios. Notably, the median value achieved by HBGWO for scenarios
1, 2, 3, and 4 is lower than the best fitness achieved by the BGWO, BGWOv1, BGWOv2,
BGWOv3, and IBGWO algorithms. In scenarios 5 and 6, HBGWO surpasses the four
improved algorithms when comparing the median value of HBGWO to their respective
best fitness values. This difference is due to the significant decrease in deployment cost
achieved through the application of the Steiner tree-based heuristic. Statistical compar-
ison of all algorithms was conducted using the nonparametric Kruskal-Wallis test with
a significance level of 0.05 followed by pairwise Tukey HSD test. The results, presented
in Table 5.9 and Table 5.11, reveal that p-values below 0.05 indicate a significant distinc-
tion in the performance between the two examined algorithms. Fig. 5.7 illustrates the
convergence graph of all algorithms for the median run. Analysis of this graph reveals
that the HBGWO algorithm has superior performance from the initial iterations onwards,
consistently maintaining lower fitness values compared to the other algorithms across all
scenarios. It’s worth noting that all algorithms have nearly identical coverage rates for
all scenarios, varying between 89% and 98% depending on the size of the target area.
However, the gap between the fitness values is related to the difference in deployment
cost. Both HBGWO and BGWO demonstrate a higher capability to avoid local optima in
comparison to the other improved algorithms, as they prioritize the exploration process.
Conversely, IBGWO displays the poorest performance for all scenarios.

Table 5.9: Kruskal wallis test

H statistics p-value
Scenario1 155.42 9.3545e-32
Scenario2 152.27 4.392e-31
Scenario3 148.98 2.1956e-30
Scenario4 148.79 2.4175e-30
Scenario5 146.18 8.6738e-30
Scenario6 139.49 2.2977e-28
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Figure 5.7: Convergence graphs of the median run for: (a) scenario 1, (b) scenario 2, (c)
scenario 3, (d) scenario 4, (e) scenario 5, (f) scenario 6
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Table 5.10: Experimental results of Best, Worst, Mean, Median, and Standard Deviation
(STD) of the fitness values

Scenario1 Scenario2 Scenario3 Scenario4 Scenario5 Scenario6

BGWO

Best
Worst
Mean
Median
STD

0.26035
0.33768
0.30409
0.30947
0.02112

0.23064
0.29803
0.26305
0.26457
0.01831

0.24972
0.31140
0.27528
0.27568
0.01295

0.33841
0.38072
0.36681
0.36630
0.00822

0.25472
0.32116
0.28686
0.28784
0.01539

0.26623
0.33067
0.29954
0.30096
0.01432

BGWOv1

Best
Worst
Mean
Median
STD

0.31148
0.36056
0.33072
0.32757
0.01191

0.26909
0.32467
0.29253
0.29213
0.01247

0.28869
0.33730
0.30832
0.30553
0.01214

0.36551
0.41058
0.38926
0.39254
0.01168

0.28853
0.32997
0.31320
0.31378
0.01188

0.29460
0.33738
0.32094
0.32263
0.01097

BGWOv2

Best
Worst
Mean
Median
STD

0.28803
0.33944
0.31312
0.31609
0.01282

0.23412
0.30381
0.27085
0.27024
0.02084

0.25361
0.32046
0.28978
0.29063
0.01953

0.34754
0.39841
0.37417
0.37406
0.01297

0.27603
0.33391
0.30062
0.30034
0.01673

0.27289
0.34070
0.30741
0.31096
0.01518

BGWOv3

Best
Worst
Mean
Median
STD

0.32373
0.37972
0.34698
0.34342
0.01369

0.27789
0.34482
0.30573
0.30545
0.01269

0.28991
0.34572
0.31229
0.31265
0.01228

0.37261
0.41986
0.39087
0.38884
0.01248

0.30522
0.35359
0.32168
0.32281
0.01162

0.28292
0.37957
0.33352
0.33487
0.02057

IBGWO

Best
Worst
Mean
Median
STD

0.34648
0.39570
0.38011
0.38366
0.01083

0.30984
0.36634
0.34669
0.34711
0.01259

0.34769
0.38016
0.36368
0.36430
0.00907

0.40928
0.43913
0.42607
0.42710
0.00792

0.33046
0.38578
0.36369
0.36297
0.01031

0.34570
0.39347
0.37613
0.37903
0.01182

HBGWO

Best
Worst
Mean
Median
STD

0.20106
0.23831
0.21900
0.21880
0.00906

0.20079
0.24593
0.22226
0.22185
0.01224

0.21273
0.27568
0.24465
0.24615
0.01528

0.27493
0.31768
0.29981
0.29971
0.00992

0.23066
0.28622
0.25696
0.25485
0.01506

0.24179
0.30236
0.27687
0.27736

0.01470
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Table 5.11: The Tukey pairwise comparison

Scenario1 Scenario2 Scenario3 Scenario4 Scenario5 Scenario6

(BGWO, BGWOv1)
Meandiff
p-value
Reject

0.0266
0.0
True

0.0295
0.0
True

0.033
-0.0
True

0.0224
0.0
True

0.0263
0.0
True

0.0214
0.0
True

(BGWO, BGWOv2)
Meandiff
p-value
Reject

0.009
0.119
False

0.0078
0.3565
False

0.0145
0.0011
True

0.0074
0.0884
False

0.0138
0.0019
True

0.0079
0.3216
False

(BGWO, BGWOv3)
Meandiff
p-value
Reject

0.0429
-0.0
True

0.0427
-0.0
True

0.037
-0.0
True

0.0241
0.0
True

0.0348
-0.0
True

0.034
0.0
True

(BGWO, IBGWO)
Meandiff
p-value
Reject

0.076
-0.0
True

0.0836
-0.0
True

0.0884
-0.0
True

0.0593
-0.0
True

0.0768
-0.0
True

0.0766
-0.0
True

(BGWO, HBGWO)
Meandiff
p-value
Reject

-0.0851
-0.0
True

-0.0408
-0.0
True

-0.0306
0.0
True

-0.067
-0.0
True

-0.0299
0.0
True

-0.0227
0.0
True

(BGWOv1, BGWOv2)
Meandiff
p-value
Reject

-0.0176
0.0
True

-0.0217
0.0
True

-0.0185
0.0
True

-0.0151
0.0
True

-0.0126
0.0063
True

-0.0135
0.0073
True

(BGWOv1, BGWOv3)
Meandiff
p-value
Reject

0.0163
0.0001
True

0.0132
0.0124
True

0.004
0.8791
False

0.0016
0.9919

0.0085
0.1627
False

0.0126
0.0162
True

(BGWOv1, IBGWO)
Meandiff
p-value
Reject

0.0494
-0.0
True

0.0542
-0.0
True

0.0554
-0.0
True

0.0368
-0.0
True

0.0505
-0.0
True

0.0552
-0.0
True

(BGWOv1, HBGWO)
Meandiff
p-value
Reject

-0.1117
-0.0
True

-0.0703
-0.0
True

-0.0637
-0.0
True

-0.0894
-0.0
True

-0.0562
-0.0
True

-0.0441
-0.0
True

(BGWOv2, BGWOv3)
Meandiff
p-value
Reject

0.0339
-0.0
True

0.0349
0.0
True

0.0225
0.0
True

0.0167
0.0
True

0.0211
0.0
True

0.0261
0.0
True

(BGWOv2, IBGWO)
Meandiff
p-value
Reject

0.067
-0.0
True

0.0758
-0.0
True

0.0739
-0.0
True

0.0519
-0.0
True

0.0631
-0.0
True

0.0687
-0.0
True

(BGWOv2, HBGWO)
meandiff
p-value
reject

-0.0941
-0.0
True

-0.0486
-0.0
True

-0.0451
-0.0
True

-0.0744
-0.0
True

-0.0437
-0.0
True

-0.0305
0.0
True

(BGWOv3, IBGWO)
Meandiff
p-value
Reject

0.0331
-0.0
True

0.041
-0.0
True

0.0514
-0.0
True

0.0352
-0.0
True

0.042
-0.0
True

0.0426
-0.0
True

(BGWOv3, HBGWO)
Meandiff
p-value
Reject

-0.128
-0.0
True

-0.0835
-0.0
True

-0.0676
-0.0
True

-0.0911
-0.0
True

-0.0647
-0.0
True

-0.0567
-0.0
True

(IBGWO, HBGWO)
Meandiff
p-value
Reject

0.1611
-0.0
True

0.1244
-0.0
True

0.119
-0.0
True

0.1263
-0.0
True

0.1067
-0.0
True

0.0993
-0.0
True
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5.4 Conclusion

In this chapter, we have examined seven metaheuristic algorithms to determine the best
topology for WSN within an indoor environment. The problem was as a single discrete
optimization problem and introduced a connectivity repair heuristic based on the Dijkstra
short path algorithm to link all the disjoint sensor sets by deploying a minimum number
of additional nodes. Ten representative indoor architectural scenarios were generated to
compare the selected algorithms. The obtained results validated the efficacy and scal-
ability of the GWO in comparison to the other algorithms. Therefore, we introduced a
novel approach based on binary GWO for addressing the problem of WSN deployment
in indoor environments called HBGWO. The developed HBGWO aims to optimize both
network coverage and deployment cost under the connectivity constraint. It incorporates
a Steiner Tree-based heuristic designed to reduce the number of deployed sensors without
affecting the network coverage. Three representative BIM databases were used to generate
six scenarios in order to compare the performance of HBGWO against other approaches
in the literature. The experimental results demonstrated that HBGWO surpassed all other
approaches, exhibiting its efficiency in computing the best WSN topologies in terms of
coverage and cost across all scenarios.
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CHAPTER 6

MULTI-OBJECTIVE APPROACHES FOR WSN

DEPLOYMENT IN SMART BUILDINGS

6.1 Introduction

In the previous chapter, we investigated the application of mono-objective metaheuris-
tics to address the problem of WSN deployment in indoor environments. All algorithms
aim to optimize a single objective that aggregates the network coverage and deployment
cost. Although these approaches have generated promising sensor topologies, they have
often limitations in exploring the search space and ensuring a trade-off between conflict-
ing solutions. This occurs because the aggregation of objective functions often causes the
algorithm to converge toward a specific region in the search space, neglecting the domi-
nance relationship between solutions and resulting in the loss of Pareto front information.
In this chapter, our focus is on addressing conflicting deployment objectives simultane-
ously. The advantage of these methods over aggregated approaches lies in their ability
to provide decision-makers with a set of Pareto optimal solutions that more comprehen-
sively cover the search space. For this purpose, in this chapter, we propose to investigate
the performance of evolutionary and swarm-based multi-objective algorithms in address-
ing sensor deployment, considering both coverage and deployment cost simultaneously.
Subsequently, we introduce a hybrid multi-objective algorithm that combines MOGWO
with NSGA-II to enhance the exploitation process. Additionally, a two-stage local search
is introduced with a certain probability to further improve the quality of the produced
topologies.
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6.2 Multi-objective metaheuristics for WSN deployment

The commonly used evolutionary and swarm-based metaheuristics to solve the WSN de-
ployment problem were selected for a comparative study to evaluate their performance
across diverse scenarios. Subsequently, results from this assessment were used to develop
a hybrid multi-objective approach that aims to enhance further the quality of generated
topologies.

6.2.1 Selection of multi-objective metaheuristic algorithms

1. NSGA-II: NSGA-II is a multi-objective evolutionary algorithm based on Pareto dom-
inance. It was introduced as an enhancement of the original NSGA by Deb et al [99]
and structured around four fundamental concepts [176]. These concepts are (1) Non-
dominating sorting: it ensures ranking individuals without any additional parameters.
(2) Elitism preservation: it guarantees the retention of non-dominated solutions for the
next generation. (3) The crowding distance: it measures the density around a particular
individual within the objective space. (4) The crowded tournament selection strategy:
it selects parents for reproduction based on their ranking and crowding distance to
preserve the population diversity.

