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Abstract

Although LTE has been considered as a strong technology expected to be used in the up-
coming years, the need for a new technology, capable to meet the huge growth in data
traf�c volume, to support diverse use cases and to empower new users' experience, is be-
coming a reality. A new generation of cellular networks, known as 5G new radio (NR),
has been standardized through improvements in the current 4G/4G+ concepts and features
in order to bring a new level of �exibility, scalability and ef�ciency. Time division duplex
(TDD) is expected to be one of the key features of 5G NR since it offers more advantages
than frequency division duplex (FDD) mode in terms of capacity, �exibility and imple-
mentation adequacy with other features, such as full dimension multiple input multiple
output antenna (FD-MIMO) technology. A variant operational mode of TDD, known as
D-TDD, is in the scope. It is designed to deal with uplink (UL) and downlink (DL) traf�c
asymmetry since it is based on instantaneous traf�c estimation and offers more �exibility
in resource assignment. However, the use of D-TDD requires new interference mitigation
schemes to handle two additional types of interference called cross link interference (CLI)
and stands for DL to UL and UL to DL interference.

The �rst part of this thesis is devoted to tackle the problem of interference modeling
in D-TDD based macro-cell and small-cell deployments. We provide a complete analyti-
cal approach to derive relevant metrics, such as interference-to-signal-ratio (ISR) and the
coverage probability formulas, considering adequate geometry models for each type of
deployment: regular hexagonal model for macro-cells and spatial PPP based model for
small-cells. In the second part, we investigate the feasibility of two interference mitigation
schemes designed to reduce the strong DL to UL interference that affects D-TDD based
systems. To this intend, we propose a new 3D beamforming scheme based on the spatial
distribution of users' locations. This technique aims at exploiting the horizontal and the
vertical dimensions to enhance the strength of antenna radiation patterns in a given loca-
tion and reduce DL interference in neighboring cells. Then, we study the applicability of
this scheme in the context of D-TDD based macro-cells and we compare performance to
S-TDD with the aim of verifying the feasibility of D-TDD for macro-cells. Additionally,
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CONTENTS

we propose a tractable cell clustering scheme, based on the hexagonal tessellation, to re-
duce DL to UL interference in small-cell networks.

The third part of the thesis is dedicated to investigate another problematic which is
Orthogonal Frequency Division Multiplex (OFDM) radio resource dimensioning. Since
5G NR takes in consideration a wide array of emerging use cases and also the possibil-
ity of having future requirements, the third Generation Partnership Project (3GPP) comes
up with a variant of OFDM known as scalable OFDM and having different sub carriers'
spacing. This feature appears to be an ideal choice for 5G NR since it offers a high spec-
tral ef�ciency, robustness to selective fading channels, convenience with diverse spectrum
bands and compatibility with other features. Therefore, dimensioning OFDM is a major
task to accomplish in the context of NR. To this purpose, we provide an analytical model to
dimension OFDM based systems, that remains valid also for scalable OFDM, with a pro-
portional fair resources' allocation policy. We identify two kind of users:i) indoor users
that we model with a spatial PPP in the cell coverage area.ii ) To model outdoor users,
we propose �rst a random model describing the distribution of roads in the studied area
which is Poisson Line Process (PLP), then we consider the random distribution of users
in each road according to a linear PPP. Hence, the distribution of users becomes doubly
stochastic according to a process known as Cox. According to this model, we show that
the total number of requested radio resource follows a compound Poisson distribution and
we derive some analytical results regarding the congestion probability. The accuracy of
this model is then veri�ed through numerical results.

Keywords 5G NR, S-TDD, D-TDD, Interference, SINR, ISR, Coverage probability, 3D
beamforming, FeICIC, Cell clustering, Hexagonal network, PPP, Cox Process, PLP, Di-
mensioning, Congestion probability, QoS, ASE.
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Résuḿe étendu

Introduction

Une nouvelle ǵeńeration des ŕeseaux mobiles, connue sous le nom de 5G NR, est en cours
de standardisation�a travers des aḿeliorations apport́ees�a son pŕed́ecesseur 4G/4G+. 5G
NR va introduire un nouveau niveau de �exibilité, scalabilit́e et ef�cacit́e a�n de satisfaire
plusieurs classes de services. Le mode de duplexage TDD est le plus favorable pour 5G NR
grâce aux avantages qu'il représente par rapport au mode FDD en termes de capacité, �ex-
ibilit é et convenance de déploiement avec les autres technologies attendues dans le cadre
de la 5G comme FD-MIMO. Une variante du TDD, connue sous le nom du dynamique
TDD (D-TDD), attire de plus en plus l'attention. D-TDD est désigńe pour l'adaptation
des con�gurations des sous-trames DL et UL en se basant sur une estimation instantanée
du tra�c. Cependant, l'utilisation de ce mode nécessite l'impĺementation des ḿecanismes
capable de ŕeduire deux types d'interférence additionnelles : l'interférence ǵeńeŕee par les
stations de bases qui impacte le signal UL des utilisateurs et l'interférence ǵeńeŕee par les
mobiles en UL qui interf�ere avec le signal DL des stations de base.

La premi�ere partie de cette th�ese est consacrée�a l'analyse des performances du mode
D-TDD en termes de ISR et de probabilité de couverture dans 2 types de déploiement
: macro-cells et small-cells. Ensuite, nous proposons deux techniques de mitigation des
interférences dont la premi�ere est destińee aux macro-cells et basée sur le 3D beamform-
ing tandis que la 2�eme est le cell clustering et appliquée au small-cells. Dans la 2�eme
partie de cette th�ese, nouśetudions la probĺematique du dimensionnement de l'OFDMA
qui sera une technologie de base pour la 5G NR. Etant donné que le dimensionnement
des ressources radio est une tâche primordiale dans l'inǵenierie radio, nous proposons
un mod�ele analytique qui permet la réalisation de cette tâche en consid́erant un schedul-
ing proportional fair. Nous distinguons entre 2 types d'utilisateurs : utilisateurs indoor
qui sont mod́elisés par un PPP spatial et utilisateurs outdoor qui sont modélisés selon un
processus de Cox conduit par un PLP. Plusieurs résultats analytiques et numériques sont
expośes a�n de justi�er l'exactitude et la pŕecision de ce mod�ele.
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Résuḿe étendu

Modélisation des interf́erences et analyse des performances des réseaux mobiles baśes
sur le dynamique TDD:

A�n de supporter la prolif́eration continue du tra�c de données observ́ee durant les derni�eres
anńees, et qui va continuer�a augmenter vu les différentes exigences des utilisateurs mo-
biles et des services demandés, une variante du mode de duplexage TDD, nommée dy-
namique TDD, est introduite dans le but de permettre aux cellules d'adapter la con�gura-
tion des trames montantes (UL) et descendantes (DL) d'une mani�ere dynamique selon le
tra�c observ́e. L'utilisation d'un tel mode ŕesulte en deux types d'interférence addition-
nelles qui impacte le signal utile des utilisateurs:

� L'interf érence UL to DL: quand une cellule est en transmission DL, le signal utile d'un
utilisateur servi en DL est interféŕe par le signal des utilisateurs qui transmettent en
UL dans les autres cellules Fig. 1.

� L'interf érence DL to UL: quand une cellule est en transmission UL, le signal utile d'un
utilisateur est interf́eŕe par le signal DL des stations de base des autres cellules qui
transmettent en DL Fig. 2.

Figure 1 – L'interf́erence UL to DL
.

Figure 2 – L'interf́erence DL to UL
.

Ces deux types d'interférence sont en géńeral dif�ciles �a ǵerer surtout pour les macro-
cells car il se peut que les stations de base qui transmettent avec des puissancesélev́ees
se trouvent en visibilit́e directe entre eux et aussi les mobiles se déplacent d'une mani�ere
aléatoire.
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Figure 3 – DL ISR: Static TDD vs Dy-
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Figure 4 – UL ISR: Static TDD vs Dy-
namic TDD.
.

Dans ce contexte, nous proposons une approche analytique qui permet la modélisation
des interf́erences ǵeńeŕees par le mode D-TDD dans 2 types de déploiement :

� Un réseau de macro-cells: On le modélise par un ŕeseau hexagonal régulier avec un
nombre in�ni de cellules macro. On dérive les expressions de ISR (Interference
to Signal Ratio) qui couvrent les 4 types d'interférence qui apparaissent selon le
sens de transmission et on dérive aussi l'expression explicite de la probabilité de
couverture en DL et en UL.

� Un réseau de small-cells:́Etant donńe que les small-cells prennent des positions non
plani� ées comme le cas des macro-cells, on choisit de modéliser leur distribution
spatiale par un processus de poisson a�n de pouvoir exploiter les résultats math́ematiques
baśes sur la ǵeoḿetrie stochastique. Cela va permettre de dériver la probabilit́e de
couverture en DL et en UL.

Pour un ŕeseau de macro-cells, les résultats montrent que l'activation du mode D-TDD
est en faveur de la transmission DL comme on peut voir sur Fig. 3. En effet, lorsque
un certain nombre de cellules changent leurs sens de transmission du DL vers le UL,
l'interf érence qui provient du signal DL des stations de bases, qui est puissant par rap-
port au signal UL qui provient des mobiles, diminue et les performances s'améliorent par
la suite. Cependant, le comportement est compl�etement diff́erent durant la transmission
UL. Lorsque le D-TDD s'active, on remarque que l'interférence augment d'une mani�ere
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signi�cative, ceci provient du fait que le signal DL des stations de bases interf�ere et im-
pacte beaucoup le signal UL du mobile dans sa cellule serveuse Fig. 4. Par conséquence,
on peut conclure que le mode D-TDD ne peut pas s'appliquer�a un ŕeseau macro en UL
sans techniques de mitigation d'interférence.

Les m̂emes ŕesultats peuvent̂etre observ́es par simulation pour les deux types de
déploiement macro-cells et small-cells. La seule différence c'est que le réseau de small-
cells est moins vulńerable�a l'interférence DL to UL car en ǵeńeral les small-cells sont
consid́eŕees plus isoĺees les unes des autres.
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Figure 5 – Probabilit́e de couverture en DL et en UL pour un réseau macro avec différent
facteur de control de puissance fractionnel.

Nous consid́erons pour le sens de transmission UL un mécanisme de contrôle de puis-
sance appliqúe au canal PUSCH et on le modélise par le contr̂ole de puissance fractionnel
avec un facteur de compensationk. La �gure Fig. 5 montre la probabilité de couverture en
DL et UL en consid́erant diff́erent facteurs de contrôle de puissancek pour un ŕeseau de
macro-cells dont le mode D-TDD est activé. Pour le DL, on peut voir que le contrôle de
puissance en UL n'a quasiment aucun impact sur les performances car l'interférence qui
domine durant le cycle de transmission DL est celle en provenance des stations de base
qui transmettent en DL. Pour le UL, on peut constater qu'il y a une amélioration de la
probabilit́e de couverture pour les petites valeurs dek. En effet, le contr̂ole de puissance
fractionnel permet aux utilisateurs UL d'achever un SINR nécessaire pour leurs transmis-
sions en contr̂olant en m̂eme temps les interférences qu'ils ǵen�erent. Pour un facteurk
compris entre 0 et 1, l'affaiblissement du parcours est partiellement compensé. Ce qui
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veut dire qu'il y a un compromis entre l'affaiblissement du parcours et le SINR requis i.e.,
avoir un affaiblissement de parcoursélev́e implique un signal UL moinśelev́e. Cela ŕesulte
en un compromis entre l'affaiblissement du parcours et le SINR qui permet de contrôler
l'interf érence UL dans le contexte du D-TDD.

Pour conclure, dans la premi�ere partie de cette th�ese, nous avons proposé un mod�ele
math́ematique pour analyser les performances des réseaux macro-cells et small-cells avec
le mode de duplexage D-TDD. Les résultats ont montré que ce mode est en faveur de la
transmission DL par contre le UL est sév�erement impacté par l'interf́erence DL to UL.
Dans la 2�eme partie on propose un mod�ele 3D beamforming d́edíe �a la mitigation des in-
terférences en DL et on va montrer que l'application de ce mod�ele dans un ŕeseau macro-
cells permet de diminuer l'impact de l'interférence DL to UL et rendre le D-TDD faisable
pour les d́eploiements macro.

Un mod�ele analytique 3D beamforming dont les rayonnements horizontal et vertical
des antennes d́ependent de la distribution spatiale des utilisateurs

FD-MIMO est une technologie qui est basée sur le fait d'arranger un grand nombre d'antennes
dans un tableau 2D placé en t̂ete des stations de base. Cela permet de surmonter les con-
traintes de taille en augmentant le nombre d'antenne dans le contexte de massive-MIMO
ainsi que l'activation du 3D beamforming en exploitant la dimension verticale du rayon-
nement des antennes. Le 3D beamforming consiste�a former un beam du signal aigu entre
l' émetteur et le ŕecepteur en jouant sur la largeur du beam dans le rayonnement horizontal
et vertical de l'antenne. Cela permet d'augmenter la puissance du signal en le focalisant
sur un endroit bien précis et en m̂eme temps diminuer l'interférence qui provient des autres
stations de base.

Nous proposons dans cette 2�eme partie un mod�ele analytique pour le 3D beamform-
ing dont les rayonnements horizontal et vertical des antennes dépendent de la position
géographique des utilisateurs considéŕes aĺeatoirement distribúes dans le plan. Pour se
faire, on consid�ere un ŕeseau hexagonal tri-sectoriel dont les stations de bases sontéquiṕees
par des antennes directionnelles. Pour modéliser leurs rayonnements horizontal et vertical,
on adopte le mod�ele de Mogensen qui décrit les rayonnement comme suit

H(as;c) = [ cos(as;c)]� 2wh (1)

V(f s;c) = [ cos(f s;c)]� 2wv; (2)
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avecwh = ln(2)

ln(cos(
qh3dB

2 )2)
et wv = ln(2)

ln(cos(
qv3dB

2 )2)
. qh3dB et qv3dB sont les ouvertures 3dB hori-

zontale et verticale.