To address the problem of WSN deployment, the NSGA-II algorithm starts by creating
an initial population of random topologies encoded in a binary vector, as elaborated
in Section 4.3. Subsequently, the search procedure is carried out as outlined in Algo-
rithm 12. The generation of new topologies is achieved using uniform crossover and
inversion mutation methods.

2. SPEA-II: SPEA-II is a multi-objective evolutionary algorithm that represents an exten-
sion of SPEA [177]. This algorithm centers around two main features: the maintenance
of a fixed-size archive and the calculation of fitness values. The archive is designed
to retain the best solutions found during its execution. It is managed by a dynamic
control mechanism that populates it with dominated solutions when the number of
non-dominated solutions is less than the predefined archive size. Conversely, when the
number of non-dominated solutions exceeds the predetermined archive size, a trunca-
tion procedure is invoked to selectively remove extra individuals while preserving the
critical frontier points within the Archive. Furthermore, SPEA-II introduces a novel
fitness assignment technique that combines a niching
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Algorithm 12: NSGA-II for WSN deployment
Data: Popsize /* number of individuals in the population*/

Tmax /*maximum number of iteration*/
Pc /* crossover probability */
Pm /* mutation probability */

Result: f ont: /* Pareto front*/
Pop0← generate initial population of random sensor networks topologies;
Compute coverage and cost of all topologies;
Q0← ∅;
t← 0;
while t < Tmax do

Rt← Popt
⋃

Qt;
Repair connectivity of Rt;
Compute coverage and cost of all topologies;
F← Fast non-dominated sort(Rt) /* F is a list of fronts */ ;
Calculate crowding distance(F);
Popt+1← ∅;
k← 0;
while |Pt+1 + Fk| ≤ Popsize do

Popt+1← Popt+1
⋃

Fk;
k← k + 1;

end
Sort Fk in descending order regarding crowding distance;
Popt+1← Popt+1

⋃
Fk[1 : (Popsize − |Popt+1|)];

Qt+1← Produce new sensor topologies(Popt+1, Pc, Pm);
t← t + 1;

end
Return archive;

mechanism based on the concept of Pareto dominance and density information. The
niching mechanism of an individual i is denoted by the raw fitness R(i) and determined
by Eq. 6.1:

R(i) = ∑
j∈pt∪ p̄t,j≻i

S(j) (6.1)
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where pt and p̄t are population and archive respectively, ≻ represents the Pareto dom-
inance relation, and S(j) is the strength of individual j computed as follows:

S(i) = |{j|j ∈ pt ∪ p̄t ∧ i ≻ j}| (6.2)

The density information is used to distinguish between the individuals having the
same raw fitness values and it is computed as follows:

D(i) =
1

σk
i + 2

(6.3)

where σk
i is the distance in objective space between the individual i and the k-th nearest

individual of archive and population, k =
√
|pt|+ | p̄t|.

The fitness of an individual i is computed as depicted in Eq. 6.4

F(i) = R(i) + D(i) (6.4)

Similar to NSGA-II, a WSN topology is encoded by a binary vector representing the po-
sitions of deployed sensors within the designated area. The dominance relation among
these topologies is measured based on their coverage and costs, and the reproductive
techniques employed for generating new deployment schemes follow the same meth-
ods used in NSGA-II. The pseudo-code of SPEA-II for solving WSN development prob-
lem is depicted in Algorithm 13.

3. MOPSO: PSO is a swarm intelligence algorithm that mimics the collective behavior
of a flock of birds to explore the search space and find the best solution. In PSO, each
particle represents a potential solution and has a current position and velocity that
combines personal and global experience to compute its new position. These attributes
are adjusted in each iteration according to Eq. 6.6 and Eq. 6.5 respectively.

vi(t + 1) = w× vi(t) + c1 × r1 × (Ppbesti − Pi(t)) + c2 × r2 × (Pgbest − Pi(t)) (6.5)

Pi(t + 1) = Pi(t) + vi(t + 1) (6.6)
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Algorithm 13: SPEA-II for WSN deployment
Data: Popsize /* number of individuals in the population*/

Tmax /*maximum number of iteration*/

Pc /* crossover probability */

Pm /* mutation probability */

Archsize /* Archive size */

Result: f ont: /* Pareto front*/

Pop0← generate initial population of random sensor networks topologies;

Archive0← ∅;

t← 0;

while t < Tmax do
Repair connectivity of Popt;

Compute coverage and cost of all topologies;

Compute fitness of all topologies according to Eq. 6.4;

Archivet+1← non-dominated solution of (Popt
⋃

Archivet);

if |Archivet+1| < Archsize then
R← Sort Popt

⋃
Archivet in ascending order regarding the fitness value;

Archivet+1← R[|Archivet+1| : Archsize];

end
if |Archivet+1| > Archsize then

Archivet+1← remove iteratively an individual from Archivet+1 using the truncation

procedure;

end
Pt+1← Produce new sensor topologies (Archivet+1, Pc, Pm);

t← t + 1;

end
Return archive;

The PSO was modified to address multi-objective problems by incorporating an archive
and a leader selection strategy. The archive has a predefined size limit and it stores non-
dominated solutions discovered during the optimization process. When the number of
non-dominated solutions exceeds this limit, the MOPSO employs a method to deter-
mine which solution to eliminate. It starts by partitioning the objective space into a
grid of hypercubes. The probability of choosing a hypercube is directly proportional
to its degree of crowding. Subsequently, a solution is randomly selected from the cho-
sen hypercube and removed from the archive. In this study, the solutions generated
by MOPSO are continuous vectors. Following each position update, all solutions are
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converted into binary vectors, and the connectivity repair heuristic is applied to cor-
rect any disconnected topologies. The pseudo-code of the MOPSO for solving WSN
deployment problem is depicted in Algorithm 14.

Algorithm 14: Multi-objective PSO for WSN deployment
Data: Popsize /* number of the particles in the population*/

Tmax /*maximum number of iteration*/

nGrid /* number of grids per each dimension */

nRep /* archive size */

c1, c2 /* learning factors */

Result: f ont: /* Pareto front*/

Pop0← generate initial population of random sensor networks topologies;

Initialize velocity for each particle in Pop0;

Compute coverage and cost of all topologies;

Initialize archive with non-dominated solutions;

grid← create grid (archive, nGrid);

Find the grid index for each topology in the archive;

t← 0;

while t < Tmax do
wt = wmax − (wmax − wmin)× (t/Tmax);

Leader← Select leader from archive;

for each particlei in Popt do
velocityt+1← Compute velocity (Leader, particlei, c1, c2, w ) according to Eq.6.5;

particlei.pos← Update particle position according to Eq.6.6;

particlei.pos← Binarize particle position according to Eq.4.1;

particlei.pos← repair position connectivity;

particlei.fitness← Compute fitness according to Eq.4.6 ;

end
archive← non-dominated solutions in Popt and archive;

Find the grid index for each topology in the archive;

if length of archive > nRep then
archive = Delete extra sensor topologies from archive;

grid← Create grid (archive, nGrid);

end
t← t + 1;

end
Return archive;
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4. MOGWO: The GWO was adapted to solve multi-objective problems by incorporat-
ing the same mechanisms of MOPSO. The pseudo-code of MOGWO for solving WSN
deployment problem is depicted in Algorithm 15.

Algorithm 15: Multi-objective GWO for WSN deployment
Data: Popsize /* number of the wolves in the population*/

Tmax /*maximum number of iteration*/ nGrid /* number of grids per each dimension

*/ nRep /* archive size */

Result: f ont: /* Pareto front*/

Pop0← generate initial population of random sensor networks topologies;

Compute coverage and cost of all topologies;

Initialize archive with non-dominated solutions;

grid← create grid (archive, nGrid);

Find the grid index for each topology in the archive;

t← 0;

while t < Tmax do
Compute a;

α, β, δ← Select leaders from archive;

for each wol fi in Popt do
Compute D⃗α, D⃗β, D⃗δ according to Eq.5.7;

Compute X⃗1, X⃗2, X⃗3 according to Eq.5.8;

wol fi.pos← Update wolf position according to Eq.5.9;

wol fi.pos← Binarize wolf position according to Eq.4.1;

wol fi.pos← repair position connectivity;

wol fi.fitness← Compute fitness according to Eq.4.6;

end
archive← non-dominated solutions in Popt and archive;

Find the grid index for each topology in the archive;

if length of archive > nRep then
archive = Delete extra sensor topologies from archive;

grid← Create grid (archive, nGrid);

end
t← t + 1;

end
Return archive;
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6.2.2 Performance evaluation and comparison study

6.2.2.1 Experimental setup

All algorithms were implemented and tested in Python 3.7.16. The characteristics of the
sensors considered in this study, as well as the indoor architectures, align with those in
the comparative study of mono-objective algorithms.

6.2.2.2 Parameter tuning

The performance of the selected metaheuristics in addressing the WSN deployment prob-
lem relies on the selection of their control parameters. Optimal parameter selection is cru-
cial to ensure an effective search process and prevent premature convergence. Inadequate
parameter choices may lead to an unbalance between the exploitation and exploration
phases, potentially causing stagnation, premature convergence, or lack of population di-
versity. In this study, the Irace package was used for parameter tuning of the selected
algorithms [178]. The cost function employed to assess the effectiveness of a specific pa-
rameter configuration of a metaheuristic represents the average hypervolume value of
the Pareto fronts obtained when employing this metaheuristic across three diverse archi-
tectures of varying sizes. The Irace parameters were maintained at the default values
specified in the original implementation. Table 6.1 summarizes the range of parameters
and their optimized values.

Table 6.1: Parameters values

Parameters Range Tuned value

NSGA-II
Population size 70-150 133
Crossover probability 0.7-0.9 0.8742
Mutation probability 0.01-0.1 0.089

SPEA-II
Population size 70-150 139
Crossover probability 0.7-0.9 0.862
Mutation probability 0.01-0.1 0.0589

MOPSO

Population size 70-150 94
c1 1.5-2.0 1.9089
c2 1.5-2.0 1.926
NoGrid 30-50 48
Archive size 40-50 49

MOGWO
Population size 70-150 96
NoGrid 30-50 46
Archive size 40-50 49
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6.2.2.3 Results and discussion

Each metaheuristic has been executed 25 independent runs for each architecture. To con-
duct a fair study, the number of fitness evaluations has been fixed for each algorithm, for
less complexity we supposed that the sensors could be placed on the ceilings.

1. Analysis of the numerical results
Experimental results of best, worst, mean, median and standard deviation (STD) of hy-
pervolume and Inverted Generational Distance (IGD) of all algorithms are depicted in
Table 6.2. Several observations can be deduced from this table: regarding small archi-
tectures (archi 1, archi 3, archi 4, archi 9), the best values of hypervolume were reached
by NSGA-II, MOGWO, and SPEA-II, while MOPSO provides solutions of lower quality.
Furthermore, the median values for these architectures closely align with the best value,
indicating that the algorithms converge toward nearly identical solution sets for all inde-
pendent runs. This convergence justifies the small values of STD. The optimal Pareto front
used in the calculation of IGD is estimated by combining Pareto fronts from separate al-
gorithm runs within a specific architecture. Non-dominated solutions are then chosen to
form this estimated optimal Pareto front. The worst values of IGD for small architectures
are obtained by MOPSO. This means that MOPSO does not share good solutions with the
optimal set.
In medium-sized architectures (archi 5, archi 6, archi 7, archi 8), NSGA-II and MOGWO
consistently maintain their high performance, while SPEA-II shows a slight decline in per-
formance compared to the smaller architecture. However, MOPSO continues to produce
the worst solutions. Similar patterns are observed in large architectures (archi 2, archi 10),
albeit with a small decrease in solution quality compared to medium-sized architectures.
NSGA-II achieves good results due to its ability to handle combinatorial optimization
problems. Additionally, the incorporation of uniform crossover and inversion mutation
has bolstered the preservation of population diversity, enhancing the exploration process.
SPEA-II employs the same reproduction mechanisms and maintains the non-dominated
solutions found so far through its archive. However, its fitness update mechanism strug-
gles with medium and large architectures due to its computational complexity. This pro-
cess demands numerous fitness evaluations, depleting SPEA-II’s evaluation budget and
restricting its ability to explore and exploit the search space. In contrast, NSGA-II ben-
efits from a simpler fitness evaluation process, conserving its budget to facilitate more
extensive exploration and exploitation of the search space.