Figure 6 – Le mod�ele 3D beamforming

� L'angleas;c est l'angle dans le plan horizontal entre l'axe du beam dirigé vers un mobile
zs;c, qui se trouve dans un secteurc d'un sites, et la position du mobilez0 qui se
trouve dans le premier secteur du site serveurs0.

� L'angle f s;c est l'angle dans le plan vertical entre le mobile l'axe du beam dirigé vers un
mobilezs;c et l'orientation du mobilez0 (Fig. 6).

En se basant sur la géoḿetrie complexe on peut déterminer les expressions des angles
as;c et f s;c comme suit:

as;c = y (z0;s) � qs;c; (3)

avecy (z;s) = arg(z0 � s) etqs;c = y (zs;c;s) est l'argument complexe duzs;c relativement
�as.

De même l'anglef s;c est expriḿe par:

f s;c = atan(
lb

jz0 � sj
) � f̃ s;c; (4)

avecf̃ s;c = atan( lb
rs;c

) est le downtilt de l'antenne qui est variable dans ce cas car il dépend
de la position du mobilezs;c.
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Etant donńe que les mobileszs;c prennent des positions aléatoires dans les secteurs
hexagonals des sites, on suppose que les anglesqs;c sont uniforḿement distribúees dans
l'interval [J c � p

3 ;J c + p
3 ] avecJ c = p

3 (2c � 1) est l'azimut de l'antenne du secteur c
de chaque sites. Aussi, on suppose que les variables aléatoiresrs;c = jzs;c � sj sont uni-
formément distribúees dans l'intervalle[0; 2d

3 U(qs;c � J c)] avecU(qs;c � J c) c'est le ray-
onnement de l'antenne horizontal qui couvre tout le secteur hexagonal d'un site.

Le rayonnement des trois secteurs d'un sites reçu�a la positionz0 d'un mobile dans le
premier secteur des0 est donńe par

Gs(z0) =
3

å
c= 1

r s;cH(as;c)V(f s;c); (5)

avecr s;c est une variable aléatoire de Bernoulli qui représente le pourcentage des ressources
radio occuṕees par un mobilezs;c.

En se basant sur ce mod�ele, on montre que le ISR est une série de variable aléatoire
qui converge presque sûrement:

I (z0) = � 1+ å
s2L

r2bjs� z0j� 2bGs(z0)10
Ỹs
10: (6)

Ce ŕesultat est int́eressant car la convergence presque sûr implique la convergence en
probabilit́e ce qui implique la convergence en distribution.

Les ŕesultats de simulations montrent que le mod�ele 3D beamforming aḿeliore les
performances en termes de la probabilité de couverture. Comme on peut voir sur la �gure
Fig. 7, lorsqu'on prend des petites valeurs de l'ouverture 3dB horizontale, on constate
une aḿelioration de la probabilit́e de couverture. Ceci est du au fait que l'application
du 3D beamforming avec des beam aigus orientés vers les mobiles dans chaque secteur
diminue l'interférence des stations de bases en DL et en même temps l'application du 3D
beamforming pour le mobile dans la serveuse améliore sa puissance reçue et par la suite
améliore son SINR.
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Figure 7 – Les variations de la probabilité de couverture avec différentes valeurs deqh3dB.

Aussi la comparaison entre le 3D beamforming et le 2D beamforming montre que les
résultats sont bien meilleurs avec le 3D beamforming comme on peut voir sur la �gure Fig.
8.

Figure 8 – Comparaison entre le 3D beamforming et le 2D beamforming.
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Figure 9 – Les variations du débit utilisateur avec la charge dans les sites qui interf�erent:
comparaison entre le 3D beamforming et un réseau sans beamforming

Dans la �gure Fig. 9, on trace le débit utilisateur en fonction de la charge dans les
sites qui interf�erent a�n de comparer le gain obtenu de l'application du 3D beamforming
sur les performances. On peut constater qu'il y a une amélioration du d́ebit quand le 3D
beamforming est appliqué avec des petites valeurs de l'ouverture 3dB. Aussi, on peut voir
que pour le cas du réseau sans beamforming, le débit devient sensible�a l'augmentation
de la charge dans les sites qui interf�erent. Cette sensibilité devient faible lorsque le 3D
beamforming est considéŕe.

Ensuite, onétudie l'application de ce mod�ele 3D beamforming avec un réseau de
macro-cells baśe sur le mode de duplexage D-TDD a�n de minimiser l'impact des in-
terférences DL to UL et DL to DL et voir la faisabilité de ce mode de duplexage avec des
déploiements macro-cells (Fig. 10 et Fig. 11).
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Figure 10 – D-TDD durant la transmission
en DL
.

Figure 11 – D-TDD durant la transmission
en UL
.

Pour se faire, on consid�ere un ŕeseau hexagonal tri-sectoriel dont les 3 secteurs de
chaque site adoptent la même con�guration des trames TDD. Une fois le D-TDD est ac-
tivé, chaque site choisit le sens de transmission indépendamment des autres. Aussi, on
consid�ere que durant les sous-trames D-TDD, les stations de bases transmettent en DL
consid́erant des ḿecanismes 3D beamforming selon le mod�ele pŕesent́e ci-dessus et le
contr̂ole de puissance fractionnel est adopté pour les utilisateurs UL. Ce mod�ele nous a
permis de d́eriver les expressions de ISR qui couvre les 4 types d'interférences en termes
de śeries convergentes et de séries qui convergent presque sûrement de variables aléatoires.

Figure 12 – Probabilit́e de couverture DL
(2b = 3:5, k = 0:4).

Figure 13 – Probabilit́e de couverture UL
(2b = 3:5, k = 0:4).
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Figure 14 – Probabilit́e de couverture UL:
D-TDD vs S-TDD with 3D beamforming
avec des valeurs différentes des ouvertures
3dB (2b = 3:5, k = 0:4).

Figure 15 – Probabilit́e de couverture UL:
D-TDD vs S-TDD with 3D beamforming
avec des valeurs différentes des ouvertures
3dB (2b = 3:5, k = 0:4).

Les ŕesultats nuḿeriques, pŕesent́es sur les �gures 13,14,15, 16 et 17, montrent que
le 3D beamforming aḿeliore les performances en termes de la probabilité de couverture
en DL puisque il permet la réduction de l'impact du signal DL des stations de base qui
nuisent le plus aux performances durant le cycle DL. En UL, on peut remarquer que la
probabilit́e de couverture d'un réseau baśe sur le D-TDD avec le 3D beamforming est
améliorée par rapport au cas sans beamforming. Aussi, avec des petites ouvertures 3dB
horizontale et verticale, les performances s'approchent du Statique-TDD. D'une autre part,
la combinaison du contrôle de puissance fractionnel avec le 3D beamforming améliorent
plus les performances pour les mêmes raisonśevoqúees pŕećedemment.

Pour conclure, le 3D beamforming réduit signi�cativement les interférences ǵeńeŕees
par les signaux DL des stations de bases. Cela résulte en un gain signi�catif durant le
cycle DL d'une station de base opérant dans un réseau baśe sur le D-TDD. Pour le UL, on
constate que les performances s'approchent du mode S-TDD quand le 3D beamforming
est utiliśe pour la transmission DL des stations de base qui sont dans le sens opposé �a la
serveuse. Cette aḿelioration est encore plus remarquable quand il y a une combinaison du
3D beamforming et le contrôle de puissance fractionnel avec des petites valeurs du facteur
de compensation.
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Figure 16 – L'effet du contr̂ole de puissance fractionnel sur la probabilité de couverture en
UL: 2b = 3:5, k = 0:4.

Dimensionnement des ressources radio d'un réseau baśe sur l'OFDMA avec distinc-
tion entre les distributions aléatoires des utilisateurs outdoor et indoor

La derni�ere partie de cette th�ese est consacrée�a l' étude d'une autre problématique qui est
le dimensionnement des ressources radio pour les réseaux mobiles basés sur l'OFDMA.
L'analyse porte en particulier sur l'impact de la distribution aléatoire des utilisateurs dans
la zone de couverture d'une cellule typique sur le nombre requis des ressources radio a�n
de satisfaire un service désiŕe. Ainsi, on distingue entre deux types d'utilisateurs:

� Des utilisateurs outdoor qui se situent géńeralement�a l'extérieur sur des routes: on
mod́elise leurs distribution par un processus aléatoire double stochastique dit pro-
cessus de Cox basé sur le PLP (Poisson Line Process). En effet, la distribution
aléatoire des routes a un impact signi�catif sur les performances des réseaux mo-
biles. Dans cette partie on modélise d'abord la distribution aléatoire des routes par
un PLP, ensuite on consid�ere une distribution aléatoire des utilisateurs sur chaque
route selon un processus de poisson ponctuel (PPP) linéaire.

� Des utilisateurs indoor qui se localisent dans les bâtiments: on mod́elise leurs distribu-
tion par un PPP spatiale.
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Figure 17 – Ŕealisation d'un processus de Cox basé sur un PLP dans la zone de couverture
d'une cellule circulaire

D'une autre part,́etant donńe que le dimensionnement des ressources radio consiste
�a d́eterminer le nombre total des ressources radio nécessaire a�n de ǵerer un tra�c pŕedit
tout en satisfaisant une qualité de service pŕed́e�ni au préalable par un oṕerateur, le choix
d'une ḿetrique signi�cative qui d́ecrit le mieux la qualit́e du service�a respecter s'av�ere pri-
mordial. On choisi dans cette partie la probabilité de congestion comme fonction décrivant
la qualit́e du service. Cette ḿetrique est d́e�ni comme étant la probabilit́e que le nombre
de ressource radio demandé par tous les utilisateurs dans la cellule dépasse le nombre de
ressource disponible.

A�n de modéliser le ŕeseau, on consid�ere une cellule typique avec une station de base
�a son centre. Le d́ebit de chaque utilisateur est détermińe en utilisant la borne supérieur
de la formule de Shannon. On suppose que les utilisateurs sont schéduĺes d'une mani�ere
équitable i.e., celui qui perçoit des mauvaises conditions radio reçoit plus de PRBs a�n
de pouvoir acćeder�a une classe de service donnée (on suppose qu'il y a une seule classe
de service avec un débit de transmission requis �xe et que l'allocation des PRBs se fait
�a chaque TTI). L'interf́erence est́evalúee en termes de marge pour chaque région de la
cellule.

En se basant sur ce mod�ele, pour chaque type d'utilisateur, la cellule pourraêtre diviśee
en plusieurs anneaux. la région entre chaque deux anneaux représente la ŕegion de la
cellule dont les utilisateurs ont besoin d'un certain nombre de PRB. Ensuite, on montre que
la somme totale des PRBs demandés dans la cellule suit une somme de Poisson composée.

23
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Le mod�ele propośe permet de d́eriver une formule analytique de la probabilité de con-
gestion conditionnellement au processus choisi et qui reste valide pour tout processus qui
décrit la distribution spatiale aléatoire des utilisateurs:

SoitL une variable aĺeatoire tel queL = å N
n= 1nVn, avecVn sont des variables aléatoires

de Poisson ayant des intensitéswn. La probabilit́e queL dépasse un seuilM est donńee
par

P(L � M) = 1�
1
p

e� å N
n= 1wn�

Z p

0
epn(q) sin( Mq

2 )

sin( q
2 )

cos(
M � 1

2
� qn(q))dq; (7)

avec

pn(q) =
N

å
n= 1

wncos(nq) andqn(q) =
N

å
n= 1

wnsin(nq):

Cette formule peut encorêetre aḿeliorée en introduisant un outil mathématique de
l'analyse combinatoire dit Polyn̂omes de Bell. Cela permet de déterminer la probabilit́e
de congestion comméetant une somme �nie des polynômes de Bell:

SoitL une variable aĺeatoire tel queL = å N
n= 1nVn, avecVn sont des variables aléatoires

de Poisson ayant des intensitéswn. Soitx j dé�ni comme suit

x j =

8
>><

>>:

w j j ! si 1 � j � N,

0 sinon.

La probabilit́e queL dépasse un seuilM peut s'exprimer comméetant une somme des
polynômes de Bell exponentiels par

P(L � M) = 1� H
M� 1

å
k= 0

Bk(x1; :::;xk)
k!

(8)

avecH = e� å N
n= 1wn.

La formule analytique de la probabilité de congestion est comparée par la suite aux
résultats des simulations Monte-Carlo comme s'af�che sur la �gure 19 :
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Figure 18 – Probabilit́e de congestion: th́eorique vs simulation pour deux valeurs det

On constate que les simulations correspondent bien aux résultats th́eoriques et aussi
l'augmentation du d́ebit moyen de la cellule ǵen�ere une augmentation de la probabilité de
congestion. Cela s'explique par le fait que le débit moyen cellule est directement lié �a la
densit́e des utilisateurs et la densité des routes dans la zone de couverture de la cellule.

Figure 19 – Comparaison entre les différentes distributions aléatoires des utilisateurs

Dans la �gure 20, on compare les différentes distributions aléatoires des utilisateurs
en termes de la probabilité de couverture. On peut constater que le nombre de PRBs de-
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mand́e est toujourśelev́e, pour toute valeur cible de la probabilité de congestion, lorsque
les utilisateurs sont distribués selon le processus de Cox. Cela veut dire que la géoḿetrie
aléatoire de la zone de couverture de la cellule a un impact tr�es important sur les perfor-
mances. Additionnellement, la grande demande de PRBs vient des utilisateurs indoor car
ces derniers en géńeral perçoivent des mauvaises conditions radio et l'environnement deep
indoor est d́efavorable pour la propagation des ondes.

Figure 20 – Ŕesultats de dimensionnement: comparaison entre les différents mod�eles

La �gure 20 repŕesente les ŕesultats de dimensionnement avec une comparaison entre
les différents mod�eles aĺeatoires des utilisateurs. On voit que le nombre de ressource di-
mensionńe est toujours grand lorsque les utilisateurs suivent un processus de Cox géŕe par
le PLP en comparaison avec le mod�ele PPP spatial ayant la même intensit́e. Lorsque
l'intensité des routes est tr�es élev́e, les utilisateurs dans ce cas apparaissent distribués
partout dans la cellule et non pas concentrés sur les routes, par conséquence, le processus
de Cox peut̂etre approxiḿe par un processus de Poisson spatial ayant la même intensit́e.
Avec une intensit́e des routes faible, les résultats deviennent optimistes avec un PPP spa-
tial.
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Figure 21 – Ŕesultats de dimensionnement: comparaison entre les utilisateurs en cell edge,
cell middle et cell center.