105



Table 6.2: Experimental results: Best, Worst, Mean, Median, and STD for hypervolume and IGD

NSGA-II SPEA-II MOGWO MOPSO
HV IGD HV IGD HV IGD HV IGD

Archi1

Best
Worst
Mean
Median
Std

0.97282
0.96998
0.97240
0.97282
0.00074

0.00000
0.06718
0.00829
0.00000
0.01730

0.97282
0.95254
0.95565
0.95254
0.00622

0.00000
0.13817
0.11790
0.13817
0.04142

0.97282
0.96836
0.97167
0.97201
0.00125

0.05176
0.07142
0.05835
0.05568
0.00658

0.95335
0.91400
0.93412
0.93509
0.01029

0.06716
0.31189
0.19838
0.19850
0.06693

Archi 2

Best
Worst
Mean
Median
Std

0.94961
0.93464
0.94129
0.94160
0.00437

0.24988
0.32649
0.29326
0.29341
0.01821

0.93822
0.93229
0.93520
0.93560
0.00190

0.19665
0.23631
0.21537
0.21737
0.01058

0.95743
0.91823
0.94273
0.94606
0.01164

0.02462
0.03537
0.02890
0.02887
0.00326

0.87809
0.84887
0.86016
0.86021
0.00724

0.33257
0.36859
0.35269
0.35491
0.01013

Archi 3

Best
Worst
Mean
Median
Std

0.97805
0.96281
0.97419
0.97470
0.00305

0.01716
0.16695
0.06405
0.05660
0.03506

0.96816
0.96084
0.96472
0.96470
0.00174

0.03663
0.08201
0.05684
0.05459
0.01120

0.97530
0.96521
0.97100
0.97100
0.00249

0.02128
0.03971
0.03026
0.03000
0.00401

0.91292
0.86667
0.89316
0.89413
0.01118

0.22321
0.40227
0.30779
0.31930
0.04156

Archi 4

Best
Worst
Mean
Median
Std

0.97643
0.97168
0.97534
0.97554
0.00098

0.00746
0.07132
0.02292
0.01714
0.01493

0.97670
0.97258
0.97425
0.97410
0.00095

0.00445
0.02161
0.01529
0.01620
0.00425

0.97509
0.96873
0.97223
0.97222
0.00182

0.02543
0.04063
0.03441
0.03519
0.00466

0.92366
0.87142
0.90224
0.90314
0.01138

0.20780
0.37042
0.29732
0.30529
0.04583

Archi 5

Best
Worst
Mean
Median
Std

0.97431
0.95987
0.96987
0.97065
0.00320

0.04998
0.20493
0.10407
0.09143
0.03722

0.94978
0.93762
0.94328
0.94392
0.00308

0.10601
0.15509
0.13402
0.13497
0.01285

0.97161
0.96520
0.96904
0.96940
0.00170

0.01717
0.02944
0.02215
0.02209
0.00276

0.89385
0.86476
0.87532
0.87363
0.00809

0.25973
0.33146
0.30191
0.30268
0.01894

Archi 6

Best
Worst
Mean
Median
Std

0.97705
0.96801
0.97325
0.97410
0.00269

0.01480
0.13883
0.05542
0.04767
0.03235

0.96646
0.96050
0.96311
0.96325
0.00135

0.03778
0.07981
0.05944
0.05848
0.01000

0.97363
0.96708
0.97072
0.97026
0.00150

0.01860
0.02948
0.02460
0.02531
0.00275

0.91431
0.86246
0.88946
0.88939
0.01217

0.22235
0.33659
0.28335
0.28056
0.02538

Archi 7

Best
Worst
Mean
Median
Std

0.97668
0.96465
0.97149
0.97148
0.00279

0.01287
0.14035
0.07143
0.05838
0.03494

0.95335
0.94375
0.94892
0.94907
0.00226

0.08859
0.13295
0.10830
0.10562
0.01212

0.97113
0.96372
0.96746
0.96721
0.00209

0.01861
0.02912
0.02357
0.02301
0.00302

0.89853
0.86476
0.88302
0.88244
0.00895

0.23671
0.34791
0.29385
0.29487
0.02283

Archi 8

Best
Worst
Mean
Median
Std

0.94953
0.93039
0.93795
0.93837
0.00444

0.04880
0.23604
0.17546
0.17961
0.04278

0.90295
0.88273
0.89342
0.89439
0.00523

0.19758
0.24744
0.22523
0.22715
0.01357

0.94388
0.93693
0.94164
0.94195
0.00149

0.01852
0.02912
0.02470
0.02491
0.00209

0.85968
0.82593
0.84446
0.84346
0.00717

0.28094
0.34195
0.31344
0.31881
0.01792

Archi 9

Best
Worst
Mean
Median
Std

0.97990
0.96725
0.97480
0.97461
0.00323

0.01278
0.15223
0.07434
0.08034
0.04438

0.97701
0.96892
0.97369
0.97348
0.00210

0.02257
0.03806
0.02985
0.02907
0.00414

0.97348
0.96603
0.97004
0.97025
0.00163

0.02437
0.05906
0.03974
0.03909
0.00961

0.91103
0.86975
0.89539
0.89289
0.00941

0.22907
0.36339
0.29344
0.30360
0.03862

Archi 10

Best
Worst
Mean
Median
Std

0.95202
0.93584
0.94504
0.94466
0.00406

0.22019
0.32586
0.27671
0.27894
0.02512

0.94582
0.93574
0.93974
0.93923
0.00266

0.14807
0.22566
0.19384
0.19449
0.01656

0.95726
0.92428
0.94636
0.94802
0.00777

0.01963
0.03715
0.02588
0.02463
0.00346

0.87674
0.85058
0.86173
0.86143
0.00498

0.32137
0.37707
0.35714
0.35980
0.01035

With regard to swarm intelligence-based algorithms MOGWO and MOPSO, MOGWO
has a consistent superiority over MOPSO across all architectures. This advantage primar-
ily stems from the MOGWO position update mechanism which ensures a wide coverage
of the search space. This is done by the integration of three leaders to enhance explo-
ration while introducing slight random perturbations to effectively avoid local optima. In
contrast, MOPSO faces limitations in exploration which leads to premature convergence
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Table 6.3: Kruskal wallis test

H statistics p-value
HV IGD HV IGD

Archi 1 1617.69 1601.78 0.0 0.0
Archi 2 820.61 1436.73 1.47e-177 3.14e-311
Archi 3 1197.13 1047.38 3.073e-259 9.44e-227
Archi 4 1447.72 1387.15 0.0 1.8e-300
Archi 5 1064.04 1307.92 2.3e-230 2.81e-283
Archi 6 1061.06 1364.03 1.02e-229 1.87e-295
Archi 7 1230.95 1327.80 1.4e-266 1.36e-287
Archi 8 1028.69 1327.80 1.07e-222 1.36e-287
Archi 9 1065.43 1055.80 1.15e-230 1.4e-228
Archi 10 900.64 1450.74 6.4e-195 0.0

even in small architectures. To identify similarities in the behavior of the different meta-
heuristics and determine if there are statistically significant differences in their perfor-
mances when changing the area size, the inner architecture, and the number of obstacles,
we have conducted the nonparametric Kruskal-Wallis test, considering all the algorithms,
with a significance level of 0.05. This was followed by the pairwise Tukey HSD test for
pairwise comparisons. The findings outlined in Table 6.3 and Table 6.4 demonstrate that
p-values below 0.05 signify a notable difference in performance between the pairs of algo-
rithms under examination in the case of the Tukey HSD test, and among all algorithms in
the case of the Kruskal-Wallis test.

2. Examination of convergence graphs
Figures 6.1 and 6.2 display the convergence graphs of NSGA-II, SPEA-II, MOPSO, and
MOGWO across ten indoor architectures over 450 iterations. These graphs exhibit the hy-
pervolume and IGD indicators for the archives of SPEA-II, MOPSO, MOGWO, and the
Pareto front of NSGA-II. Across all architectures, NSGA displayed consistent improve-
ment from the initial iteration until convergence, achieving a relatively good hypervol-
ume and slightly less good IGD for medium and large architectures compared to SPEA-II
and MOGWO. SPEA-II achieved superior solutions compared to those reported in Table
6.2 since the number of iterations was used as the stopping criterion rather than the max-
imum fitness evaluation. While this elongated the execution time of SPEA-II, it enabled
outperforming all other algorithms in terms of hypervolume and IGD across various in-
stances. Despite these good outcomes, SPEA-II displayed disruptions in certain conver-
gence curves due to the archive size limit.

107



Table 6.4: The Tukey pairwise comparison

nsga-ii,spea-ii nsga-ii,mogwo nsga-ii,mopso spea-ii,mogwo spea-ii,mopso mogwo,mopso
HV IGD HV IGD HV IGD HV IGD HV IGD HV IGD

Archi 1
meandiff
p-value
reject

-0.0192
-0.0
True

0.1238
-0.0
True

-0.0007
0.356
False

-0.0456
-0.0
True

0.0403
-0.0
True

-0.2145
-0.0
True

-0.0199
-0.0
True

0.0782
-0.0
True

0.0212
-0.0
True

-0.0907
-0.0
True

-0.0411
-0.0
True

0.1689
-0.0
True

Archi 2
meandiff
p-value
reject

-0.0007
0.9829
False

-0.1112
-0.0
True

-0.0026
0.5513
False

0.272
-0.0
True

0.072
-0.0
True

-0.0563
-0.0
True

-0.0026
0.5513
False

0.1608
-0.0
True

0.0713
-0.0
True

-0.1675
-0.0
True

-0.0739
-0.0
True

0.3283
-0.0
True

Archi 3
meandiff
p-value
reject

-0.0051
0.0
True

-0.0
1.0
False

0.0016
0.4695
False

0.272
-0.0
True

0.082
-0.0
True

-0.2466
-0.0
True

-0.0035
0.0059
True

0.0091
0.0139
True

0.0568
-0.0
True

-0.2214
-0.0
True

-0.0804
-0.0
True

0.2557
-0.0
True

Archi 4
meandiff
p-value
reject

-0.012
-0.0
True

0.0594
-0.0
True

0.0007
0.8232
False

-0.0119
0.0
True

0.0688
-0.0
True

-0.2808
-0.0
True

-0.0113
-0.0
True

0.0475
-0.0
True

0.0769
-0.0
True

-0.2466
-0.0
True

-0.0682
-0.0
True

0.2689
-0.0
True

Archi 5
meandiff
p-value
reject

-0.0038
0.0291
True

-0.0547
-0.0
True

-0.0042
0.0122
True

0.084
-0.0
True

0.0914
-0.0
True

-0.1974
-0.0
True

-0.0042
0.0122
True

0.0293
-0.0
True

0.0877
-0.0
True

-0.2522
-0.0
True

-0.0956
-0.0
True

0.2815
-0.0
True

Archi 6
meandiff
p-value
reject

-0.0017
0.3959
False

-0.0542
-0.0
True

-0.0043
0.0004
True

0.079
-0.0
True

0.0731
-0.0
True

-0.1571
-0.0
True

-0.0059
0.0
True

0.0248
-0.0
True

0.0714
-0.0
True

-0.2113
-0.0
True

-0.0774
-0.0
True

0.2361
-0.0
True

Archi 7
meandiff
p-value
reject

-0.0005
0.9738
False

-0.0535
-0.0
True

-0.0081
0.0
True

0.0847
-0.0
True

0.0922
-0.0
True

-0.2046
-0.0
True

-0.0086
0.0
True

0.0312
-0.0
True

0.0917
-0.0
True

-0.258
-0.0
True

-0.1003
-0.0
True

0.2893
-0.0
True

Archi 8
meandiff
p-value
reject

-0.0045
0.0205
True

-0.0482
-0.0
True

-0.0045
0.0208
True

0.0979
-0.0
True

0.1023
-0.0
True

-0.1806
-0.0
True

-0.0091
0.0
True

0.0497
-0.0
True

0.0977
-0.0
True

-0.2288
-0.0
True

-0.1068
-0.0
True

0.2784
-0.0
True

Archi 9
meandiff
p-value
reject

-0.0053
0.0
True

0.019
0.0
True

-0.0009
0.8622
False

0.008
0.0209
True

0.0725
-0.0
True

-0.2321
-0.0
True

-0.0062
0.0
True

0.027
-0.0
True

0.0672
-0.0
True

-0.2132
-0.0
True

-0.0734
-0.0
True

0.2401
-0.0
True

Archi 10
meandiff
p-value
reject

-0.0051
0.0623
False

-0.1084
-0.0
True

0.0125
0.0
True

0.2563
-0.0
True

0.0863
-0.0
True

-0.0775
-0.0
True

0.0074
0.0017
True

0.1479
-0.0
True

0.0812
-0.0
True

-0.1859
-0.0
True

-0.0738
-0.0
True

0.3338
-0.0
True

This size limit was set to the population size and yet the deletion mechanism has affected
the quality of the generated archive in different scenarios. Similar disruptions were ob-
served in the hypervolume convergence curves of MOGWO for the larger architectures
(archi 2 and archi 10). Nevertheless, based on the values presented in Table 6.2 and across
various instances, MOGWO consistently produced high-quality solutions from the initial
iterations, eventually achieving the best values for hypervolume and IGD. MOPSO faced
premature convergence and achieved the least hypervolume and IGD values across all
architectures, exhibiting a significant performance gap compared to the other algorithms.
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Figure 6.1: Convergence graphs of hypervolume indicator for the 10 indoor architectures
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Figure 6.2: Convergence graphs of IGD indicator for the 10 indoor architectures

110



6.3 LHNSGA-II: hybrid NSGA-II with local search for WSN

deployment

6.3.1 HNSGA-II: hybrid NSGA-II

Based on the results in Table 6.2, NSGA-II and MOGWO have achieved the best solutions
across small, medium, and large architectures. Furthermore, the convergence graphs of
hypervolume and IGD reveal that MOGWO consistently produces high-quality solutions
from its initial iterations. Yet, the quality of solutions could decrease due to the restricted
size of the archive and the deletion mechanism, which might eliminate superior topologies
if the number of non-dominated solutions surpasses the archive capacity. Based on these
findings, we have introduced a novel hybrid NSGA-II, called HNSGA-II, which combines
NSGA-II with MOGWO. HNSGA-II employs a sequential hybridization approach, where
MOGWO operates within the initial iterations to produce an archive of high-quality non-
dominated solutions. Subsequently, this archive integrates into the initial population of
NSGA-II, which continues execution for the remaining iterations. This integration aids
NSGA-II in enhancing its exploitation capability while preserving population diversity.

6.3.2 LHNSGA-II: hybrid NSGA-II with local search

Another approach, LHNSGA-II, has been introduced by integrating a local search into
HNSGA-II. This enhancement aims to further improve both the coverage and the cost
efficiency of the resulting WSN topologies. Fig. 6.3 displays the flowchart depicting
LHNSGA-II. The proposed local search involves two phases. The initial phase focuses
on enhancing network coverage, while the subsequent phase aims to reduce deployment
costs. In the first phase, a group of sensors is randomly selected and relocated to the first
deployment zone from a subset of potential zones that enhance the overall coverage. This
subset of potential zones is chosen based on the connectivity constraint. To determine this
subset, a distinction is made between sensors that function as cut nodes within the WSN
and the remaining sensors. Cut nodes are sensors that, if moved, could result in the WSN
being split into multiple disjoint sub-networks. Therefore, in the case the selected sensor
is a cut node in the WSN, each potential deployment zone is within the intersection of all
the deployment zones reached from neighboring sensors of the selected sensor; otherwise,
the candidate deployment zones result from the union of all deployment zones reached
from neighboring sensors of the selected sensor. During the second phase, sensors that are

111



not cut vertices in the WSN communication graph and do not contribute to the network
coverage are deactivated. Algorithm 16 illustrates the pseudo-code of the suggested local
search.

Start

Population initialization :
Archive of MOGWO
Random individuals

Compute individuals 
fitness

Produce offsprings 

Repair the connectivity of 
unconnected topologies

i < |Pop|

Generate fronts and 
compute crowding distance 

values

Generate intermediate 
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i=0

Apply local serach 
to individual_i
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i=i+1

No

rand< 
Threshoold
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Compute individuals fitness

Generate fronts and compute 
crowding distance values

termination 
cretarion

Pareto Front 

Yes

No

No

Figure 6.3: The global architecture of the proposed approach LHNSGA-II

6.3.3 Performance evaluation

In this experimental test, NSGA-II, MOGWO, HNSGA-II, and LHNSGA-II were first exe-
cuted to generate WSN topologies within the largest (archi 2 and archi 10), medium-sized
(archi 8), and smaller (archi 4) architectures. Figures 6.4 and 6.5 showcase box plots pre-
senting the hypervolume and IGD, respectively, derived from 25 independent runs for
each architecture. For clarity, the figures denote HNSGA-II as HNSGA and LHNSGA-II
as LHNSGA. LHNSGA-II consistently produces the highest hypervolume and the low-
est IGD values across all runs, with a condensed box indicating similar quality among
all generated Pareto fronts. Furthermore, a marginal difference between LHNSGA-II and
HNSGA-II highlights the significant performance enhancement achieved through the fu-
sion of MOGWO and NSGA-II. This hybridization notably elevates the ability to generate
high-quality solutions, even in larger indoor architectures. The algorithm ranking based
on the reported results is LHNSGA-II > HNSGA-II > MOGWO > NSGA-II.
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Algorithm 16: The proposed local search
Data: Topology /* a WSN encoded in binary vector*/

Nbsensors /* Number of sensors to move*/

Targets /* the list of targets to cover*/

Result: Topology: /* Optimized Topology */

/* Part 1: optimize the network coverage */

graph← Create deployment graph (Topology);

for i in range(Nbsensors ) do
cutVertices← Articulation points of graph;

candidates← all sensors deployed in Topology;

if |candidates| > 0 then
sensormove← Select a sensor randomly from candidates;

neighbors← graph.neighbors(sensormove);

cTargets← subset of Targets that are covered only by sensormove;

candidateZones← ∅;

if sensormove ∈ cutVertices then
czones← ∅;

for neighbor in neighbors do
czones.append(list(deployment zones connected to neighbor));

end
candidateZones← intersection between all lists in czones;

else
for neighbor in neighbors do

candidateZones←append all deployment zones connected to neighbor;

end

end
shuffle(candidateZones);

for zone in candidateZones do
zTargets← subset of Targets that will be covered by zone;

if |zTargets| > |cTargets| then
Topology[sensormove]← 0;

Topology[zone]← 1;

graph← Create deployment graph (Topology);

break;

end

end

end

end
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Algorithm 17: The continuation of the proposed local search
/* Part 2: reduce deployment cost*/

cutVertices← Articulation points of graph;

for j in range of |candidates| do
if Topology[j] == 1 and j not in cutVertices and j is not dominated then

Topology[j]← 0;

graph← remove sensor j;
cutVertices← Articulation points of graph;

end

end
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Figure 6.4: Box plot representations of hypervolume results for architectures 2, 4, 8, and 10.

114



LHNSGA HNSGA NSGA-II MOGWO
Algorithms

0.00
0.03
0.06
0.09
0.12
0.15
0.18
0.21
0.24
0.27
0.30
0.33
0.36
0.39

IG
D

IGD archi 2

LHNSGA HNSGA NSGA-II MOGWO
Algorithms

0.01
0.04
0.07
0.10
0.13
0.16
0.19
0.22
0.25
0.28
0.31
0.34
0.37

IG
D

IGD archi 10

LHNSGA HNSGA NSGA-II MOGWO
Algorithms

0.00
0.01
0.02
0.03
0.04
0.05
0.06
0.07
0.08
0.09
0.10
0.11
0.12

IG
D

IGD archi 4

LHNSGA HNSGA NSGA-II MOGWO
Algorithms

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

0.16

0.18

0.20

0.22

IG
D

IGD archi 8

Figure 6.5: Box plot representations of IGD results for architectures 2, 4, 8, and 10.

After conducting tests on indoor architectures, we tested these methods on the BIM mod-
els presented in the previous chapter.

6.3.3.1 Analysis of the numerical results

Figures 6.6 and 6.7 illustrate boxplots of Hypervolume and IGD across 25 independent
runs for all scenarios. In each scenario, LHNSGA-II obtained the superior values for
both hypervolume and IGD. The resulting Pareto fronts align within a relatively narrow
range which indicates that the results are stable and consistent throughout numerous runs
and across all scenarios. HNSGA-II exhibits a minor performance difference compared to
LHNSGA-II, yet their resulting Pareto fronts share several solutions as seen in IGD box
plots. This observation validates the effectiveness of the proposed hybridization. The dif-
ference between LHNSGA-II and HNSGA-II is attributed to the inclusion of local search
which improves further both coverage and deployment costs of certain topologies. Al-
though the performance of MOGWO and NSGA-II is acceptable across scenarios, their
hybridization significantly enhances the quality of the generated Pareto front.
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Figure 6.6: Box plot representations of hypervolume results for the 6 scenarios.
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Figure 6.7: Box plot representations of IGD results for the 6 scenarios.