Pour analyser l'impact des interférences, la �gure 22 montre es résultats de dimension-
nement en consid́erant trois zones dans la cellule: cell center, cell middle et cell edge ayant
chacune une marge d'interférence. On peut voir�a partir des courbes de dimensionnement
que la plus grande demande en terme de PRBs provient des utilisateurs en cell edge qui
perçoivent un grand niveau d'interférence et un grand affaiblissement de parcours.

Le dimensionnement des ressources radio est une phase tr�es importante car il permet
aux oṕerateur d'avoir une vision tr�es claire sur la mani�ere dont ils peuvent manager le
spectre radio a�n de retarder des investissements dans l'acquisition des nouvelles ban-
des de fŕequence. Si le nombre de ressource dimensionné d́epasse le nombre disponible,
l'opérateur par exemple peut faire appel�a l'agrégation des porteuses pourélargir la bande
de fŕequence ou bien utiliser le mode de duplexage TDD qui permet d'exploiter la totalité
de la bande de fréquence pour les deux sens de transmission DL et UL.
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31



LIST OF FIGURES
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Chapter 1

Introduction

1.1 Background and general context

The upcoming 5th generation (5G) of mobile networks is promising to deliver a big leap
in performance, spectral ef�ciency and capacity. 5G radio interface, known as new radio
(NR), has been designed by considering �exibility in features de�nition in order to support
the huge proliferation of mobile data traf�c and to satisfy different use cases with different
users' requirements. In the context of 5G, one can usually talk about three general classes
of use cases: enhanced mobile broadband (eMBB), massive machine-type communication
(mMTC) and ultra-reliable and low-latency communication (URLLC) [1]. To meet the
requirements of those use case classes, 5G NR needs to exploit the potential of new tech-
nologies and also to get the most out of the wide array of frequency spectrum. Since bands
at different frequencies have different characteristics due to propagation properties, 5G
NR is expected to expand spectrum exploitation to bands at low frequencies below 1 Ghz,
which are convenient for wide area coverage, mid-bands between 1 Ghz and 6 Ghz and
high frequency bands above 24 Ghz known as millimeter waves (mmWave), mainly ded-
icated to enhance capacity in dense small-cell deployments. Furthermore, Time Division
Duplex (TDD) mode is expected to be a key feature for 5G NR. Actually, TDD alternates
downlink (DL) and uplink (UL) frame portions in time and allows them to share the same
frequency band contrary to Frequency Division Duplex (FDD) mode based on paired fre-
quency channels and a guard band to avoid interference between DL and UL. This gives an
increase in frequency diversity and more resource assignment �exibility. Moreover, one of
the major advantages of TDD is channel reciprocity. It allows the transmitter to estimate
the channel on the outward link based on the estimated channel on the return link. Such
properties make TDD more convenient with 5G NR features, such as massive multiple-
in multiple-out (massive MIMO), 3D beamforming and dense small-cell deployments in
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mmWave frequency bands, than FDD.

Additionally, TDD can be used with two mode of operation: static and dynamic. In
static TDD (S-TDD) systems, cells allocate UL and DL subframes using time domain par-
titioning in order to avoid overlapping transmissions. The ratio of dedicated subframes in
each direction is based on the average perceived traf�c statistics measured over a period of
time. To meet the continued growth in data traf�c volume, Dynamic-TDD (D-TDD) has
been introduced as a solution to deal with UL and DL traf�c asymmetry, mainly observed
for dense heterogeneous network deployments, since it is based on instantaneous traf�c
estimation and provide more �exibility in resource assignment. However, D-TDD system
is severely limited by a strong mutual interference between the UL and DL transmissions
because those two directions share the same frequency band. Hence, two types of inter-
ference appear: DL to UL (impact of DL other cell interference on UL signal received by
the studied cell) and UL to DL (impact of UL mobile users transmission, located in other
cells, on DL signal received by a mobile user located in the studied cell). Those additional
interference, mainly DL to UL, are usually more dif�cult to deal with because of the LOS
(Line Of Sight) between highly elevated base stations (BSs) transmitting with high power
level and also because the mobiles can move around randomly. Thus, this duplexing mode
can be more convenient with heterogeneous networks (HetNet) as small-cells are consid-
ered well isolated from each others and also from the macro-cells' layer.

Furthermore, in order to mitigate interference in D-TDD system, 3GPP (3rd Genera-
tion Partnership Project) standard advices new approach for enhanced Interference Mitiga-
tion and Traf�c Adaptation (eIMTA) in dynamic environment [2]. Cell clustering scheme
is an ef�cient technique that can be used to deal with D-TDD interference. Cells that suffer
from high DL to UL interference level between each others can be gathered in the same
cluster and use the same UL-DL con�guration. In the same time, transmission directions
in different clusters can be dynamically adapted. This technique can be very ef�cient for
HetNet when it is combined with enhanced Inter Cell Interference Coordination (eICIC),
introduced in 3GPP Release 10, or Further eICIC, introduced in 3GPP Release 11. eICIC
and FeICIC are based on time domain partitioning: macro-cell BSs reduce the transmit-
ted power level during some sub-frames called Almost Blank Sub-frames (ABS) so that
small-cells can adjust UL-DL portions dynamically during those sub-frames according to
the traf�c variations. FeICIC and cell clustering are rather dedicated to minimize D-TDD
interference in small-cell networks. Recently, the applicability of massive antenna tech-
nologies, such as Full Dimension MIMO (FD-MIMO) and 3D beamforming, with D-TDD
has drawn the attention of telecommunication actors. Actually, beamforming consists in
forming a signal beam between the transmitter and the receiver by using an array of anten-
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nas. It enhances the signal strength at the receiver and minimize interference level so that
high average data rate and high spectral ef�ciency can be achieved. Most existing base
stations (BSs) are equipped with directional antennas that provides radiation patterns in
the horizontal dimension, considering only the azimuth angle, and having a �xed vertical
pattern and downtilt. By taking into account also the impact of the elevation and combin-
ing the horizontal and the vertical dimensions, the signal strength at the receiver location
could be further improved and interference from neighboring cells could be minimized [3].
Therefore, the applicability of this feature with D-TDD can effectively reduce the strong
DL to UL interference impact and thus make D-TDD feasible for macro-cell deployments.

Additionally, 5G NR will be also made through improvements in the current 4G/4G+
key features by taking in consideration the wide array of emerging use cases and also fu-
ture requirements. Hence, The 3GPP has chosen an optimized OFDM based waveform for
5G NR known as scalable OFDM and having different subcarriers' spacing (D f = 2n15
kHz, wheren = 0 to 4) [4]. This technology appears to be an ideal choice for 5G NR
for many reasons such as the robustness to channel selective fading, the high provided
spectral ef�ciency and also the compatibility with other techniques. A set of OFDM sub-
carriers constitutes the basic unit of radio resources that a cell can allocate to a mobile user.
This set of subcarriers is called Physical Resource Block (PRB) in the 3GPP terminology.
Furthermore, the allocation of PRBs to users is performed at each Time Transmit Interval
(TTI) according to a prede�ned scheduling algorithm. The choose of this latter is mainly
related to the fairness level between users, i.e., the way that resources are allocated to users
according to their channel qualities and their priorities, de�ned by the operator [5–7]. Con-
sequently, OFDM dimensioning will be certainly a major task in the context of 5G NR. It
aims at �nding the number of radio resources required to carry a forecast data traf�c at a tar-
get users Quality of Services (QoS). Hence, it is of utmost importance to de�ne a relevant
metric for QoS and develop an accurate mathematical model for dimensioning capable to
give the desired results by taking into account different system parameters. Besides, a key
parameter for network dimensioning and performance analysis is Signal-to-Interference-
plus-Noise-Ratio (SINR). This parameter, in turn, is related to the perceived interference
which makes their modeling vital.

Actually, interference in cellular networks represents a major issue that obstructs the
achievement of high performance in terms of data rate and spectral ef�ciency. Telecommu-
nication actors continuously attempt to minimize it during all the phases of a technology
conception, since it is related to network performance. In radio engineering, one can use
interference margin, known also as noise rise, to perform link budget tools. However, this
notion does not describe the real perceived interference and does not take into account
the geometry of the studied area that impacts in one way or another performance. Thus,
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the analytical tractability of interference is of prime importance. Having a mathematical
model can always give better results and avoid recourse to extensive simulations. In effect,
interference are related to the network geometry and the spatial distribution of users. Most
considered models that can be found in literature are the regular hexagonal model [8] and
random models based on spatial point processes [9] and [10]. Hexagonal network is the
basis model for network design in radio engineering. It is considered effective for network
having �xed cell radius such as macro-cell deployments. However, this model is not use-
ful for heterogeneous network topology. Small-cells usually occupy unplanned random
positions. It appears that stochastic point processes are practical to model their random
distribution in dense urban environment. Homogeneous Poisson Point Process (HPPP) is
a very popular model in cellular networks in which BSs and mobile users spatial distribu-
tion are modeled according to a PPPs. Despite the tractability of HPPP, this model can not
�t with the geometry of real cellular networks because of the repulsive behavior of trans-
mitting nodes. Also, with this model, one cannot evaluate interference at each arbitrary
user location and only its distribution that can be determined [8] and [11]. Nevertheless,
spatial PPP may not always be suitable for all spatial con�gurations of nodes. Actually, the
spatial distribution of BSs and users is mainly related to the geometry of the studied area.
This latter is related, in turn, to the spatial distribution of roads and buildings. For instance,
indoor users, often distributed in buildings, can be modeled by a spatial PPP. However, out-
door users (e.g., pedestrians or vehicular) are generally distributed along roads. Hence, to
model such a system, one should consider two sources of randomness:i) the random lo-
cation of users on each road that can be modeled by a linear PPP andii ) the road system
itself that can be considered as a random realization of a line process. Several approaches
to model road systems can be found in the scienti�c literature such as Manhattan model
that uses a grid of horizontal and vertical streets, Poisson Voronoi Tessellations (PVT) and
Poisson Delaunay Tessellations (PDT) [12–14]. A well-known and tractable model that
gives a quite good presentation of road systems in dense urban environment is Poisson
Line Process (PLP). PLP is a random process mathematically derived from PPP. Instead
of points, PLP is based on a random set of lines distributed in the planeR2. The distri-
bution of nodes belonging to each line is modeled according to a linear PPP. Hence, the
combination of roads and nodes distributions results in a doubly stochastic process often
known as Cox process [15].

1.2 Problematics and contributions

The major contributions of this thesis are threefold:
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1. D-TDD interference tractability approaches and performance analysis in macro-cell
and small-cell deployments:

As the number of mobile users is set to continue increasing in the upcoming years,
D-TDD is expected to be one of the major keys of 5G NR. D-TDD enables the
dynamic adjustment of UL and DL resource transmissions based on instantaneous
traf�c variations. The problem of this duplexing mode is two additional types of
interference, called cross link interference (CLI), that stands in the way of the useful
transmitted DL and UL signals:i) when the serving cell transmits to a given mo-
bile location, DL and UL interferences' effect on DL useful transmission appears;
ii ) when the serving cell receives signals from mobiles, UL and DL interferences'
impact on UL transmission rises. The �rst objective of this work is to provide a com-
plete analytical framework for interference tractability in macro-cell and small-cell
deployments. Macro-cells are modeled by using a regular hexagonal network with
in�nite number of sites whereas small-cells are modeled according to a spatial PPP,
in order to exploit the mathematical framework based on stochastic geometry and to
satisfy in the same time D-TDD assumptions. Moreover, to analyze the feasibility
of D-TDD for macro-cells, the study treats in particular the explicit evaluation of In-
terference to Signal Ratio (ISR) in each position of the network by covering the four
types of interference generated in D-TDD based network. This metric is very useful
for link budget tools in which the average perceived interference is required in each
mobile location. The second objective is to analyze performance of D-TDD based
macro-cell and small-cell networks, in terms of the coverage probability expressed
as a function of different system parameters, and its comparison with performance
of existing S-TDD based networks. This metric is related to the throughput and it is
useful for throughput dimensioning.

2. D-TDD interference mitigation schemes in macro-cell and small-cell networks:

D-TDD based macro-cell networks undergo strong interference, mainly coming
from DL transmitting BSs, that severely degrade performance. Actually, macro-
cell BSs often transmit with high power levels and are likely to be in LOS condition.
Therefore, D-TDD cannot be used with macro-cell deployments without interfer-
ence mitigation schemes. FD-MIMO has been introduced as an ef�cient technique
to enhance mobile network performance in terms of users' throughput and spectral
ef�ciency. It is based on a 2D array of antennas that offers the possibility to increase
the number of transmit antennas and gives extra degrees of freedom. Also, it makes
possible to adapt the signal beams in the horizontal and the vertical dimensions.
Consequently, applying 3D beamforming in D-TDD based macro-cell systems can
effectively reduce the strong DL to UL interference impact and thus make D-TDD
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feasible for macro-cell deployments.

The �rst part of this second contribution is dedicated to propose a new analytical
approach to model 3D beamforming in a regular tri-sectorized hexagonal network.
It aims at characterizing the antenna radiation patterns, in both the horizontal and
vertical dimensions, by considering the random locations of users in the cells. Some
analytical results regarding the explicit derivation of ISR and its mathematical ex-
pectation are provided. Also, 3D beamforming based system performance in DL
transmission are analyzed through system level simulations to make sure that this
feature enhances the coverage probability and reduces the perceived interference in
DL. Finally, a comparison between 3D beamforming and 2D beamforming is given.
The second part is devoted to investigate the applicability of 3D beamforming with
D-TDD based systems and its comparison with S-TDD. Results show that 3D beam-
forming further enhances performance in DL and minimize signi�cantly DL to UL
interference during the UL transmission cycle of a typical cell. Different numerical
results are provided to justify this interference mitigation approach.

On the other hand, small-cells are likely to be well isolated from each others, which
makes D-TDD more convenient with HetNet deployments. As it is mentioned previ-
ously, cell clustering is an ef�cient technique devoted to minimize interference in a
D-TDD environment. The main idea of cell clustering is to gather small-cells in dif-
ferent clusters based on speci�c metrics e.g., Mutual Coupling Loss (MCL) thresh-
old between them. Small-cells in the same cluster adopt the same UL-DL frame
con�gurations and the transmission inside a cluster can be coordinated by a central
unit, which decides the more convenient frame con�guration according to traf�c
conditions. Moreover, cells belonging to different clusters can choose the con�gura-
tion independently from each others. However, the problem of CLI still exists even
with cell clustering scheme. Actually, the dense deployment of small-cells certainly
induces severe interference between small-cells belonging to neighboring clusters
when they transmit in opposite directions. Hence, users served by small-cells lo-
cated in the cluster edges can experience bad performance. So, the second part of
this contribution is devoted to provide a tractable cell clustering scheme based on the
hexagonal tessellation to see how this feature can reduce the DL to UL interference
in a D-TDD based small-cell network.

3. OFDM based system radio resources dimensioning approach with a comparison be-
tween Cox process driven by PLP and Poisson Point Process:

Radio resources dimensioning is a major task in cellular network development that
aims at maximizing the network resources ef�ciency. Dimensioning process con-
sists in assessing the necessary resources that permit to carry a predicted data traf-
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�c in order to satisfy a given QoS. So, an accurate traf�c estimation is one of the
major issues to consider for dimensioning problem and for that, it is of utmost im-
portance to choose a relevant QoS metric to evaluate system performance. To this
purpose, the third contribution of this thesis aims at providing an analytical model
to dimension OFDM based systems with a proportional fair resources' allocation
policy. This dimensioning model is very useful for operators since it gives a vision
on how they should manage the available spectrum. If the dimensioned number of
resources exceeds the available one, the operator can, for instance, aggregate frag-
mented spectrum resources into a single wider band in order to increase the available
PRBs, or activate capacity improvement features like dual connectivity between 5G
and legacy 4G networks, in order to delay investment on the acquisition of new spec-
trum bands. Moreover, the proposed model can be applied to the scalable OFDM
based 5G NR with different subcarriers' spacing in order to enable different types of
deployments and network topologies and support different use cases. Furthermore,
instead of considering only the random distribution of users, often modeled by a
spatial PPP in the cell, we consider two types of users:i) indoor users distributed
in buildings and modeled by a spatial PPP.ii) for outdoor users (e.g., pedestrians
or vehicular), we characterize at �rst the random distribution of roads in a typical
cell coverage area by a PLP and then we consider the random distribution of users
in this system of roads according to a linear PPP. This model allows the operator
to evaluate and compare performance between outdoor and indoor environments in
terms of required radio resources. Finally, We show that the total number of the
requested PRBs follows a compound Poisson distribution and we derive the explicit
formula of the congestion probability as a function of different system parameters by
using a mathematical tool from combinatorial analysis called the exponential Bell
polynomials. This metric is de�ned as the risk that the requested resources exceed
the available ones. It is often considered primordial for operators when it comes to
resources dimensioning since it is related to the guaranteed quality of service. Then
by setting a target congestion probability, we show how to dimension the number of
PRBs given a forecast cell throughput.

1.3 Thesis outline

The structure of this thesis is as follows:

• Chapter 2: In this chapter, an extensive state of the art on Dynamic-TDD, Inter-
ference mitigation schemes in dynamic environment, FD-MIMO, 3D beamforming
and radio resources dimensioning is provided. Also, a review of cellular network
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modeling and interference tractability approaches is given.

• Chapter 3: This chapter is dedicated to investigate the analytical tractability of in-
terference in D-TDD based macro-cell and small-cell deployments. Different ana-
lytical results, regarding the explicit derivation of ISR and the coverage probability,
are provided. This is followed by a performance analysis part through system level
simulations.

• Chapter 4: The aim of this chapter is to provide a new analytical model for 3D
beamforming, in the context of FD-MIMO, in a tri-sectorized hexagonal network. A
characterization of antenna beamforming radiation patterns, in both horizontal and
vertical dimensions, is given considering the spatial distribution of user locations.
Analytical and simulation results are stated to justify the accuracy of this scheme.

• Chapter 5: In the �rst part of this chapter, we investigate the applicability of 3D
beamforming scheme, presented in chapter 4, in a D-TDD based macro tri-sectorized
hexagonal network. Through system level simulations, we analyze performance in
terms of the coverage probability of D-TDD and its comparison with S-TDD. In the
second part, we present a cell clustering scheme based on the hexagonal tessellation
that aims at minimizing interference in a D-TDD based small-cell deployments.

• Chapter 6: This chapter is devoted to present a new approach for radio resource di-
mensioning considering the congestion probability, quali�ed as a relevant metric for
QoS evaluation. We distinguish between two types of users: indoor users modeled
by a spatial PPP and outdoor users modeled by a linear PPP in a random system of
roads described by PLP. Different analytical and simulation results are provided to
justify this approach.

• Chapter 7: This chapter concludes the study and summarizes the different results.
Also, it gives new potential perspectives for future works.
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Chapter 2

Related works and state of the art

In this chapter, we provide a survey of related works, existing in the scienti�c literature,
regarding the topic of dynamic TDD and the different proposed interference mitigation
schemes. Also, we review the state of the art on FD-MIMO and 3D beamforming. More-
over, we summarize different related works to the topic of OFDM radio resources dimen-
sioning before concluding with a review on cellular network modeling and existing ap-
proaches for interference tractability.

2.1 Dynamic-TDD vs S-TDD performance analysis and
interference coordination schemes

TDD and FDD are the two fundamental duplexing schemes in wireless communication
systems. FDD is based on paired spectrum bands to separate DL from UL transmission
whereas TDD is based on unpaired band and the separation between DL and UL transmis-
sions is performed in time. Additionally, TDD represents some characteristics that make
it more desirable for the upcoming 5G NR. For instance, using an unpaired band allows
the exploitation of the whole bandwidth whether for UL or DL, which leads to capacity
enhancement. Moreover, channel reciprocity is a key advantage of TDD over FDD. TDD
system can obtain the channel state information in DL from the measurements in the UL
link [16]. Besides, TDD mode can be used with static frame con�gurations or dynamic
adjustment of UL/DL frame portions. With the huge proliferation of mobile data traf�c
volume, D-TDD appears to be a good solution to optimize the adjustment of UL/DL sub
frames since it is based on instantaneous traf�c estimation.

D-TDD has been widely investigated in the available scienti�c literature; see for in-
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stance [17–26]. The �rst study dates back to 2002 with the work in [17] where perfor-
mance of a D-TDD �xed cellular network in UL transmission was investigated. Authors
in [17] proposed a time slot assignment method to improve the UL outage performance.
In [24], authors have studied the possibility of using dynamic adjustments of TDD UL/DL
con�gurations in a pico-cells based HetNet. Even if the study lucks analytical analysis,
simulation have shown that enabling dynamic adjustment is in the favor of DL transmis-
sion since it reduces the number of DL transmitting pico-cells. However, the UL transmis-
sion performance undergoes huge degradation because of the strong interference coming
from DL transmitting pico-cells. Similar approach has been adopted in [19]. Authors have
shown that applying interference mitigation between macro-cells and pico-cells leads to a
signi�cant improvement of the average packet throughput especially in low to medium traf-
�c load situations. In [27], authors have studied performance of D-TDD based small-cell
deployment. They have focused on a particular small-cell architecture known as phantom
cells. This architecture is based on con�guration split between the control plane, sup-
ported by macro-cells in low frequencies, and user plane supported by phantom cells in
high frequencies. By using some well-known results from stochastic geometry regarding
spatial PPPs, authors have derived the DL and UL outage probability formulas considering
the four types of interference generated by D-TDD based systems. As expected, they have
reached the conclusion that UL transmission cycle performs worst than DL in terms of out-
age probability. Moreover, they have proposed a frequency domain inter-cell-interference-
coordination technique that leads to an enhancement in system performance. Similarly
in [28], the coverage probability and the area spectral ef�ciency of a dense small-cell net-
work based on synchronous D-TDD has been studied. Authors have derived a closed-form
expressions of the DL/UL time resource utilization. Also, they have derived a closed-form
expression of the coverage probability and the area spectral ef�ciency for both DL and UL
transmission directions, by modeling BSs and users spatial distributions as two indepen-
dent homogeneous PPPs. They have reached the conclusion that D-TDD performs better
than S-TDD in terms of time resource utilization. Also, they have shown that D-TDD
achieve better area spectral ef�ciency than S-TDD in DL. In [29], a two-tier Device to De-
vice enhanced HetNet operating with D-TDD has been studied. Authors have proposed an
analytical framework to evaluate the coverage probability and network throughput using
stochastic geometry. Likewise in [30], authors have provided a comparison between static
and dynamic TDD in millimeter wave (mm-wave) cellular network, in terms ofSINRdis-
tributions and mean rates, considering synchronized and unsynchronized access-backhaul.
From this survey, it is obvious that most of research works focus on the feasibility of
D-TDD in small-cell deployments. However, performance of D-TDD based macro-cell
deployments has not been well investigated.
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In order to make D-TDD implementation feasible, some interference mitigation tech-
niques based on cell clustering and mainly dedicated to small-cell deployments, have been
proposed in literature; see for instance [31, 32]. All discussed cell-clustering schemes
gather small-cells that highly interfere each others in the same cluster and force them to
use the same con�guration. Such schemes reduce D-TDD interference, although the prob-
lem is not completely solved since inter-cluster interference still exists especially between
cells located in the edge of clusters. Also, it can force small-cells in the same cluster,
with different traf�c ratios, to choose the same frames' con�gurations which reduces the
ef�cacy of D-TDD. To enhance the ef�ciency of cell clustering schemes, it was discussed
in [32] a soft recon�guration method based on cell clustering devoted to mitigate D-TDD
interference in femto-cell deployments. This technique use a transition map constructed
based on the ratio DL/UL with DL (UL) refers to the number of DL (UL) sub-frames in
a TDD frame. The aim of this method is to allow cells in the same cluster to change dy-
namically the UL/DL con�guration while saving a low interference level between them.
This can be done by making femto-cells to choose by turns their con�gurations based
on the transition map. Numerical results showed that this model outperforms the classic
cell clustering schemes but the study lacks analytical modeling. Always in the same con-
text, it can be found several works that have discussed radio resource management and
optimization approaches to deal with cross slot interference generated by D-TDD. For in-
stance in [25], authors have proposed a centralized clustering based coordination scheme
for D-TDD with interference cancellation. The objective of this work was performing joint
UL/DL user scheduling rate and MIMO rank allocation for each resource block.

2.2 Full Dimension MIMO and Beamforming

Multiple antenna technologies and beamforming were the subject matter of many existing
works in the scienti�c literature. Massive MIMO technology known also as FD-MIMO of-
fers a lot of advantages. It can enhance the capacity by increasing the number of installed
antennas in sites' BSs [33–37]. Actually, according to the current LTE standard, most
existing BSs have up to 8 antennas arranged linearly at the top. Since the array size is
proportional to the number of antennas, increasing this latter linearly to �t massive MIMO
requirements seems impractical. Consequently, research community and telecommunica-
tion actors come up with FD-MIMO as an alternative. The aim of this feature is to arrange
antennas in a 2D array. By using intelligently this set of antennas, it enables the use of 3D
beamforming by adapting also antenna radiation patterns in the elevation plane with extra
degrees of freedom [38]. Moreover, FD-MIMO is very convenient with TDD duplexing
mode since increasing the number of antennas does not increase the feedback overhead
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thanks to TDD channel reciprocity property [39].

The applicability of massive MIMO and beamforming can be found in many works.
In [35], authors analyzed performance of UL and DL non-cooperative multi-cell TDD net-
works. They have opted for a realistic system by taking in consideration imperfect channel
estimation, pilot contamination, antenna correlation and path loss. Also, they have studied
the asymptotic behavior of the system when the number of antennas increases, by using
different precoding schemes, in order to achieve a given percentage of rate. Their model
seems accurate comparing to realistic systems. In [40], authors have studied multi-level
beamforming by developing a methodology to design a multi-level codebook of beams in
an environment with low numbers of multi-path. They have focused on how beams can be
generated with reduced interference from side lobs. Also, they have provided an algorithm
to select beams during scheduling based on users CQI (Channel Quality Indicator). The
applicability of this model to LTE use cases have shown that it seems good and attractive in
terms of low implementation complexity and performance enhancement. It has been pro-
vided in [41] a channelization code of wideband CDMA (Code-Division-Multiple-Access)
mobile communication systems based on sectored beamforming antenna arrays in BSs. To
quantify the relationship between the number of antenna arrays and capacity gain, authors
have provided through system level simulations a comparison between pedestrians and ve-
hicular users. They have shown that it exists a compromise between the number of beams
and antenna gain that avoid pilot overhead and does not results in low antenna gain. The
proposed solution is based on cell splitting in terms of spatially isolated scrambling codes
regions. In [42], it has been proposed a general framework to evaluate coverage and rate in
mmWave cellular networks. Authors have considered three categories of BSs: indoor BSs,
outdoor BSs that are in LOS condition and outdoor BSs that are NLOS to the users. BSs
and users equipment are considered to be equipped with directional beamforming antennas
modeled by using sectored antenna model to provide an approximation of beamforming
patterns. The analytical approach is based on stochastic geometry. Also in [43], sectorized
gain pattern has been considered to model beamforming radiation patterns in a self back-
hauled mmWaves' network. In [44], authors have proposed a new analytical model as a
mixture of the inverse Gaussian [45] model and the inverse Weibul model [46], to model
interference power distribution. They have established methods to estimate parameters for
both rich and limited scattering environments. They have applied this model to evaluate
performance of cellular network with joint transmit and receive beamforming.