6.3.3.2 Examination of convergence graphs

Figures 6.8 and 6.9 illustrate the convergence graphs for hypervolume and IGD, respec-
tively. These graphs reveal that initially, MOGWO, HNSGA-II, and LHSNGA-II demon-
strate similar behaviors in the first quartile of iterations. However, as iterations progress,
distinct behaviors emerge. MOGWO shows rapid convergence across all scenarios, while
HNSGA-II displays slower improvement until it aligns with LHNSGA-II in the later iter-
ations. The convergence graph of LHNSGA-II has a rapid significant improvement by the
end of the first quartile iterations due to the integration of local search.
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Figure 6.8: Convergence graphs of hypervolume indicator for the 6 scenarios

Consequently, our observation indicates that for evaluations with a limited budget, LHNSGA-
II reaches high-quality solutions in fewer iterations. HNSGA-II showcases a similar per-
formance to LHNSGA-II in later iterations, particularly in scenarios involving smaller
target areas.
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Figure 6.9: Convergence graphs of IGD indicator for the 6 scenarios

6.3.3.3 Examination of Pareto fronts

Fig. 6.10 illustrates the Pareto fronts of LHNSGA-II, HNSGA-II, NSGA-II, and MOGWO.
Each Pareto front includes the best non-dominated WSN topologies for each scenario.
On the X-axis lies the deployment cost of the generated topologies, while the Y-axis de-
notes the coverage, representing the number of target areas covered. In these figures, the
positioning of the Pareto front serves as an initial indicator of its significance relative to
other fronts. The Pareto front situated above the other fronts denotes that the associated
method is proficient in generating topologies with equivalent coverage to those generated
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by other methods, albeit at a lower deployment cost. Regarding the coverage objective,
the Pareto fronts of LHNSGA-II, HNSGA-II, and MOGWO exhibit a balanced distribu-
tion, including WSN typologies that cover a wide range of coverage values (from smaller
to larger values). Conversely, the Pareto fronts generated by NSGA-II encompass primar-
ily solutions with high coverage and discard those with lower coverage. This highlights
the limited ability of NSGA-II to explore the search space compared to other methods. In
all scenarios, MOGWO demonstrates a consistent rate of increase between coverage and
cost. Enhancements in coverage invariably result in higher deployment costs. This rate
is significantly reduced in HNSGA-II, where the distance between topologies is notably
reduced. This implies that HNSGA-II has the capacity to enhance coverage with signifi-
cantly reduced deployment costs. However, in certain scenarios, HNSGA-II may display
outlier solutions, characterized by a significant difference in deployment cost compared to
the improvement in coverage. These outlier solutions are excluded from the Pareto front
of LHNSGA-II through its second-stage local search, which entails removing sensors that
do not significantly contribute to network coverage and connectivity. In almost all scenar-
ios, all methods exhibit outlier typologies with high coverage and significant deployment
costs, except for LHNSGA-II. In LHNSGA-II, the best topologies with high coverage val-
ues require nearly half the number of sensor nodes compared to other topologies with
equivalent coverage in the Pareto fronts of other methods.
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Figure 6.10: Pareto fronts of LHNSGA-II, HNSGA-II, NSGA-II, and MOGWO for the 6 scenarios

6.4 Conclusion

This chapter introduces a hybrid multi-objective algorithm designed to address the WSN
deployment problem within smart buildings. The approach aims to optimize simulta-
neously both the network coverage and deployment cost under the connectivity con-
straint. To design the hybrid approach, we began by conducting a comparative study
of widely used multi-objective algorithms referenced in the literature. This study focused
on addressing the WSN deployment problem across ten indoor architectures that differ
in area size, the number of obstacles, and the number of target points. The experimen-
tal results highlight the effectiveness of MOGWO and NSGA-II in resolving the problem
within constrained evaluation budgets. In the subsequent phase of the research, a hy-
brid multi-objective approach named LHNSGA-II was developed to tackle the problem.
This approach merges MOGWO with NSGA-II by incorporating the MOGWO archive
into NSGA-II to boost its exploitation process. Additionally, a local search was designed
to improve the generated topologies. This process involves relocating sensors to neigh-
boring deployment zones while considering the connectivity constraint to increase the
network coverage. Subsequently, non-dominated sensors that are not articulation nodes
in the WSN communication graph were deactivated to minimize deployment costs. Six
scenarios were generated using three BIM models to assess the performance of LHNSGA-
II against HNSGA-II, NSGA-II, and MOGWO. The experimental results demonstrate the
superiority of LHNSGA-II and highlight its efficacy in computing WSN topologies with
optimized cost and coverage within smart buildings.
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CHAPTER 7

DETECTION ZONE ESTIMATION FOR

ELECTROMAGNETIC SENSORS IN SMART BUILDINGS

7.1 Introduction

Smart buildings integrate both contact and non-contact sensors into their sensing systems
to enhance their functionalities. Contact sensors must be strategically placed in specific
positions, as explained in Chapter 1. Therefore, this thesis focuses on deploying non-
contact sensor nodes with a real detection zone. Among non-contact sensors, electromag-
netic sensors are the most commonly used in smart buildings. They operate by emitting
electromagnetic waves (such as infrared, microwave, or radio signals) into the deploy-
ment area and analyzing the reflected signals. These sensors include occupancy and mo-
tion sensors, which are essential components in almost all smart building applications.
Accurately assessing the detection zone of these sensors is crucial as it directly impacts
important building systems, including energy consumption, security, temperature, and
lighting control systems.
In our deployment approaches, we have implemented the Elfes sensing model, widely
acknowledged in the literature as the most acceptable model for approximating the detec-
tion zone of sensors compared to other simplistic models. However, this model does not
consider the true impact of building obstacles on the detection signals emitted by electro-
magnetic sensors. This oversight could result in a misestimation of the actual coverage
provided by the sensor, potentially leading to inaccuracies in the system’s performance.
Apart from electromagnetic sensors, wireless communication systems depend on the trans-
mission of diverse electromagnetic waves, encompassing radio waves, microwaves, and
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infrared waves, which travel through the air to convey information. The key distinc-
tion among these waves lies in their frequency and wavelength, governing their prop-
agation characteristics. Wave propagation refers to the movement and transmission of
waves through the air, exposing them to several phenomena such as reflection, refraction,
diffraction, absorption, and attenuation. Multiple propagation models have been devised
to forecast the paths taken by electromagnetic signals, predict their attenuation, and de-
termine key parameters like received signal strength, which denotes the signal’s intensity
after traversing from a transmitter to a receiver.
These propagation models are primarily employed for the design and optimization of
networks and for evaluating their coverage. They can be either generic, such as empirical
models, or site-specific, such as deterministic models. Empirical models are mathemat-
ical representations derived from observed measurements and real-world data collected
in actual scenarios. Their main limitation lies in their effectiveness only for environments
resembling where the measurements were taken. Deterministic models, encompassing
techniques like ray tracing and finite-difference time-domain methods, are robust and
dependable. They are grounded in the fundamental laws of electromagnetic wave propa-
gation as described by Maxwell’s equations [179].
While these models offer accuracy and the ability to calculate genuine characteristics of
electromagnetic waves in a given propagation environment, their primary drawbacks in-
clude the necessity for high expertise and computational resources, as well as sensitivity
to changes in the environment. To address this issue, various approaches have leveraged
the potential of machine learning techniques for predicting electromagnetic signal propa-
gation. Machine learning-based methods are considered suitable candidates to tackle the
challenge of generability and are known for their computational efficiency.
This chapter explores the application of machine learning-based methods in modeling
signal propagation and introduces a novel sensing model for electromagnetic sensors in
smart buildings. The proposed sensing model can be integrated into deployment ap-
proaches to enhance their accuracy further. The objective is to evaluate the strength of
detection signals in the deployment area and identify both covered and uncovered zones,
while accounting for the heterogeneity of obstacles. The sensing model is developed us-
ing an enhanced encoder-decoder architecture, suitable for the considered problem, which
involves a pixel-wise regression task.
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7.2 Artificial neural networks for signal propagation

7.2.1 Multilayer Perceptrons

Multilayer perceptrons (MLPs) [180] are a subclass of artificial neural networks (ANNs)
[181] composed of three layers: the input layer, hidden layers, and output layer. The
input layer represents the initial features fed into the model. Hidden layers comprise all
layers between the input and output layers and they allow estimating outputs from input
data. The number of layers and neurons in the hidden layers constitutes model-specific
hyperparameters. Each layer represents the input for the neurons in the subsequent layer.
Within each neuron, these inputs are multiplied by weights, summed with a bias, and then
subjected to an activation function to introduce non-linearity to the network as depicted
in Fig. 7.1. Common activation functions include ReLU, sigmoid, Tanh, and leaky ReLU.
The weights of each node are updated through the backpropagation method. The training
process involves computing the optimal weights to minimize the error between the real
output and the estimated output for unseen data.

Input layer

Hidden layers

Output layer

layer l

i

Figure 7.1: Standard architecture of Multilayer perceptrons

MLPs have been used in the literature to tackle various problems related to wireless net-
works namely in assessing some parameters related to radio propagation modeling [182]
including Path loss (PL) [183, 184, 185, 186, 187], and received signal strength (RSS) [188,
189]. The main idea of these approaches is that the input layer incorporates various data
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points associated with the environment. This includes information about the propaga-
tion environment, such as its type, as well as other details related to signal propagation,
such as transmitter frequency, transmitter height, receiver positions, the distance between
transmitter and receivers, the count of reflections and diffractions, and signal-related phe-
nomena along with the corresponding measured values (RSS or PL). Models could con-
sider more complex inputs related to signals and environments, such as the orientation
of walls and their impact on signal reflection in the case of signal propagation within in-
door environments. Generally, these models are trained using simulated data, as they are
data-driven approaches that require a substantial amount of data for effective training.
Conducting real-world measurements can pose a significant challenge due to the need for
extensive data. The objective of the model is to accurately predict values of RSS, PL, or
other signal-related measurements for unseen data.

Limitations: While MLPs have demonstrated success in certain scenarios, they come with
several drawbacks and limitations. One significant constraint when addressing signal
propagation-related problems is the lack of consideration for spatial information and lo-
cal patterns characterizing the area surrounding the transmitter and the relationships be-
tween nearby zones in the propagation environment. Additionally, MLPs do not incor-
porate parameter-sharing which is an efficient method for learning mappings between
spatial features and the output.

7.2.2 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) [190] are another type of ANNs designed pri-
marily for processing grid-structured data, such as images and videos. These models find
extensive application in computer vision tasks, notably in image segmentation and object
detection. A standard CNN comprises five key components: the input layer, convolu-
tional layers, pooling layers, fully connected layer, and the output layer. The input data to
a CNN is represented as tensors, defined by their width, height, and number of channels.
Convolutional layers aim at identifying patterns and extracting features by convolving
the input tensor with filters to generate a feature map. Here, a filter is a 2D stacked ker-
nel, with the number of kernels matching the number of channels in the tensor, and the
number of output channels equal to the number of filters. Pooling layers are employed
to reduce the complexity of the data by downsampling its spatial dimensions and retain-
ing only essential features. Initial convolutional layers focus on extracting basic patterns,
while subsequent layers extract more complex and meaningful patterns. In the final step,
the complex features derived from the preceding convolutional layers are flattened and
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connected to a fully connected layer to predict the class of the input grid. Fig 7.2 depicts
the architecture of a CNN.