Additionally, the impact of the vertical dimension in beamforming has been investi-
gated throughout many works. In [47] authors investigated the impact of adapting the
vertical pattern of antennas to user locations through conducted lab and �eld trial measure-
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ments. They showed that, either in outdoor or indoor environments with Line Of Sight
(LOS) and Non Line Of Sight (NLOS) conditions, adapting the vertical pattern improves
performance. Interference restraint using dynamic vertical beam steering has been studied
in [48]. authors have focused on the potential of dynamic vertical beam steering in an
interference-limited macro-cell network. They have considered beam coordination meth-
ods for interference avoidance with and without requirements of communication between
BSs. Through system level simulations and �eld measurements, they have shown, based
on 3GPP standard speci�cation, that performance are better with 3D antennas. In [49] au-
thors have analyzed the impact of antenna radiation pattern and the downtilt on the perfor-
mance of a DL cellular network in terms of the coverage probability and the area spectral
ef�ciency. For the analytical approach, they have used tools from stochastic geometry to
model the spatial distribution of nodes. Also, they have shown that there exists an optimal
antenna downtilt that depends on the LOS and NLOS conditions. This optimal downtilt
maximizes the coverage probability and improves the area spectral ef�ciency. Similarly
in [50], the effect of antenna downtilt in a MIMO system has been studied through system
level simulations. Authors used the 3GPP antenna radiation pattern model to show that
the maximal cell throughput depends on the antenna downtilt. Finally, in [51] it has been
proposed an analytical model for 3D beamforming in a tri-sectorized network. Authors
have studied the impact of varying the horizontal and vertical half power beam-widths on
performance enhancement.

Furthermore, the marriage between FD-MIMO and D-TDD is not well investigated in
the available scienti�c literature. To the best of our knowledge, the only work that focuses
on the feasibility of implementing 3D beamforming as an interference mitigation scheme
for D-TDD based macro-cell networks is the study provided in [52]. In this work, based
on random matrix theory, authors have shown that equipping BSs with a large number of
antennas (massive MIMO), removes effectively the DL to UL interference in macro-cell
deployments.

2.3 OFDM radio resource dimensioning

One of the principal decisions to make for 5G NR design is choosing an adequate wave-
form. OFDM seems to be an accurate technology for 5G NR since it represents numerous
advantages such as low complexity of implementation, high provided spectral ef�ciency
and low power consumption. Additionally, to meet with requirements and emerging class
of services prede�ned in the context of 5G, NR design will introduce the scalable OFDM
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to support diverse spectrum bands and different deployment models [53]. Furthermore,
dimensioning OFDM is a major task to perform for 5G NR. It aims at assessing the neces-
sary radio resources to guarantee a prede�ned QoS. This task is mainly related to different
factors such as scheduling algorithm, the level of fairness between users, channel quality,
traf�c estimation and also the network geometry.

The available scienti�c literature of OFDMA based systems is quite rich and many as-
pects have been widely discussed such as resource allocation and dimensioning methods;
see for instance [6,7,54–60]. In [54], an adaptive resource allocation for multiuser OFDM
system, with a set of proportional fairness constraints guaranteeing the required data rate,
has been discussed. The analysis is simpli�ed by a low-complexity algorithm in order to
separate sub-channel allocation from power allocation. Authors have shown that it offers
more fairness and �exibility in terms of sum capacity. Similarly, authors in [6] surveyed
different adaptive resource allocation algorithms and provided a comparison between them
in terms of performance and complexity. Furthermore, OFDMA dimensioning has been
always considered as a hard task especially with the presence of elastic data services. It
was provided in [59] an analytical model for dimensioning OFDMA based networks with
proportional fairness in resource allocation between users requiring different transmission
rates. For a spatial Poisson distribution of mobile users in a typical cell coverage area,
authors in [59] showed that the required number of resources follows a compound Poisson
distribution. In addition, an upper bound of the blocking probability was given. Like-
wise in [60], authors have proposed an OFDMA dimensioning approach considering an
Erlang's loss model and Kaufman-Roberts algorithm to evaluate the blocking probability.
The aim of this study was to build a method that determines the minimum density of BSs
assuring a given quality of services. The accuracy of their model has been veri�ed through
numerical results that showed that the proposed method induces only up to 10% loss of
the capacity. Also in [61], it has been proposed an analytical method to evaluate the QoS
for a DL OFDMA system considering real-time and elastic traf�c with a dimensioning
approach illustration. In [62], authors have proposed a method to dimension OFDM based
cellular networks by using the so-called exponential effective SINR. This method consists
in extending the single SINR based planning to multi-carrier systems through a rede�ni-
tion of the link outage probability. Also, they have introduced a Gaussian approximation
for the exponential effective SINR. Numerical results showed that for practical number
of sub-carriers, this approximation can be used to set up a simpli�ed panning procedure
through calculating only two moments of the single-carrier SINR. They have derived also
an upper bound of the outage probability considering interference.
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2.4 Cellular network modeling and interference analysis

Interference characterization is one of the main concept of cellular networks. It is related
to the SINR and thus the capacity, which are the prime concern to enhance when it comes
to performance analysis of mobile network communications. Interference modeling is
mainly related to the geometry of the network. It has always been a challenging problem
even with single tier networks. Hence, choosing an accurate tractable models is of utmost
importance since it saves time by avoiding to have recourse to extensive simulations.

Figure 2.1 – Poisson Point Process based
cellular network.
.

Figure 2.2 – Hexagonal grid based cellular
network.
.

The most frequent models that can be found in literature are deterministic and random
models [8, 9, 15, 63–72]. One of the most popular models is the spatial PPP. This model
assumes that BSs are distributed in a given area of the plane according to a spatial PPP.
Users are assumed to connect with the nearest BSs and follow a uniform distribution in
their coverage areas represented by voronoi cells; see Fig. 2.1. Stochastic geometry is a
strong mathematical tool that leads to explicit results in the analysis of random models and
especially spatial PPP based models. It has been provided in [9] a complete analysis of
a DL transmitting cellular macro-cells' network. Authors have derived a general explicit
expression of the coverage probability. Also, they have provided an explicit formula of the
mean achievable rate. Moreover, the study contains some simpli�cations of the derived
formulas considering different special cases. Finally, they have veri�ed the accuracy of
their model, through some numerical results, by comparing it to the grid models and real
deployment of BSs. In [68], it has been provided a complete analytical analysis of a
DL k-tiers cellular network to model HetNet deployments. BSs of each tier are modeled
according to a homogeneous PPP and tiers are assumed to be independent from each others.
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From numerical results, it can be observed that the coverage probability of an actual 4G
deployment lies between the PPP model and the grid model, such that PPP model provides
a lower band whereas grid model offers an upper bound. To analyze the performance of
an UL network, it has been discussed in [71] an interesting approach. Since interference
in UL comes from mobiles that are randomly distributed in the network contrary to DL
where interference comes from �xed transmitting nodes, the modeling of an UL network
requires some fundamental changes. The study of [71] assumes that mobile locations
are distributed according to a spatial PPP and the BS corresponding to each mobile user is
uniformly distributed in the voronoi cell of this mobile. To simplify the analytical analysis,
authors have demonstrated that the distances between mobiles and BSs are weak in terms
of dependence that comes from the use of fractional power control model [73]. With
this assumption, the proposed model has led to an explicit derivation of the UL coverage
probability.

Actually, despite the tractability of spatial PPP based models, they cannot �t with the
geometry of real macro-cell wireless networks because of the repulsive behavior of sites.
Also, with random models one cannot evaluate the received interference in each mobile
location of a cell, which is very important for link budget tools, and only its distribution
is determined. The regular hexagonal network (Fig. 2.2) is the basic model for radio en-
gineering. However, this model has been widely considered intractable. With the work
of [8], numerous analytical results regarding the explicit derivation of ISR and the cover-
age probability are provided. In particular, authors have proved that the ISR in a regular
hexagonal network with in�nite number of sites equipped with omni-directional antennas,
is a function of mobile location in a typical cell. This function can be written in terms of
convergent series on the distance between the mobile location and its serving BSs. Also,
they have derived the explicit expression of the coverage probability considering different
mobile user locations scenarios especially uniform and log-normal distributions. In [11]
a comparison between a regular hexagonal network and a spatial PPP based network has
been discussed. From this comparison, one can conclude that the hexagonal model ap-
proximates well the geometry of real macro-cell layout and it is tractable as well as HPPP
based models. Also, the regular hexagonal model can deal with non-uniform user location
distributions contrary to spatial PPP.

Furthermore, it becomes very hard to model a cellular network where BSs are dis-
tributed according to a random point process and equipped with sectorized antennas. For
instance in [10], it has been proposed a cell sectorization model based on a homogeneous
PPP to model the spatial distribution of BSs. Authors have proposed an approach to model
the horizontal and the vertical antenna radiation patterns of each sector considering the ran-
domness and the geometry of the network. Numerical results shows that this model �ts
well with measurements obtained from an operational network. To the best of our knowl-
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edge, this study is the only one that tackle the problematic of sectorization in random
cellular network models. With deterministic model such as regular hexagonal network,
this problematic becomes much easier. For instance in [8], a tractable approach for in-
terference derivation in a tri-sectorized hexagonal network with in�nite number of sites
has been proposed. By considering only the horizontal antenna radiation patterns, authors
have used the complex geometry to show that ISR can be written in terms of a convergent
Fourier series.

Recently with the new emerging technologies such as vehicular communication known
as V2X and V2V, it becomes important to consider also the geometry of the studied area
and the random distribution of roads in cellular network performance analysis. Several
models can be found in literature; see for instance [15, 64, 72, 74, 75]. In [72], Morlot
has introduced a new population model that takes the geometry of cities into account by
adding the random distribution of roads. In order to derive the UL coverage probability, he
modeled the system of roads according to a PLP and he provided a comparison between
two types of users: walkers and drivers. A similar model can be found in [15]. To perform
the canonical coverage analysis of a vehicular network, authors have considered a doubly
stochastic model for wireless nodes. They have assumed that the irregularity of roads can
be modeled by a PLP and the irregularity of wireless nodes can be modeled by independent
linear PPPs on each road. They have derived the SIR (Signal-to-Interference-Ratio) metric
in Nakagami-m fading channel and the expression of the coverage probability as a function
of different system parameters. Through simulations, they have provided a comparison
between their model and a spatial PPP model. The main conclusion reached from this
study is that PPP model gives optimistic results comparing to Cox process driven by PLP
and results become similar between the two models only for big values of roads' density.
This model seems accurate and interesting and merits more investigation considering other
aspects of cellular networks performance analysis such as radio resources dimensioning.
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Chapter 3

D-TDD interference tractability and
performance analysis

3.1 Introduction

Meeting the continued growth in data traf�c volume, Dynamic Time Division Duplex (D-
TDD) has been introduced as a solution to deal with the uplink (UL) and downlink (DL)
traf�c asymmetry, mainly observed for dense heterogeneous network deployments, since it
is based on instantaneous traf�c estimation and provide more resource assignment �exibil-
ity. However, the use of this feature requires new interference mitigation schemes capable
to handle two additional types of interference between cells in opposite transmission di-
rection: DL to UL and UL to DL interference. Those interference are dif�cult to deal with
especially DL to UL.

The aim of this chapter is to provide a complete analytical framework for interfer-
ence tractability in macro-cell deployments and dense small-cell networks. We model
macro-cells by using a regular hexagonal network with in�nite number of sites. We treat
in particular the explicit evaluation ofISR in each position of the network, in terms of
convergent series, that covers the four types of interference generated in D-TDD based
network. To model small-cells, we adopt the widely used spatial PPP and we show how to
exploit the mathematical framework based on stochastic geometry and satisfy in the same
time D-TDD assumptions. Additionally, we derive the explicit expressions of the cover-
age probability (SINR distribution) for a typical cell in DL and UL for both macro-cell
and small-cell networks. This metric is related to throughput distribution and it is useful
for cell throughput dimensioning. Finally, we analyze, through system level simulations,
performance of D-TDD based network and its comparison with S-TDD considering differ-
ent system parameters.
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3.2 System models and notations

3.2.1 Dynamic TDD model

To model the D-TDD system, we assume that all cells initially operate synchronously in
DL or UL. This setup can be considered as a baseline scenario characterizing performance
of existing synchronous TDD system i.e., S-TDD. After a period of time, it is assumed
that all cells select randomly UL or DL frame portions based on traf�c conditions. Four
types of interference henceforth appear depending on the transmission direction:i) when
the serving cell transmits to a given mobile location, DL and UL interferences' effect on
DL useful transmission appears;ii ) when the serving cell receives signals from mobiles,
UL and DL interferences' impact on UL transmission rises (Fig. 3.1 and Fig. 3.2). It
is considered hereafter that the scheduler does not allocate the same spectral resources to
different mobile users in one cell at the same time (e.g., TD-LTE scheduling). So, intra-
cell interference is not considered. Therefore in a given cell, we consider that during a sub-
frame of interest (i.e., when D-TDD is activated), there is one active transmission whether
on DL or UL with full-buffer traf�c model. To characterize the transmission directions
of cells, denoted bys, we consider two Bernoulli random variables (RVs)cd(s) andcu(s)
such thatP(cd(s) = 1) = ad andP(cu(s) = 1) = au. cd(s) refers to the DL transmission
cycle of a cells andcu(s) refers to the UL transmission cycle of a cells during a D-TDD
sub-frame. It is important to mention that a cellscannot be in DL and UL during the same
TTI. Hence, to avoid this case, we add the following conditioncu(s) = 1� cd(s). This
means thatad = 1� au.

3.2.2 Macro-cell deployment

To model macro-cells, we consider a hexagonal cellular network denoted byL with an
in�nite number of macro-cells having an intersite distance between them denoted byd.
The hexagonal model means that for each nodes 2 L , there exists a unique(m;n) 2 Z2

such thats = d(m+ nei p
3 ). We denote bys0 the serving cell located at the origin ofR2

(R2 is isomorphic toC). Antenna in each site is assumed to have an omni-directional
radiation pattern and covers a geographical area named Voronoi cell, having a cell radius
denoted byR. Furthermore, the location of a mobile served bys0 is denoted byz0 such
thatz0 = reiq where (r,q) are the polar coordinates in the complex plane. We denote also
by z the geographical location of a mobile served by a cells 2 L � in the plane, whereL �

is the latticeL without the serving cells0. Locationz is written in the complex plane by
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Figure 3.1 – UL to DL interference.
.

Figure 3.2 – DL to UL interference.
.

z= s+ r eif , wherer andf represents respectively the distance and the angle betweenz
ands. Moreover, it is assumed that the locations of mobilez in the plane are uniformly
distributed.

3.2.3 Small-cell deployment

Since small cells usually occupy unplanned random positions, it appears that stochastic
point processes are practical to model their random distribution in a dense urban environ-
ment. The most common approaches model the DL cellular network with a BSs distri-
bution according to a spatial PPP and uniform users' distribution in BS Voronoi cells [9].
For the UL transmission, it has been proposed in [71] an interesting approach considering
a spatial PPP distribution of users in the plane with a uniform distribution of each BS in
the Voronoi cell of the associated mobile. However, with D-TDD, for each transmission
direction there is two sources of interference: BSs and mobiles. In order to be able to
exploit the mathematical framework based on stochastic geometry and satisfy in the same
time the D-TDD assumptions, we model the set of active mobilesz served by the small-
cells, denoted hereafter by ˜s, by a PPPF of intensityl . This implies thatz are uniformly
distributed in the studied area.

As we have mentioned previously, each small-cell ˜shas one active mobile transmitting
whether in DL, with probabilityad, or in UL with probabilityau. Thus, we can assume
that each mobile is associated with the nearest small-cell. Furthermore, the position of
each small-cell can be expressed in the complex plane by ˜s= z+ r zeif z, with (r z; f z) are
the polar coordinates of ˜s relatively toz. This means that also the set of small-cells forms
a PPP obtained by a displacement ofF (Displacement theorem [63]), i.e., the process of
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Figure 3.3 – FeICIC technique in a heterogeneous deployment.

mobiles and small-cells are two dependent PPPs.

Additionally, to reduce strong macro-cell layer interference impact on users served by
small-cells, especially in small-cells range expansion, we assume that FeICIC is imple-
mented; see Fig. 3.3. With this feature, macro-cells reduce their transmitted power level
during some speci�c sub-frames called Almost Blank Sub-frames (ABS) so that small-
cells use those sub-frames to con�gure dynamically the UL-DL frame portions. Moreover,
we assume that all macro cells are well synchronized and adopt the same S-TDD con�gu-
ration. Hence, macro-cell BSs interference can be neglected.

3.2.4 Propagation model

To model the wireless channel, we consider the standard power-law path loss model based
on the distance between a mobilezand a BSssuch that the path lossL(s;z) is given by

L(s;z) = ajs� zj2b; (3.1)

with 2b is the path loss exponent anda is a propagation factor that depends on the type of
the environment (Indoor, Outdoor...).

In addition to the path loss, the received power by a mobile depends on the random
channel effects, especially shadowing and fast fading. Shadowing refers to the attenuation
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of the received signal power caused by obstacles obstructing the propagation between the
transmitter and receiver. In this chapter, shadowing effect is not considered for reasons of
tractability. Readers can refer to [8] in which a way of how shadowing can be included in
calculations is provided.

Likewise, fast fading random model is not considered for the macro-cell deployment
in order to simplify calculations. Actually, fading effect can be compensated through link
level performing that maps theSINRto the throughput (Th). Also, for an AWGN (Additive
Gaussian Noise Channel), Shannon's formula provides the relation betweenSINRandTh.
Hence, the fast fading effect can be compensated by using a modi�ed Shannon's formula
to haveTh= K1log2(1+ K2SINR), with K1 andK2 are constants calibrated from practical
systems [76]. However, for the heterogeneous system analysis, multi-path Rayleigh fading
effect is considered. We denote byHi andGi , with i = s̃ or i = z, the fading coef�cients
between, a transmitting nodei and a typical receiving mobile, and betweeni and a typical
receiving BS. We assume also that the RVsHi andGi are independent and identically dis-
tributed (i.i.d) for each propagation link and follow an exponential distribution of mean 1.

In UL transmission, power control is applied to PUSCH (Physical Uplink Shared Chan-
nel) channel in order to set the required mobile transmitted power. In this study, it is
modeled by the fractional power control model (FPC), i.e., the path loss is partially com-
pensated by the power control [77]. The transmitted power by the mobile locationz to its
serving cells is then written

P(z;s) = P� (s)
�

jz� sj2b
� k

(3.2)

whereP� (s) is the target power cell speci�c andk 2 [0 1] is the power control compen-
sation factor. Whenk = 1 the power control scheme totally indemni�es the path loss in
order to reach the target powerP� (s). For the case 0< k < 1 the path loss is partially com-
pensated and mobile users in cell edge create less interference because their transmitted
power is reduced.

Without loss of generality, we consider thatP� (s) is the same for all the cells. Power
valuesP andP� are supposed to include the path loss constants and antenna gains of BSs
and user equipments. It is important to note that section 3.3 and section 3.4 are indepen-
dent. So, to avoid confusion, we denote byP̃ andP̃� respectively the transmitting power
and the target power cell speci�c of small-cell BSs.
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3.3 Dynamic TDD interference derivation in a macro-cell
deployment

We de�ne the Interference to Signal RatioISRas the received power from an interfering
source (interfering mobile or BS) divided by the useful power received byz0 from the
serving cell. The averageISRexperienced in DL transmission by a mobile locationz0
connected tos0 is

D(z0) = ad D#(z0) + au D" (z0) (3.3)

with D# andD" are respectively DL to DL and UL to DL average interference to signal
ratios experienced during the DL cycle.

Likewise, the averageISRexperienced by cells0 in UL transmission cycle is

U(z0) = au U" (z0)+ ad U#(z0) (3.4)

whereU" andU# are respectively UL to UL and DL to UL interference to signal ratios
experienced during the UL cycle.

3.3.1 Downlink ISRderivation D(z0)

Expression of DL to DL ISR D#(z0)

In [8], it has been shown that the DLISRfunction of a locationz0 = reiq in a hexagonal
cellular network with in�nite number of cells admits a series expansion onr andq and is
a very slowly varying function onq. Takingx = r

d such thatx < 1 (x < 1=
p

3 condition
always satis�ed in hexagonal network), the expression ofD# is recalled from [8]

D#(z0) =
6x2b

G(b)2

+ ¥

å
h= 0

G(b+ h)2

G(h+ 1)2w(b+ h)x2h (3.5)

whereG(:) is the Euler Gamma function and

w(z) = 3� zz(z)
�

z (z;
1
3

) � z (z;
2
3

)
�

; (3.6)

with z(:) andz(:; :) are respectively the Riemann Zeta and Hurwitz Riemann Zeta func-
tions [78].
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Expression of UL to DL ISR D" (z0)

The UL to DL interference is generated from mobile users located at other cells, mainly
from those located at the border of cells adjacent to cells0. Since there is only one mobile
user transmitting at the same time in UL for each cell, the total UL to DLISRcan be
evaluated by averaging over locationsz 2 s and then summing overs 2 L � . So, if we
assume that locationz is uniformly distributed ins, D" (z0) is mathematically written as

D" (z0) =
1

pR2

RZ

0

2pZ

0

å
s2L �

P� r 2bk r2b

P
�
�s+ r eif � reiq

�
�2br dr dj (3.7)

To evaluate equation (3.7), we can proceed analogously to the proof ofISRformulas in
hexagonal omni-directional networks provided in [8]. We start by takingz

0
= reiq � r eif .

It is obvious that
�
�
�z

0
�
�
� < jsj. It follows from [8] that the sum overs inside the double

integral admits a series expansion on
�
�
�z

0
�
�
� =d as in (3.5). Using formula (3.5) and writing

�
�
�z

0
�
�
� in terms ofr, q, r andf , (3.7) becomes

D" (z0) =
6P� x2b

PpR2 G(b)2

RZ

0

2pZ

0

+ ¥

å
h= 0

G(b+ h)2w(b+ h)
G(1+ h)2d2h �

(r2 + r 2)h(1�
2rr

r2 + r 2 cos(f ))hr 2bk+ 1dr df (3.8)

The sum and integrals of (3.8) can be switched and the inside integral can be evaluated by
expanding(1� 2rr

r2+ r 2 cos(f ))h as a binomial sum. After few derivations of known special
integrals and simpli�cations, the UL to DLISR D" (z0) can be evaluated by the following
convergent series onx = r=d

D" (z0) =
6P� x2bR2bk

P G(b)2

+ ¥

å
h= 0

bh
2c

å
n= 0

h� 2n

å
i= 0

G(b+ h)2w(b+ h)
G(n+ 1)2G(h+ 1)

�

( R
d )2n+ 2i x2h� 2n� 2i

G(i + 1)G(h� 2n� i + 1)(n+ i + bk+ 1)
(3.9)

Sincex < 1=
p

3 for hexagonal model, it is obvious that the �rst elements of this series are
suf�cient to numerically evaluateD" . Furthermore, after few simpli�cations, (3.9) can be
written as an entire series onx2 as follows
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D" (z0) =
6P� x2bR2bk

P

+ ¥

å
h= 0

bhx2h (3.10)

with

bh =
h

å
n= 0

+ ¥

å
i= 0

G2(b+ h+ n+ i)w(b+ h+ n+ i)
G(b)2G2(n+ 1)G(i + 1)

�

( R
d )2n+ 2i

G(h� n+ 1)G(h+ n+ i + 1)(n+ i + bk+ 1)
(3.11)

3.3.2 Uplink ISRderivation U(z0)

In this part, we derive the analytical expression of the UL interference to signal ratio. The
UL signal received from locationz0 at cells0 experiences interference coming from cells
transmitting in DL and also from mobiles in adjacent cells which are in UL transmission
cycle. The following results may be proved in much the same way asD# andD" in the
previous section.

UL to UL ISR U" (z0)

The UL interference is generated by mobiles in neighboring cells which are randomly
distributed in the network as opposed to the DL direction where cells' positions are �xed.
Thus recalling the fact that mobile locationz is uniformly distributed in cells and taking
into account the de�nition of the transmitted power with fractional power control model
given by equation (3.2),U" (z0) can be expressed as

U" (z0) =
1

pR2

RZ

0

2pZ

0

å
s2L �

r 2bk
�
�s+ r eif

�
� � 2b

r2b(k� 1)
r dr df

= A1(b) x2b(1� k) (3.12)

where

A1(b) =
6(R=d)2bk

G(b)2

+ ¥

å
h= 0

G(b+ h)2 w(b+ h)
G(h+ 1)2 (bk+ h+ 1)

(R=d)2h
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Figure 3.4 – DL ISR: Static TDD vs Dy-
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Figure 3.5 – UL ISR: Static TDD vs Dy-
namic TDD.
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It is interesting to note that when a mobile is located at the same position as the serving
BS, the UL to DL interference expression becomes similar to the expression of the UL to
UL interference. From equation(3.11) we have

b0 =
+ ¥

å
i= 0

G(b+ i)2 w(b+ i)
G(i + 1)2 (bk+ i + 1)

(R=d)2i (3.13)

which is similar to the expression of1
6( d

R)2bkA1(b).

DL to UL ISR U#(z0)

The signal coming from neighboring cells is often very strong with respect to mobile
transmit power, especially if neighboring cells' antennas are in LOS condition or inter-
site distance is lower (path loss is low). Contrary to the UL to UL interference, here the
interfering signals come from cells, which have �xed positions. Hence, under the same
system model assumptions,U# is given by

U#(z0) = å
s2L �

Pjsj� 2b

P� r2b(k� 1)
= A2(b)x2b(1� k) (3.14)

whereA2(b) = P w(b)
P� d2bk .
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Fig. 3.4 shows the developedISRin DL transmission direction for different values
of path loss exponent (2b=2.4, 2b=3.5). The �rst obvious observation is that the DL in-
terference level decreases in the studied cell when other cells use more frequently the UL
transmission cycle. This means that the impact of DL interference coming from other cells
is relatively higher than the impact of interference coming from mobiles. Consequently,
one can conclude that DL interference level in DL cycle for D-TDD should be lower than
Static TDD.

The system behavior during the UL cycle is completely different. As shown in Fig. 3.5,
interference level signi�cantly increases when 25% or 50% of cells switched to the oppo-
site direction, i.e., DL transmission. The UL performance degradation is mainly related to
the higher DL transmit power of other cells, especially when they are in LOS conditions.
This makes D-TDD system very limited by DL to UL interference. These conclusions are
in agreement with the results of [24], which showed that there is an improvement of 10dB
in the DL SINRof the serving cell when 50% of other cells switch from DL to UL trans-
mission cycle; whereas the ULSINRof the same serving cell degrades by 20dB. This UL
performance loss is expected to be more signi�cant in macro-cell deployment. Therefore,
DL to UL interference can seriously deteriorate system performance if no action is taken
to mitigate it.

3.3.3 Coverage probability

The coverage probability (CCDF ofSINR) is the probability that a mobile user is able to
achieve a thresholdSINR, denoted byg, in UL and DL transmissions.

Q(g) = P(SINR> g) (3.15)

For any scenario of user location distributions, the coverage probability is given by

Q(g) =
Z

s0

1(SINR> g)dt(z) (3.16)

such that
R

s0
dt(z) = 1 (e.g.,dt(z) = rdrdq

pR2 for uniform user locations distribution).

Based on the expressions of the DL and ULISRderived previously, we de�ne the DL
and ULSINR, denoted respectively byPDL andPUL, as follows
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PDL(x) =
1

h D(x)+ y0x2b =
1

d(x)
(3.17)

PUL(x) =
1

h U(x)+ y0

0x2b(1� k)
=

1
u(x)

(3.18)

wherey0 = PNd2b

P , y
0

0 = PNd2b(1� k)

P� , PN is the thermal noise power andh is the average load
over the interfering cells.

Under a uniform user locations distribution, the expression of the coverage probability
is given by

Q(g) =
2
R2

Z R

0
1(r < dg� 1(

1
g

)) rdr =
Q2(g)

R2 (3.19)

where

Q(g) = min
�

d � g� 1(
1
g

);R
�

with g = d for the DL coverage probability andg = u for the UL coverage probability.