Input Feature extraction
Classification

Convolution

Pooling

Fully connected layer

Output

Figure 7.2: Standard architecture of a convolutional neural network

Similar to MLPs, CNNs have been employed in literature to address challenges associated
with signal propagation. These challenges involve estimating signal characteristics such
as PL [191, 192], and RSS [193, 194, 195]. Notably, the distinction among these approaches
lies in the type of input features. CNN-based signal propagation modeling methods uti-
lize grid-structured input to depict the propagation environment and the signal genera-
tors (antennas). To characterize the environment, various channels can be considered to
represent features such as the arrangement of obstacles, elevations of placements, vari-
ations in obstacle types, locations of open spaces, and attributes of the signal generator,
including the distance from other receivers and its frequency. The model output involves
estimating signal characteristics in various zones.
Limitations: CNNs are effective at incorporating spatial information relevant to the prop-
agation environment. Nonetheless, they encounter limitations in preserving these spatial
correlations during output computation since they conclude with MLPs. In studies aim-
ing to generate maps, such as the RSS map discussed in the work by Seretis et al. [194],
authors applied a CNN model to obtain estimated RSS values for all receivers, next, they
applied interpolation to generate the final RSS map. This approach could produce good
results, yet it necessitates significant computational resources due to the huge number
of parameters involved in the training process. Additionally, the integration of MLPs in
CNNs results in a loss of information concerning cross-channel correlations and, conse-
quently, some spatial details.
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7.2.3 Convolutional Encoder Decoder

To address the mentioned limitations of CNNs, a variant of ANNs called Fully Convolu-
tional Networks (FCNs) [196] has been developed. FCN is an adapted version of CNNs,
where the traditional fully connected layer is replaced with a sequence of upsampling lay-
ers for pixel-wise predictions. In this scenario, the output is not a class label for the entire
image, as in CNNs, but rather another grid where each pixel corresponds to a class label
for the respective pixel in the input image. Convolutional Encoder-Decoder models rep-
resent a specific type of FCNs, involving a grid-structured input, an encoder, a decoder,
and a grid-structured output. The encoder typically consists of a series of convolutional
and pooling layers that extract and encode hierarchically features from the input data.
The decoder is responsible for reconstructing the output based on the encoded features
by iteratively increasing the dimension. It incorporates upsampling layers, skip connec-
tions, and convolutional layers. Upsampling layers enlarge the spatial dimension of the
corresponding feature map, while skip connections concatenate the output of a specific
encoder layer with its counterpart in the decoder to maintain the same dimension. This
connectivity preserves the information that could be lost during the encoding phase. Fig.
7.3 illustrates the overall architecture of a convolutional encoder-decoder. U-Net [197] and
SegNet [198] are examples of well-known Convolutional Encoder-Decoder architectures
that have been proposed to solve computer vision problems.
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Upsampling + Convolution 

Convolution

Pooling
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Forward /  Inference

Backward /  Learning

Input image Output
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Figure 7.3: Standard architecture of a convolutional encode-decoder

Convolutional encoders-decoders are primarily employed in the literature for semantic
segmentation where the goal is to classify every pixel in a grid-structured input. This ap-
plication proves advantageous in creating signal measurement maps, such as RSS maps,
where each pixel in the output grid corresponds to the RSS in a specific zone of the prop-
agation environment. Consequently, convolutional encoders-decoders enable the estima-
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tion of RSS for a set of receivers within a single training process while considering the spa-
tial correlation between channels. These models can be applied to estimate various signal
measurements, as shown in [199] and [200]. In [199], the authors introduced FadeNet, a
U-Net-like model designed to predict large-scale fading for 5G millimeter-wave cellular
networks. The inputs of FadeNet describe outdoor environments by incorporating vari-
ous factors such as building height, foliage, and terrain, collected from three distinct cities.
The model’s output corresponds to the large-scale fading associated with the given input.
For training data, the output, represented by large-scale fading maps, was generated us-
ing a Ray tracer solver. An additional application of convolutional encoders-decoders for
evaluating RSS in indoor environments was introduced in [201]. In this work, the authors
employed a U-Net like architecture, named SDU-Net, initially designed for semantic seg-
mentation in medical images. SDU-Net has demonstrated exceptional performance in
addressing signal propagation-related problems, as elaborated in the subsequent section.

7.3 Proposed sensing model in smart buildings

The sensing process is a pixel-wise regression task which involves finding the strength of
the reflected detection signal from every emplacement within the considered area. Build-
ing upon this principle, our proposed sensing model is based on the SDU-Net model [202]
(U-Net Using Stacked Dilated Convolutions), a variant of the U-net model [197] adapted
to pixel-wise regression. The objective of our sensing model is to identify covered and
uncovered zones within the deployment area. This is achieved by generating a signal
map that illustrates the strength of reflected detection signals from all positions within
the deployment area. Accordingly, zones where the signal detection exceeds the sensor
sensitivity threshold are deemed covered, otherwise the signal is interpreted as noise in-
dicating that the corresponding zones are uncovered.

7.3.1 Input features

The operational principle of electromagnetic sensors involves emitting electromagnetic
waves into the deployment area. When a person enters the sensor’s detection zone, they
may reflect some of these waves back towards the sensor. The sensor then analyzes var-
ious characteristics of the reflected signals, including frequency, amplitude, phase shift,
and time delay, to extract information such as the distance to the person, their speed, and
direction of movement. However, the effective detection range of electromagnetic sensors
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in real-world scenarios can be significantly smaller than their theoretical maximum range
of 10 meters due to environmental factors and obstacles. To effectively assess and analyze
the reflected signals, their strength must exceed the sensitivity threshold of the sensor;
otherwise, the sensor interprets them as noise. Indeed, the strength of reflected signals
is significantly influenced by the obstacles in the deployment area, which is likely to re-
duce the detection zone for the electromagnetic sensor. The impact of obstacles on the
signal varies based on their construction materials (wood, glass, plasterboard, concrete,
and brick), thickness, shape, and location. Therefore, it is important to consider all these
attributes when evaluating the strength of reflected detection.

In this study, the input tensor describes the propagation area where the sensor is deployed.
The tensor comprises four channels: permittivity, conductivity, distance, and line of sight
(LoS) channels. The theoretical sensing ability of sensors cannot exceed 10 m, so we as-
sume that the maximum detection zone of a sensor is a square of 20×20 m2 where the
sensor is at its center, and the distance between the sensor and each edge of this square
is 10 m. To model this area, we assume that each channel in the tensor is a matrix of
400×400 cells, so each cell in a channel represents 5×5 cm2 in the propagation area. This
level of granularity allows us to effectively model obstacle thickness, as all building ob-
stacle thicknesses can be approximated to multiples of 5 cm.

The permittivity channel serves as a visual representation of the deployment area, provid-
ing a detailed 2D plan where each cell corresponds to a specific location within the deploy-
ment area. Each obstacle is delineated within the channel by a rectangle, with the length of
the rectangle indicating the length of the obstacle. Here, each 5 cm of the obstacle is repre-
sented by one single cell in the permittivity channel. Moreover, the width of the rectangle
corresponds to the thickness of the obstacle. All cells encompassed within this rectangle
are then assigned the permittivity value corresponding to the construction material of the
obstacle they represent. The process of filling the conductivity channel follows the same
method as the permittivity channel, except that it assigns conductivity values based on
the materials involved. When combined, the permittivity and conductivity channels offer
a comprehensive representation of the deployment area’s layout and identify the con-
struction material type for each obstacle. Consequently, our sensing model will have the
capability to establish connections between the spatial arrangement, obstacles materials
and thicknesses, and the strength of detection signals. The distance channel provides in-
formation on the distance between the sensor and every position within the deployment
area, allowing the model to assess the impact of distance on signal strength. Meanwhile,
the Line of Sight (LoS) channel assists the model in identifying positions within the de-
ployment area that are either in direct line of sight from the sensor or obstructed by one
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or more obstacles. This feature enhances the model’s capability to generalize to unseen
environments [194] and achieve superior performance, particularly in complex scenarios.
Fig. 7.4 illustrates the channels corresponding to the specified indoor area.

(a) (b) (c) (d)

Figure 7.4: Tensor channels for the specified indoor area include: (a) permittivity channel,
(b) conductivity channel, (c) Line of Sight (LoS) channel, and (d) distance channel.

7.3.2 Model output

The output of our sensing model represents a signal strength map, modeled by a tensor
(matrix) of the same size as the input tensor (400 × 400). Each cell in the output tensor
represents a position in the indoor environment and contains the strength value of the
detection signal reflected from that corresponding position. Hence, any location with a
signal strength value below the sensor’s sensitivity threshold is considered uncovered,
whereas those with a signal strength exceeding the sensitivity threshold are considered
within its detection range. The process of generating this signal strength map is explained
in detail in Section 7.4.1. Fig. 7.5 illustrates an indoor environment and its corresponding
signal strength map.

Figure 7.5: Example of an indoor environment and its corresponding signal strength map
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7.3.3 SDU-Net based sensing model

The SDU-Net model is a variant of the well-known U-Net architecture. Its efficacy in ad-
dressing pixel-wise regression tasks is attributed to its ability to capture intricate patterns
in the input data, thereby enhancing the precision and effectiveness of the sensing model.
A standard U-Net architecture comprises five downsampling and upsampling layers. A
downsampling layer consists of two sequential 3x3 convolutions, followed by the ReLU
(rectified linear unit), and a 2x2 max pooling with a stride of 2 for downsampling. The
output from the current downsampling layer serves as the input for the subsequent layer.
Conversely, an upsampling layer utilizes a 2x2 up-convolution to reduce the number of
channels by half and augment the dimension of the feature map. Subsequently, it concate-
nates the resulting feature map with its corresponding feature map in the encoder. The
U-Net architecture has been successfully applied to address semantic segmentation [203]
and pixel-wise regression tasks [204]. Nevertheless, it exhibits a limited receptive field,
potentially leading to a decline in the correlation between pixels [202]. The receptive field
represents the region in the input data that influences the activation of a specific feature
in the output feature map, as illustrated in Fig. 7.6.

input data

feature map

local receptive
field

activated
feature

Figure 7.6: Receptive field influencing feature activation in the output map.

Our sensing model is based on the SDU-Net model. This model shares the same archi-
tecture as U-Net but introduces modifications to the encoding and decoding operations.
In SDU-Net, the encoding operation diverges from U-Net as the second 3x3 convolution
is replaced by an SDU-Net block. The SDU-Net block comprises five consecutive dilated
convolutions (also known as atrous convolutions), each with specified output channels
and dilation rates, as illustrated in Fig. 7.7. The output of all atrous convolutions is con-
catenated and either downsampled with max pooling in the case of a downsampling layer
or up-convolved in the case of an upsampling layer before it will be transmitted to the
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next-layer.

input Feature map 

Conv 3x3,
ReLU

Dilated conv 3x3
 ReLU

nf=no/2
rate=1

nf=no/4
rate=3

Dilated conv 3x3
 ReLU

nf=no/8
rate=6

Dilated conv 3x3
 ReLU

nf=no/16
rate=12

Dilated conv 3x3
 ReLU

Dilated conv 3x3
 ReLU

nf=no/16
rate=9

nf = no

Output
nf = noMax pooling 

(encoder)
Upsampling

(decoder)

SDU-Net Block

Concatenate

Figure 7.7: SDU-Net block with no representing the number of filters for the next layer, n f
denoting the number of filters for the current convolution, and rate indicating the dilation
rate.

Dilated convolutions represent a generalized form of standard convolutions, introducing
dilation or "holes" between consecutive kernel elements. This dilation allows for the ex-
pansion of kernels without a concurrent increase in the number of parameters [202]. The
specific number of spaces between kernel elements is defined by the dilation rate. Fig. 7.8
illustrates the application of dilated convolutions on an indoor environment, showcasing
dilation rates of 1, 2, and 3. The integration of dilated convolutions into our sensing model
yields manifold benefits, including:

– As dilated convolutions employ varying dilation rates, the model gains the capability
to capture intricate patterns across diverse spatial scales within the deployment area,
encompassing features like curved and sharp obstacles. This enables the sensing model
to associate these patterns with signal phenomena, such as reflection and refraction, and
estimate the strength of the resulting signal.

– Dilated convolutions enhance the recognition of correlations between distant points
representing varied locations in the deployment area with different construction ma-
terials. This capability enables the sensing model to comprehend the behavior of the
detection signal when encountering diverse types of construction materials and asso-
ciate it with the resulting attenuation.

– Dilated convolutions possess a broad receptive field, enabling the model to identify the
presence of obstacles with diverse sizes and shapes. This facilitates a comprehensive
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understanding of how these obstacles influence the propagation behavior of detection
signals.

Glass
Plasterboard

Wood
Concrete

Atrous rate = 1 Atrous rate = 2 Atrous rate = 3

Figure 7.8: Application of dilated convolutions on an indoor environment, with dilation
rates of 1, 2, and 3.