The explicit formulas of the coverage probability require the inverse functions ofd
andu. This can be calculated by using series reversion methods; see for instance [8]. The
inverse ofu is easy to derive, and it is given by

u� 1(y) = (
y

ha uA1(b)+ ha dA2(b)+ y0

0

)
1

2b(1� k) (3.20)

Now, to derive the inverse function ofd, we shall follow the same approach as in [8].
To do so, lety = d(x), using the series expansion ofD#(m) in (3.5) and the simpli�ed
expression ofD" (m) given in (3.10), it is clear thatd admits an analytic expansion on
x = r=d and can be expressed as follows

y = x2b f (b)

 

1+
+ ¥

å
h= 1

chx2h

!

(3.21)

where

f (b) = 6ha dw(b)+
6hP� R2bkb0

PG2(b)
+ y0 (3.22)

and
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ch =
6ha dG(b+ h)2w(b+ h)bh

f (b)G(b)2G(h+ 1)2 (3.23)

Equation (3.21) can be transformed to

�
y

f (b)

� 1
b

= x2

 

1+
+ ¥

å
h= 1

chx2h

! 1
b

= x2 +
c1

b
x4 + O(x6) (3.24)

Eliminating the error terms in equation (3.24) gives a second-order equation inx2 that
admits two solutions:

x2
� =

V(y;b)2

1
2 �

q
1
4 + c1

b V(y;b)2
(3.25)

where
V(y;b) = (

y
f (b)

)
1
2b (3.26)

Sincex = r=d is a positive real number, only the positive solution is valid. Hence we
obtain the following approximation ofx = d� 1(y)

d� 1(y) �
V(y;b)2

r
1
2 +

q
1
4 + c1

b V(y;b)2

: (3.27)

3.4 Small-cells' network performance analysis

Let s̃0 = z0 + Reiq be the complex location of a typical small-cell that serves a typical
mobile z0. Thanks to the stationarity of the PPPF , we can evaluate interference in the
mobile locationz0 = 0 having a random distanceR to its closest serving BS. To simplify
calculations, we denote hereafter byRs, the distance between an interfering small-cell ˜s
and the typical mobile locationz0, by Rz the distance between an interfering mobilez and
z0, by Ds the distance between an interfering small-cell ˜s and the typical cell ˜s0 and byDz
the distance between an interfering mobilezands̃0; see Fig. 3.6.
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Figure 3.6 – Parameters recapitulation.

Based on the heterogeneous system model provided previously, The DL interference
I DL, perceived by a mobile operating in DL, is expressed by

I DL = I DL� > DL + I UL� > DL

= å
z2F nf z0g

�
R� 2b

s HsP̃cd(z)+ R� 2b
z Hzr 2bk

z P̃� (1� cd(z))
�
: (3.28)

Similarly, the UL interferenceI UL experienced by a mobilez0, operating in UL trans-
mission cycle and received at the serving small-cell BSs position, is given by

I UL = I UL� > UL + I DL� > UL

= å
z2F nf z0g

�
D� 2b

z Gzr 2bk
z P̃� cu(z)+ D� 2b

s GsP̃(1� cu(z))
�
: (3.29)

Therefore, the DL and ULSINRcan be de�ned respectively by

PDL =
P̃HR� 2b

I DL + PN
(3.30)

PUL =
P̃� GR� 2b(1� k)

I UL + PN
: (3.31)

with H andG are the fading coef�cients between the typical mobile and its serving small-
cell.

69



3.4. SMALL-CELLS' NETWORK PERFORMANCE ANALYSIS

Once again, the DL (UL) coverage probability is de�ned as the CCDF of the DL (UL)
SINR. It gives the percentage of locations in whichPDL (PUL) is greater than a threshold
valueg. It can be expressed for the DL and UL transmission directions as

QDL = Ef Rg
�
P(PDL > g)jR= r

�
(3.32)

QUL = Ef Rg
�
P(PUL > g)jR= r

�
: (3.33)

3.4.1 DL coverage probability derivation

Starting from the de�nition of the DL coverage probability and the DLSINR, we have

QDL(g) =
Z + ¥

0
P

�
H >

g(I DL + PN)
P̃R� 2b jR= r

�
fR(r)dr (3.34)

with fR(r) is the distribution ofR which is the distance betweenz0 and the closest small-
cell. Using the null probability of a PPP, it has been shown that this distance is Rayleigh
distributed [9] and its probability density function is given by

fR(r) = 2pl re� l p r2
(3.35)

Using the fact thatH follows an exponential distribution of mean 1 and the de�nition
of the Laplace transform, it follows that

QDL(g) = 2pl
Z + ¥

0
e� l p r2

e� gP̃� 1PNr2b
L I DL(

gr2b

P̃
)rdr (3.36)

with L I DL(v) is the Laplace transform ofI DL conditionally onR. It is de�ned by

L I DL(v) = E
�
e� vI DL

�

= Ef Rs;Rz;r z;Hs;Hz;cd(z)g

�
exp

�
� v�

å
z2F nf z0g

R� 2b
s HsP̃cd(z)+ R� 2b

z Hzr 2bk
z P̃� (1� cd(z))

�
�

(3.37)

From the complex geometry, the distanceRs between a small-cell ˜s and the typical
mobilez0 = 0 can be written in terms ofRz andr z as

R2
s = R2

z + r 2
z + 2Rzr zcos(arg(z) � f z): (3.38)
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with arg(z) is the complex argument ofz relatively to the origin of the planez0 = 0.
Thus, replacingRs by its expression and using the fact thatHs andHz are i.i.d RVs and

follow an exponential distribution of mean 1, (3.37) can be simpli�ed to

L I DL(v) = Ef Rz;r z;cd(z)g

�

Õ
z2F nf z0g

Ef Hs;Hzg
�

exp
�

� v(R2
z + r 2

z + 2Rzr zcos(arg(z) � f z)) � bHsP̃cd(z)
�
�

exp
�

� vR� 2b
z Hzr 2bk

z P̃� (1� cd(z))
��

�

= Ef Rzg

�

Õ
z2F nf z0g

Ef cd(z);r zg
�

1
1+ v(R2

z + r 2
z + 2Rzr zcos(arg(z) � f z)) � bP̃cd(z)

�

1

1+ vR� 2b
z r 2bk

z P̃� (1� cd(z))

�
�

(3.39)

Now, using the Probability Generating Functional (PGFL) of PPPF with respect to
the function inside the product, (3.39) becomes

L I DL(v) = exp
�

� l
Z + ¥

r

Z 2p

0

�
1� Ef cd(z);r zg

�

1
1+ v(x2 + r 2

z + 2xr zcos(q)) � bP̃cd(z)
�

1
1+ vx� 2br 2bk

z P̃� (1� cd(z))

��
xdxdq

�

= exp
�

� l
Z + ¥

r

Z 2p

0

�
1� Ef r zg

�

ad

1+ v(x2 + r 2
z + 2xr zcos(q)) � bP̃

+

au

1+ vx� 2br 2bk
z P̃�

��
xdxdq

�
(3.40)

We have made the assumption that each user is associated with the nearest BS. Hence,
following the same analysis provided in [71], we can approximate the distribution ofr z by
the same distribution asR i.e., Rayleigh. It follows that
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fr z(r ) = 2pl r e� l pr 2
; r � 0: (3.41)

Finally, by using (3.41), it follows that

L I DL(v) = exp
�

� l
Z + ¥

r

Z 2p

0

�
1�

Z + ¥

0
2pl e� l pr 2� ad

1+ v(x2 + r 2 + 2xr cos(q)) � bP̃
+

au

1+ vx� 2br 2bkP̃�

�
r dr

�
xdxdq

�
: (3.42)

3.4.2 UL coverage probability derivation

The derivation of the UL coverage probability is quite similar to the DL one. The typical
cell s̃0 is operating in UL cycle and perceives interference coming from the other small-
cells operating in DL and also from the mobiles transmitting in UL. Interference in this
case is received at the location of ˜s0. Since the small-cells are distributed also as a PPP,
denoted hereafter byF s and constructed by the displacement ofF , we can perform the
analysis at the location ˜s0 = 0 (The stationarity of the PPP). Therefore, using the de�nition
of the UL coverage probability given by (3.33), we get

QUL(g) =
Z + ¥

0
P

�
G >

g(I UL + PN)
P̃� R� 2b(1� k)

jR= r
�

fR(r)dr

= 2pl
Z + ¥

0
e� l p r2

e� gP̃�� 1PNr2b(1� k)
�

L I UL(
gr2b(1� k)

P̃� )rdr; (3.43)

with L I UL(v) is the Laplace transform ofI UL calculated conditionally onR.
Once again, the distanceDs represents the distance between an interfering small-cell

s̃ and the typical one taken at the origin (˜s0 = 0). Hence using the complex notations, we
get

D2
z = D2

s + r 2
z + 2Dsr zcos(arg(s) � f z): (3.44)

Thus, by following the same steps as we did in the derivation ofL I DL(v), the Laplace
transform ofI UL is given by
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L I UL(v) = exp
�

� l
Z + ¥

r

Z 2p

0

�
1�

Z + ¥

0
2pl e� l pr 2� au

1+ vr 2bk(x2 + r 2 � 2xr cos(q)) � bP̃� +

ad

1+ vx� 2bP̃

�
r dr

�
xdxdq

�
: (3.45)

3.4.3 Average spectral ef�ciency

The instantaneous spectral ef�ciency (SE) is de�ned as the maximum information rate
that can be transmitted in a given bandwidth. Using the upper-bound of the well known
Shannon's formula, the instantaneous spectral ef�ciency is expressed by

SEs = log2(1+ Ps) (3.46)

with s= DL when the serving small-cell is operating in DL ands= UL when the serving
small-cell is operating in UL.

The average spectral ef�ciency (ASE) is obtained by averaging over (3.46). It follows
that

ASEs = E[log2(1+ Ps)]

=
Z + ¥

0
P(log2(1+ Ps) > t)dt

(a)
=

1
ln(2)

Z + ¥

0

Qs(g)
(g+ 1)

dg (3.47)

with (a) comes from the change of variableg = et � 1.

3.5 Simulation results

We simulate in MATLAB the proposed Macro-cell and small-cell models, for both DL and
UL transmission directions, using the parameters summarized in Table. 3.1.
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Macro-cells powerP 60dBm
Small cells power̃P 26dBm
Target power cell speci�cP� 20dBm
Noise powerPN -93dBm
Number of rings (Macro-cells) 4 (60 interfering BSs)
Inter-site distanced 1km
Antennas gain 16dBi
User distributions uniform
small-cells density 10 cells.km� 2

Propagation factora Outdoor: 130dB, Indoor: 160dB
System bandwidth Macro:20Mhz, small:10Mhz
Path loss exponent 2b 2.5, 3.5

Table 3.1 – D-TDD simulation parameters.

We plot, respectively in Fig. 3.7 and Fig. 3.8, the DL and UL empirical coverage proba-
bility curves obtained by using Monte Carlo simulations for 20000 mobile locationsz0 and
for two path loss exponent different values (2b = 2:5 and 2b = 3:5). As we can see in Fig.
3.7, starting from a static TDD con�guration where all the macro-cells are transmitting
in DL, the coverage probability increases when D-TDD is activated withad = 75% and
ad = 50%. This behavior is expected since the macro-cell BSs transmit with high power
level and generate strong interference compared to interfering mobilesz transmitting in
UL. However, the system behavior is completely different during the UL cycle of the serv-
ing cell. As it is shown in Fig. 3.8, activating D-TDD with a mean number of neighboring
UL macro-cellsau = 75% andau = 50% deteriorates completely the coverage probabil-
ity. For instance, with a threshold SINR of� 20dB, the coverage probability undergoes a
huge degradation of 80%. Hence, one can conclude that D-TDD has a tremendous effect
on performance during UL transmission especially for macro-cell deployments. Those
results are in agreement with simulation results provided in [24] and quite similar to the
theoreticalISRcurves of Fig. 3.1 and Fig. 3.2.
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Figure 3.7 – Macro-cells network DL
coverage probability.

Figure 3.8 – Macro-cells network UL
coverage probability.

In Fig. 3.9, we plot the DL and UL coverage probability curves, with different frac-
tional power control factor values (k = 0, k = 0:4, k = 0:8 andk = 1), when D-TDD is acti-
vated and the number of DL and UL interfering cells is quite proportional (i.e.,ad = 50%
andau = 50%). When the serving cell is operating in DL, we notice that changing the
power control factor has no impact on the coverage probability. This is mainly due to the
fact that the principal interference impact comes from the DL BS signals where no power
control mechanisms are considered. During the UL transmission cycle of the serving cell,
one can notice that the coverage probability is decreasing when the fractional power con-
trol is increasing. Actually, FPC aims at providing the requiredSINRto UL users while
controlling at the same time their interference. When FPC factork = 1 the path loss is
completely compensated and the target cell-speci�c powerP� is reached. Thus, the in-
terference coming from mobilesz in UL is higher especially if a mobile is located in the
edge of a neighboring cell. When FPC factor 0< k < 1, the scheme indemni�es partially
the path loss. The higher is the path loss the lower is the received signal. This means
that there is a compromise between the path loss and theSINRrequirements. Therefore,
interference are likely to be controlled, which explain the enhancement of the coverage
probability. This enhancement is more obvious whenk = 0. Which means that there is no
compensation and the signal coming from the mobiles is weak.
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Figure 3.9 – Macro-cells network DL and UL coverage probability with different power
control factors.