Fig. 7.9 illustrates the comprehensive architecture of the SDU-Net model utilized to con-
vert the physics-based tensor input representing an indoor environment into a map de-
picting detection signal strength. The model receives a four-channel tensor with dimen-
sions 400 x 400 cells as input, representing the deployment area of the sensor. Subse-
quently, five downsampling operations are performed to generate a feature map with
dimensions 25 x 25 and 512 channels. This feature map integrates details about multiscale
correlations across diverse resolutions. Subsequently, five upsampling operations are con-
ducted, involving a 2x2 up-convolution followed by a standard 3x3 convolution and an
SDU-Net block. The incorporation of skip connections at each upsampling layer enables
the model to correlate indoor environmental traits (such as construction material, obstacle
thickness, and shape) with the propagation behavior of the detection signal. After the last
upsampling layer, a 1x1 convolution is applied to produce signal map.
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Figure 7.9: SDU-Net architecture used to estimate detection signal strength maps for elec-
tromagnetic sensors.

7.4 Performance evaluation

7.4.1 Dataset generation

1. Simulating electromagnetic sensors: Commercial 3D ray tracing solvers currently
available are unable to simulate an electromagnetic sensor adequately in a single-phase
simulation. These solvers typically conduct simulations involving the propagation of
signals from a transmitter antenna to a set of receiver antennas. Once the propagation
simulation is complete, the solver calculates essential characteristics of the received
signals, such as signal strength, path loss, and time of arrival. However, when dealing
with electromagnetic sensors, our focus is on the strength of reflected detection signals
from each zone within the propagation area. This information is crucial for identifying
covered zones (where the sensor can detect a human presence) and those that are not
covered. An emplacement is considered covered by the sensor if the strength of the re-
flected detection signal from it surpasses the sensor’s sensitivity threshold; otherwise,
the emplacement is not covered. To accurately simulate the entire working principle
of an electromagnetic sensor, it is essential to follow a two-step process. Firstly, simu-
late the propagation of detection signals in all directions within the indoor deployment
area. Then, simulate the reflection of these signals back to the sensor. All simulations
are conducted using Wireless InSite software, and the process unfolds as follows:
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– First stage: Simulation of the propagation of detection signals: To model the prop-
agation of detection signals, a transmitter (Tx) antenna is centrally positioned within
each indoor scenario. The configuration of this Tx antenna aligns with the estab-
lished characteristics of electromagnetic sensors in the market, as depicted in Fig.
7.10. Utilizing the ray tracing method, all signal paths are calculated. Subsequently,
to evaluate signal strength across various locations, a network of receiver Rx anten-
nas is distributed throughout the entire deployment area. Adding more receivers
improves accuracy, yet it slows down processing. Therefore, each indoor scenario
has a different number of distributed receivers based on its inner architecture.

Figure 7.10: Characteristics of the Tx antenna employed in simulating an electromagnetic sensor.

– Second stage: Simulation of the reflection of detection signals: In the second stage,
each RX antenna is transformed into a TX antenna, and the TX antenna simulating
the sensor becomes an RX antenna (transceivers). Each TX antenna emits the signal
received by the corresponding RX antenna to the sensor (the sensor is represented
by the unique RX antenna at the center of the deployment area). Upon simulation
completion, the RX antenna outputs the signal strength values received by each TX
antenna, representing the signal strength of the reflected detection signals. In Fig.
7.11, an example of a complex indoor environment with multiple construction mate-
rials (concrete, wood, plasterboard, and glass) is illustrated. The red point signifies
the TX antenna initiating the simulation by emitting electromagnetic signals in all
directions, and the green points denote the set of RX antennas capturing the signal.
For the second stage simulation, the RX antennas become TX antennas and transmit
the received detection signal back to the unique RX antenna (sensor). The values of
received signal strength and the positions of green points are employed to compute
the received signal strength from all locations in the deployment area. This process
utilizes linear interpolation, as shown in Eq. 7.1, to generate a map as depicted in
Fig. 7.11 (right side).
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y = y1 +
(x− x1) · (y2 − y1)

x2 − x1
(7.1)
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Figure 7.11: Example of a complex indoor environment with Tx antenna (red) and Rx antennas
(green) and the corresponding signal strength map

2. Simulating indoor environment The maximum sensing range of electromagnetic sen-
sors available in the market is 10 meters, however, in practical situations, this range
is significantly smaller due to the presence of obstacles. For that, we have developed
indoor architectures with dimensions of 20× 20m2, assuming the sensors are placed at
their centers. This design enables us to evaluate the sensor’s maximum coverage area
while accounting for potential obstacles. For this dataset, we have created two types
of environments: basic indoor environments and complex indoor environments. Basic
indoors serve the purpose of helping the model learn fundamental patterns, physics,
and wave behavior when interacting with simple shapes. Additionally, basic environ-
ments involve the use of a single construction material, allowing the model to under-
stand how different materials (such as glass, plasterboard, concrete, brick, and wood)
affect electromagnetic detection signals. This facilitates learning the distortion patterns
associated with each construction material. On the other hand, complex indoor envi-
ronments are designed to simulate real-world scenarios. They feature diverse architec-
tural layouts and incorporate various construction materials. Including these complex
architectures in the dataset enables the model to learn the behavior of electromagnetic
waves in challenging and intricate situations. This provides a more comprehensive
understanding of wave propagation in realistic indoor settings. Fig. 7.12 depicts an
instance of a basic indoor environment with various construction materials, while Fig-
ure 7.11 illustrates an example of a complex indoor environment incorporating four
distinct construction materials.

For each indoor architecture, we meticulously configured both the Tx antenna and a set
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of Rx antennas, with the count of Rx antennas contingent upon the particular scenario.
Subsequently, a two-stage simulation was executed for each scenario, involving the
comprehensive reconfiguration of all antennas. The outcome of this process consisted
of the generation of detailed received signal strength maps, specifically illustrating the
reflections of detection waves across the entirety of the scenarios considered.

For this dataset, we generated 13 basic indoor environments. In each one, we varied
the construction materials among plasterboard, wood, concrete, glass, and brick, which
are commonly used materials in indoor buildings. Additionally, we created 23 complex
indoor environments with diverse architectural layouts. For each indoor architecture,
we configured a Tx antenna and a set of Rx antennas. The number of Rx antennas
varied depending on the architectural layout. Furthermore, we conducted a two-stage
simulation for each scenario, wherein we reconfigured all antennas. Subsequently, we
generated received signal strength maps to detect reflected waves for all scenarios.

(a) (b) (c)

(d) (e)

Figure 7.12: Example of a basic indoor environment with different construction materials: (a)
plasterboard, (b) concrete, (c) wood, (d) glass, and (e) brick.

3. Data augmentation Simulating new scenarios is a time-intensive task, requiring the
preparation of the environment, configuration of transmitting and receiving antennas,
and the two-stage execution of ray tracing. This process makes generating a signifi-
cant amount of input data challenging and time-consuming. To address this, we have
explored data augmentation as a means to increase the dataset size without the need
for additional simulation scenarios. This augmentation technique involves introducing
variations through the rotation and flipping of existing input data. Apart from expand-
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ing the dataset, this method makes the model invariant to rotations and flips which is a
desirable characteristic for signal propagation as discussed in [199]. Depending on the
indoor environment, various operations can be applied, including 90-degree rotation,
180-degree rotation, 270-degree rotation, left flipping, downward flipping, left flipping
followed by 90-degree rotation, and downward flipping followed by a 90-degree rota-
tion. Fig 7.13 represents an example of applying the aforementioned operations on a
complex indoor scenario.

original input 90-degree rotation 180-degree rotation 270-degree rotation

downward flipping downward flipping + 90-degree rotation left flipping left flipping + 90-degree rotation

Figure 7.13: Example of applying rotation and flipping to an input indoor environment
for data augmentation.

7.4.2 Model hyperparameters and evaluation metrics

Our sensing model is implemented in Python 3.7.8 using TensorFlow (version 2.11.0) and
Keras (version 2.11.0). For training, we applied the Adam optimization algorithm with a
learning rate set at 0.0005. We conducted training over 250 epochs, using a batch size of
4. Batch normalization is performed after each standard convolution to normalize feature
maps and facilitate the convergence of the model. We utilized 390 samples for training the
model, 61 samples for evaluation, and 32 samples for testing. Since the problem addressed
here is a regression problem, we utilized RMSE (Root Mean Squared Error) as the loss
function, as depicted in Eq. 7.2
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RMSE =

√√√√ 1
H ×W × C

H

∑
h=1

W

∑
w=1

C

∑
c=1

(
Ypred(c)hw −Ytrue(c)hw

)2
(7.2)

Where Ytrue represents the tensor with true values and Ypred is the tensor with predicted
values. H and W represent the height and the width of the matrices, respectively. C is the
number of channels, Ypred(c)hw and Ytrue(c)hw are the values of the predicted and true tensors
at height h, width w, and channel c respectively. For error metrics, we utilized the Mean
Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE) metrics, represented
by equations Eq. 7.3 and Eq. 7.4, respectively.

MAE =
1

H ×W × C

H

∑
h=1

W

∑
w=1

C

∑
c=1
|Ytrue(c)hw −Ypred(c)hw| (7.3)

MAPE =
100%

H ×W × C

H

∑
h=1

W

∑
w=1

C

∑
c=1

∣∣∣∣∣Ytrue(c)hw −Ypred(c)hw

Ytrue(c)hw

∣∣∣∣∣ (7.4)

7.4.3 Generalization for new indoor environments

Despite the limited number of samples used for training, the model managed to achieve
very satisfactory results. When evaluating the MAE metric, the model yielded a value of
6.3502 dB for the evaluation data and 6.0641 dB for unseen data. Similarly, for the MAPE
error, the model exhibited values of 5.9371 dB and 5.4839 dB for the evaluation and unseen
data, respectively. These errors are relatively small when considering the complexity of
the addressed multi-label regression task and the wide range of output data, which spans
from -70 dB to -180 dB. This indicates that the model is capable of accurately estimating
signal strength across a broad spectrum of signal values. Such performance highlights
also the effectiveness of the model in handling new complex indoor environments with
heterogeneous obstacles.
To further assess the performance of our sensing model, we applied it to determine the
detection zone of an electromagnetic sensor deployed in a new, unseen indoor setting.
The sensing model lacks any previous data about the signal strength in this area and
endeavors to estimate it using the trained model. Figure 7.14 illustrates four randomly
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selected unseen indoor environments used for testing. In the first column (a), we present
the ground truth detection signal strength map generated through ray tracing. Column (b)
depicts the estimated detection signal strength for the same environments, while column
(c) showcases the error, indicating disparities between the ground truth and predicted
signal strengths at each location in the new indoor environments. Each signal map has
been generated by the sensing model in less then a second. An important observation is
that the model was trained using signal maps generated with linear interpolation, which
are characterized by abrupt signal strength changes in some areas. However, the proposed
sensing model produces smoother maps compared to the ground truth maps, showcasing
a more gradual transition. This smoothness better captures the propagation characteristics
of detection signals. In nearby regions of the sensor, the model predicts values close to
the ground truth, showing minimal error. Conversely, the largest errors are observed in
distant locations, which already lie beyond the sensor’s detection range due to obstructing
obstacles. Moreover, it is observed from these figures that the attenuation of the signal
when encountering heterogeneous obstacles aligns with the attenuation pattern observed
in the ground truth signal map. Areas partially obscured by surrounding obstacles display
reduced signal strength in both ground truth and predicted signal maps. This confirms
the capability of our sensing model to infer the influence of obstacles on detection signals.
Furthermore, the predicted detection signal values closely align with the distribution of
obstacles, particularly within a 5-meter square around the sensor. This results in minimal
error values ranging between -10 and 10 within this square (figures (c)).

7.4.4 Comparison with existing sensing models

Our proposed sensing model provides a more precise assessment of electromagnetic sen-
sor detection zones in indoor areas compared to existing models in the literature.
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Figure 7.14: Examples of signal strength maps for unseen indoor environments: (a) map
simulated by ray tracing, (b) map predicted by our sensing model, and (c) error matrix.

This superiority stems from its ability to take into account the propagation behaviors of
detection signals, enabling the estimation of signal attenuation and subsequent computa-
tion of signal strength. Unlike existing models, which typically model signal attenuation
as a random variable (Shadow fading model), our model does not assume a uniform sens-
ing ability in all directions. Instead, it factors in the distribution of obstacles, accounting
for their various shapes and sizes. Furthermore, a significant advantage of our model over
existing ones lies in its capacity to incorporate the heterogeneity of surrounding building
obstacles, leading to a more precise estimation. The main characteristics of our sensing
model, as compared to existing models, are summarized in Table 7.1.
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Table 7.1: Comparison between our proposed sensing model and existing models.

Sensing model Distance
Heterogeneity
of obstacles

sensors
characteristics

Signal
Propagation

Non-uniform
sensing ability

Deterministic model ✓ X X X X
Sigmoid model ✓ X ✓ X X
Attenuated Disk model ✓ X X X X
Exponential Model ✓ X X X X
Probabilistic model
with noise

✓ X X X X

Shadow fading model ✓ X X X ✓
Elfes model ✓ X ✓ X ✓
Our proposed model ✓ ✓ ✓ ✓ ✓

7.5 Integration of the proposed sensing model with the over-

all WSN deployment approach

The developed sensing model can be seamlessly incorporated into the proposed deploy-
ment approaches to measure network coverage, defined as the total number of target
points covered by all sensors. The deployment approaches generate WSN deployment
schemes, which are encoded by binary vectors through the assignment of sensors to des-
ignated deployment zones as explained in Section 4.3. To calculate the coverage for a
given WSN topology, we initiate the process by examining the binary vector to identify
the positions of all sensors, as determined by the optimization method. Subsequently, for
each sensor, the following steps are performed:

1. Extract all building obstacles surrounding the sensor from the BIM database. The sen-
sor position is identified by its coordinates within the building. Therefore, to extract
the building obstacles and their characteristics surrounding the sensor, we begin by
computing the coordinates of the vertices of the square that delimits the maximum de-
tection zone. The Euclidean distance between the sensor and each edge is set at 10m,
as electromagnetic sensors for indoor environments cannot go beyond this distance,
as explained earlier. Once the maximum detection zone is identified, a spatial query is
conducted on the BIM database to extract all building obstacles and their characteristics
that fall within this square.

2. Generate inputs representing the surrounding area: The extracted building data con-
tains the layout of the surrounding area, including position, dimensions, and construc-
tion materials. Since this data is extracted from an IFC file, it needs to be processed by
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Figure 7.15: Example of applying rotation and flipping to an input indoor environment
for data augmentation.

the Geometric Data Interpreter and Geometric Data Organizer modules presented in
Section 4.2.3 to convert it into exploitable information depicting the indoor area. From
this information, we generate the corresponding input tensor channels (permittivity
channel, conductivity channel, distance channel, and LoS channel) for the given area,
as detailed in Section 7.3.1.

3. Generate the detection signal strength map through the application of the trained model:
The tensor representing the sensor’s maximum detection zone is sent to the trained
model for predicting signal strength across all locations within this designated area.
The resulting output from the model is the signal strength map, represented by a 400
× 400 matrix, as explained in Section 7.3.2.

4. Identify all target points within the sensor’s coverage: Detecting all target points within
the sensor’s coverage involves recognizing areas where the signal strength surpasses
the sensor’s sensitivity threshold. If the signal strength is above this threshold, the
corresponding zones are considered within the sensor’s coverage; otherwise, they are
deemed beyond its detection zone. Consequently, a target point is deemed covered by
the sensor if it resides within the first set of zones; otherwise, it is not included in the
coverage assessment.

After executing this process for all sensors in the WSN topology, coverage is assessed by
considering the total number of target points covered by all sensors. Fig 7.15 illustrates
the steps of integrating the proposed sensing model with the overall WSN deployment
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approach based on the BIM database. In this example, target points T1, T2, and T3 are
considered covered by the given sensor, while target points T4 and T5 are uncovered.

7.6 Conclusion

Electromagnetic sensors stand out as the most commonly utilized non-contact sensors in
smart buildings. They operate by emitting electromagnetic waves across the deployment
area and analyzing the reflected detection signals to extract useful information, such as
detecting the presence of people and recognizing their activities. Primarily, electromag-
netic sensors encompass occupancy sensors and motion sensors, both of which play a
pivotal role in numerous smart building applications. Thus, the accurate estimation of the
detection zone of electromagnetic sensors significantly impacts the overall performance
of smart buildings.

Existing sensing models in literature for assessing the detection zone of these sensors ex-
hibit limitations, leading to inaccuracies in network coverage. Therefore, in this chapter,
we propose a new sensing model tailored for electromagnetic sensors within smart build-
ings. This model takes into account the characteristics of the surrounding area where the
sensor is deployed, including the indoor layout and the construction materials of build-
ing obstacles, along with their thickness and dimensions. Such considerations enable our
sensing model to better estimate the propagation of detection signals and their strength.
The output of our sensing model is a signal map, where each cell denotes the strength
of the detection signal reflected from its corresponding position in the deployment area.
Positions with signal strengths above the sensor sensitivity threshold are considered cov-
ered, while those below are deemed uncovered. Our model has demonstrated its effec-
tiveness in predicting detection signal strength across various unseen indoor areas. No-
tably, the predicted maps replicate the signal behaviors simulated by ray tracing, but with
significantly reduced computational time. The predicted maps are generated in less than
one second, whereas ray tracing takes several minutes (up to 20 minutes) to generate
the signal map for the same scenario. This chapter explains the data generation process
and the method for integrating this sensing model with BIM and WSN deployment ap-
proaches. Furthermore, it highlights the advantages of our sensing model compared to
existing models in the literature.
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CONCLUSION AND RESEARCH PERSPECTIVES

Conclusion

In this thesis, we have tackled the problem of WSN deployment in smart buildings. The
objective is to propose sensor network topologies that maximize coverage and minimize
the number of deployed sensor nodes while ensuring the connectivity constraint. In the
first stage, we formulated the problem as a single-objective combinatorial problem where
the fitness function aggregates both coverage and cost with the same weight. This phase
comprised two studies. The first study compared seven well-known metaheuristics for
WSN deployment. We comprehensively tested their performance across ten indoor archi-
tectures of varying sizes. Based on the obtained results, we propose an enhanced binary
grey wolf optimizer incorporating a Steiner tree-based heuristic. The objective of this
heuristic is to identify a subset of sensors within a WSN topology that preserves the same
coverage rate and satisfies the connectivity constraint. Consequently, sensors not included
in the selected subset are eliminated from the final topology, thereby reducing the deploy-
ment cost. This heuristic allows a considerable improvement in the convergence of the
algorithm and produces the best solutions for all the considered scenarios.

Considering the multi-objective nature of the problem, we investigated multi-objective
metaheuristics through a comparative study involving evolutionary and swarm-based al-
gorithms. The results indicate the effectiveness of MOGWO and NSGA-II in addressing
the problem under evaluation budget constraints. In the subsequent research phase, we
introduced a hybrid multi-objective approach, LHNSGA-II, which integrates MOGWO
with NSGA-II by incorporating the MOGWO archive into the initial population of NSGA-
II to enhance its exploitation process. Additionally, a local search was developed to re-
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fine generated topologies in two stages. The initial stage involves relocating sensors to
neighboring deployment zones to identify the best first zone that enhances coverage and
meets the connectivity constraint. The second stage focuses on eliminating dominated
sensors that do not contribute to network connectivity. All optimization algorithms incor-
porate a proposed connectivity repair heuristic. This heuristic aims to link disjoint sensor
sets in unconnected topologies generated during the optimization process by deploying
a minimal number of additional nodes. These proposed hybrid approaches highlighted
the advantages of metaheuristic hybridization and the incorporation of problem-specific
heuristics to improve the quality of the solution.

To solve the problem of target area modeling, we have developed a BIM-centered sys-
tem. This system comprises two key components: the data extraction component and the
deployment zone modeling. The data extraction component functions as a parser that ex-
tracts essential information from the IFC file describing the BIM model, particularly the
entities representing the building layout and obstacles. These extracted IFC entities are
processed to facilitate their utilization in the second component, which is the deployment
zone modeling. In this stage, the deployment zone modeling component partitions each
floor into a set of zones where sensors can be positioned.

In the final contribution, we introduced a novel sensing model. This model is designed
for electromagnetic sensors commonly used in smart buildings to collect data related to
human presence detection, people counting and tracking, as well as the recognition of
people activities. It is based on fully convolutional networks and takes into consideration
the deployment environment and its influence on the detection signals of electromagnetic
sensors. The model produces a signal strength map illustrating the covered and uncov-
ered zones by a given sensor. The input to the model consists of four channels describing
the sensor’s surrounding environment. The first two channels are permittivity and con-
ductivity channels. The combination of these channels provides essential information on
the distribution of building obstacles, including their thickness and construction material.
The third channel represents the distances between the sensor and other zones, this en-
ables the model to learn the influence of distance on signal strength. Lastly, the line of
sight channel which depicts all zones reachable by the sensor detection signals without
encountering obstacles. The sensing model is based on the SDU-net which is a variation
of the U-net architecture that incorporates atrous convolutions to augment the receptive
field. Specifically designed for semantic segmentation, this architecture enables the as-
signment of detection signal values to each zone within the designated deployment area.
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Research perspectives

Both the sensing model and WSN deployment approach can be extended for further im-
provement by considering additional parameters as follows:

– WSN deployment approach: The first enhancement for the deployment approach
involves integrating the proposed sensing model, as detailed in Section 7.5. To fur-
ther improve the applicability of our deployment approach, it can be integrated into
a real Building BIM tool. For instance, the approach could be incorporated as a plu-
gin in software like Revit. The deployment process could then be executed as an in-
ternal script accessing the IFC file, which describes the BIM database, to compute de-
ployment zones prior to optimization. Additionally, while this thesis focuses on the
deployment of sensors on a single floor simultaneously, it is crucial to consider de-
ploying the sensor network across entire buildings. This entails deploying some sink
nodes strategically to reduce the number of required sensors and ensure connectivity
throughout the building. Deploying WSNs in large buildings with multiple floors
and complex layouts, along with heterogeneous obstacles, is a time-consuming task.
Therefore, optimizing the execution time of optimization techniques becomes essen-
tial. One way to address this is by incorporating surrogate models to estimate the
network coverage of certain topologies within the population. This approach avoids
the need to compute the detection zone for each sensor individually, thus reducing
overall execution time.

– Sensing Model for electromagnetic sensors:

An interesting perspective of this component is to share it with the research com-
munity as a readily deployable black box solution that can be easily utilized by de-
ployment approaches to assess WSNs coverage. However, due to the complexity
of dataset generation and the significant time required to reconfigure antennas and
execute ray tracing in two stages for each indoor scenario, it was impossible to gen-
erate a large amount of data to train our model. Therefore, it would be beneficial
to augment the number of samples and consider additional receiver antennas for a
more refined signal strength map. This model could also be generalized to other
electromagnetic sensor types with different frequencies. This diversity of sensors
could be incorporated as frequency channels to each input. Furthermore, a crucial
consideration involves evaluating the influence of mobile obstacles on the signal
strength map produced by the sensing model. This evaluation requires the inclu-
sion of novel inputs derived from simulating mobile obstacles across varied indoor
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environments. Such an approach enhances the sensing model’s adaptability, partic-
ularly in response to dynamic scenarios. Additionally, it would be advantageous to
assess the accuracy of the model using testbeds, comparing the predicted detection
zone with the ground truth.
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