Fig. 3.10 shows the DL coverage probability obtained from the simulation of a hetero-
geneous network. First, small-cells operate with a static TDD con�guration i.e.,ad = 1,
then the whole network switch to a D-TDD con�guration during the ABS sub-frames.
We plot the coverage probability curves for an outdoor environment with a propagation
parametera = 130dB and a deep indoor environment witha = 160dB. For the outdoor
environment, the comparison between the S-TDD and D-TDD shows that the behavior
is quite similar to the macro-cells deployment. For instance, when 50% of small-cells
switch from the DL to UL, there is an enhancement of the coverage probability by 15%
for a thresholdSINRof � 10dB. However, for a deep indoor environment, one can no-
tice that the coverage probability remains unchangeable even when 50% of the interfering
small-cells switch to the opposite direction. In fact, signal propagation in a deep indoor
environment suffers from high attenuation and delay factors because of the presence of
obstacles and building penetration. During the DL transmission, the major interference
comes from DL small-cells signal. In a deep indoor environment, not only the signal re-
ceived from the serving cell is attenuated but also interference signal is subject to high
attenuation. Similarly, Fig. 3.11 represents the comportment of the system during the UL
transmission cycle. As expected, there is a degradation of the coverage probability when
50% of small-cells switch from DL to UL for an outdoor environment. This degradation
is not severe like the case of macro-cells because small-cells transmit with low power and
not highly elevated. Also, the comportment in a deep indoor environment is quite similar
to the DL scenario for the same reasons stated previously.
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Figure 3.10 – Small-cells DL coverage
probability : 2b = 3:5, k = 0:4 andl =
10 small-cell=km2.

Figure 3.11 – Small-cells UL coverage
probability : 2b = 3:5, k = 0:4 andl =
10 small-cell=km2.

Figure 3.12 – DL average spectral ef�-
ciency : 2b = 3:5, k = 0:4.

Figure 3.13 – UL average spectral ef�-
ciency : 2b = 3:5, k = 0:4..

Additionally, we plot in Fig. 3.12 the average spectral ef�ciency in DL obtained from
the simulation of the HetNet as a function of the small-cells' density. Once again, the
comparison between the static TDD con�guration and dynamic TDD, in an outdoor envi-
ronment, shows that there is an enhancement of the ASE when D-TDD is activated with
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ad = 50%. Also, we observe that the ASE is slightly decreasing when small-cells density
increases before it becomes almost constant. Actually, when small-cells density increases,
the mean distance between the small-cells decreases because the density is inversely pro-
portional to the mean distance between nodes. Hence, also the size of small-cells decreases
and then both received signal power and interference increase simultaneously. Once we
reach the interference limited scenario, the ASE becomes almost constant. For deep in-
door environment, interference undergoes high attenuation as we have explained previ-
ously. Whenl increases, the size of small-cells decrease. Thus, the received signal from
the serving cell overcome interference undergoing bad propagation conditions. Similarly
in Fig. 3.13, we plot the ASE during the UL cycle of a typical serving small-cell using
the same parameters as in DL. Once again, we observe that the ASE is decreasing when
D-TDD is activated withau = 50% for the outdoor environment. Also, the ASE decreases
as the small-cells density increases, especially when D-TDD is active. Moreover, for a
deep indoor environment, the system experiences very bad performances in terms of ASE.

3.6 Conclusion

In this chapter we have investigated inter-cell interference in D-TDD based network. Ex-
plicit formulas ofISRcovering different scenarios of interference have been derived. We
have provided the explicit expressions of the coverage probability in macro-cell and small-
cell deployments. The comparison between static-TDD con�guration and D-TDD shows
that performance are better with D-TDD during the DL. However, the UL transmission is
severely limited by interference coming from other BSs DL signal. Also, we have com-
pared two types of environment, outdoor and deep indoor. As expected, the system ex-
periences bad performance in deep indoor environment for both static and dynamic TDD.
Moreover, we have analyzed the impact of fractional power control mechanisms on the UL
transmission. Results have shown that small FPC factors enhance the coverage probability
for both D-TDD and S-TDD.
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Chapter 4

A 3D beamforming scheme based on the
spatial distribution of users' locations

4.1 Introduction

Massive Multiple antenna technologies including 3D beamforming have drawn recently
the attention of telecommunication actors and research community. Actually, beamform-
ing consists in forming a signal beam between the transmitter and the receiver by using an
array of antennas. It enhances the signal strength at the receiver and minimize interference
level so that high average data rate and high spectral ef�ciency can be achieved. Most
existing base stations (BSs) are equipped with directional antennas that provides radiation
patterns in the horizontal dimension, considering only the azimuth angle, and having a
�xed vertical pattern and downtilt. Recently, there has been a trend to consider also the
impact of the elevation and investigate how antennas' downtilt in�uences performance. It
has been shown that the combination of the horizontal and the vertical dimensions can fur-
ther improve the signal strength at the receiver location, enhances data rates and minimize
interference in neighboring cells.

4.2 System model and notations

4.2.1 Network model

In this chapter, we consider a regular tri-sectorized hexagonal network denoted byL with
an in�nite number of sitess having an inter-site distance denoted byd. Similarly to the
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regural hexagonal network, for each sites2 L , there exists a unique (m,n)2 Z2 such that
s= d(m+ nei p

3 ). We denote bys0 the serving cell located at the origin ofR2. Unlike regu-
lar hexagonal network with omni-directional antennas where BSs are located in the center
of hexagons, BSs of sites here are located at the corner of the hexagons. All BSs have
the same heightlb, transmit with the same power levelP and assumed to have directional
antennas covering each one a hexagonal sector identi�ed byc 2 f 1;2;3g. The azimuths of
antennasJ c in which the radiation is at its maximum is taken relative to the real axis such
that

J c =
p
3

(2c� 1) (4.1)

so that the azimuth of the �rst sector of each site has an angle ofp
3 with the real axis rela-

tively to the location ofs.

We consider a typical mobile served by the �rst sector (c = 1) of s0. Its location is
denoted byz0 such thatz0 = reiq where (r,q) are the polar coordinates in the complex
plane. We denote also byzs;c the location of a mobile served by a sectorc of a sites 2
L � , whereL � is the latticeL without the serving cells0. Locationszs;c are written in the
complex plane byzs;c = s+ rs;ceiqs;c, wherers;c andqs;c represent respectively the distance
and the angle (complex argument) betweenzs;c ands.

4.2.2 Beamforming model

As we mentioned previously, BSs are equipped with directional antennas with sectorized
gain pattern. At each TTI (Time Transmit Interval), we assume that there is at most one
user served by a sectorc of sites using beamforming radiation pattern. This can be mod-
eled by a Bernoulli RVr s;c such thatP(r s;c = 1) = h andP(r s;c = 0) = 1� h . h represents
the percentage of the occupied resources or the average load over the interfering sitess.

Furthermore, we assume that each antenna has a directional radiation that can be de-
scribed by two planar patterns: the horizontal and the vertical one denoted respectively by
H andV. We de�ne the antenna radiation for each pattern by a 2p-periodic functionU
such that its restriction on(� p;p] ! [0;1] has the following properties

� U(a ) = U(� a ) for all a 2 (� p;p],
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� U(a ) = 0 if p
2 � j a j � p,

� U is decreasing on[0; p
2 ] and increasing on[ � p

2 ;0].

Numerous antenna radiation pattern models can be found in literature such as the 3GPP
model, Mogensen model [79] and real antenna patterns provided by constructors (Kathrein
antennas...). For reasons of tractability, we adopt in the reminder of this analysis Mogensen
model to describe the antenna horizontal and vertical radiation patterns in the linear scale
as follows

H(a ) = [ cos(a )]� 2wh (4.2)

V(f ) = [ cos(f )]� 2wv; (4.3)

with wh = ln(2)

ln(cos(
qh3dB

2 )2)
andwv = ln(2)

ln(cos(
qv3dB

2 )2)
. qh3dB andqv3dB are respectively the hori-

zontal and the vertical half power beam widths (HPBW).

This model can be adapted to beamforming radiation pattern by taking small values
of HPBWs (qh3dB andqv3dB) to have narrow horizontal and vertical beams. Hence, the
antenna radiation pattern received in a mobile locationz0 from an interfering sites is
de�ned by

Gs(z0) =
3

å
c= 1

r s;cH(as;c)V(f s;c); (4.4)

with as;c is the angle between the mobilez0 orientation and the beam axis directed to a
mobilezs;c in the horizontal plane andf s;c is the angle between the beam direction in the
vertical plane and the mobilez0. The angleas;c can be expressed, based on the complex
geometry, as

as;c = y (z0;s) � qs;c; (4.5)

wherey (z;s) = arg(z0 � s) andqs;c = y (zs;c;s) is the complex argument ofzs;c relatively
to s. Eachqs;c is assumed to be uniformly distributed in the interval[J c � p

3 ;J c + p
3 ], thus

using a linear transformation of the RVqs;c, we can easily prove that the angleas;c is a RV
uniformly distributed in the interval[y (z;s) � 2p

3 c;y (z;s)+ 2p
3 (1� c)].

81



4.2. SYSTEM MODEL AND NOTATIONS

Similarly for the vertical dimension, the anglef s;c can be expressed as

f s;c = atan(
lb

jz0 � sj
) � f̃ s;c; (4.6)

with f̃ s;c = atan( lb
rs;c

) refers to the antenna downtilt, which is variable in our case.

The distancers;c = jzs;c � sj between a mobilezs;c ands varies between 0, whenzs;c is
close tos location, and2d

3 whenzs;c is located at the edge of a sector. This distance can be
characterized using the antenna radiation pattern covering a whole hexagonal sector ofs.
Thus,rs;c is varying between 0 and2d

3 U(qs;c � J c), with U(qs;c � J c) is the antenna radia-
tion pattern of a sector (i.e., the horizontal half power beam width is equal to 65 degrees).
So the mobile will be located at the far edge of a sector when the angle betweenzs;c ands
is equal to the antenna azimuth in which the radiation is at its maximum. Moreover, since
mobile locationszs;c are taken inside the serving hexagonal sector, we consider in the re-
mainder thatrs;c is a RV uniformly distributed on the interval[0; 2d

3 U(qs;c � J c)]. Fig. 4.1
illustrates the 3D beamforming model.

Figure 4.1 – 3D beamforming illustration

4.2.3 Propagation model

To model the wireless channel we consider the same power-law path loss as in chapter 3
and given by equation (3.1). Additionally, in this chapter we model the shadowing effect

between a mobile locationz0 and an interfering sitesby a log-normal RVcs(z0) = 10
Ys(z0)

10
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with Ys(z0) is a Normal RV with meanE(Ys(z0)) = 0 and variances 2. The shadowing
effect betweenz0 and the serving sites0 is denoted byc0. This sequence of RVs are as-
sumed to be independent and identically distributed (i.i.d) for all(s;z0).

Therefore, the received power from a BSs, transmitting with a power levelP, in a
mobile locationz0 is expressed by

Pr (z0;s) =
PAGs(z0)cs(z0)

L(s;z0)
; (4.7)

with A is the antenna gain andGs(z0) is the antenna radiation pattern froms received at
the mobile locationz0.

4.3 Characterization of antenna beamforming radiation
pattern

It is obvious from (4.4) thatGs(z0) is a RV that depends on the three RVs:as;c, f s;c and
rs;c. Also, one can notice thatV(f s;c) is a RV that depends on the RVH(as;c). Therefore,
to characterizeGs(z0), we start �rst by deriving the probability density function (PDF) of
H(as;c) and the PDF ofV(f s;c) conditionally onH(as;c), denoted respectively byfHs;c(h)
and fVs;cjHs;c(v). To do so, we shall use the following lemma that gives the PDF of a
transformed RV by a bijective function.

Lemma 1. Let X be a RV and fX its PDF de�ned on an interval [a,b]. Let Y be a RV such
that Y= g(X) with g is a bijective function. The PDF of Y fY is given by

fY(y) = fX(g� 1(Y))

�
�
�
�
dg� 1(y)

dy

�
�
�
� 1[g(a)^ g(b);g(a)_g(b)](y) (4.8)

where g� 1 is the inverse function of g, g(a) ^ g(b) = min(g(a);g(b)) and g(a) _ g(b) =
max(g(a);g(b)) .

The proof of this lemma is not provided here. To obtain the result, one can calculate
the PDF by distinguishing between the case wheng is increasing and the case when it is
decreasing.

Using lemma 1, the PDFfas;c of the RVas;c is given by
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fas;c(a ) =
3

2p
1[y (z0;s)� 2p

3 c;y (z0;s)+ 2p
3 (1� c)](a ): (4.9)

Similarly, from equation (4.6), we can see thatf s;c is the transformation of the uniform
RV rs;c by the functiong(x) = atan( lb

jz0� sj ) � atan( lb
x ). Also, this RV depends onas;c.

One can easily verify thatg is strictly increasing on the interval[0; 2d
3 U(qs;c � J c)] and its

inverse functiong� 1 is given by

g� 1(y) =
lb

tan(atan( lb
jz0� sj ) � y)

: (4.10)

Hence, the PDF off s;c conditionally onas;c, denoted byff s;cjas;c(f ), is given by

ff s;cjas;c(f ) =
3

2dU(qs;c � J c)

�
1+

1

tan2(f � atan( lb
jz0� sj ))

�

1
[atan( �j z0� sj

lb
);atan(

2dlbU(qs;c� Jc)� 3lbjz0� sj

2djz0� sjU(qs;c� Jc)+ 3l2b
)]
(f ) (4.11)

Now, to characterizeGs(z0), we apply once again Lemma 1 toas;c andf s;c transformed
by the functiong such thatg = H for as;c andg = V for f s;c. Thence, using lemma 1 and
equations (4.9) and (4.11) we obtain

fHs;c(h) =
� 3h

� 1� 2wh
2wh

4pwh

q

1� h
� 1
wh

1[h1^ h2;h1_h2](h); (4.12)

with h1 = H(arg(z0 � s) � 2p
3 c) andh2 = H(arg(z0 � s)+ 2p

3 (1� c)) . And

fVs;cjHs;c(v) =
�

1+
1

tan2(acos(v
� 1
2wv ) � atan( lb

jz0� sj ))

�
�

� 3v
� 1� 2wv

2wv

4wvdU(qs;c � J c)
q

1� v
� 1
wv

1[v1^ v2;v1_v2](v); (4.13)

with v1 = V(atan( �j z0� sj
lb

)) andv2 = V(atan( 2dlbU(qs;c� J c)� 3lbjz0� sj
2djz0� sjU(qs;c� J c)+ 3l2b

)) .
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Moreover, the joint PDF ofH(as;c) andV(f s;c) denoted byfHs;c;Vs;c is given by

fHs;c;Vs;c(h;v) = fVs;cjHs;c(v) fHs;c(h): (4.14)

To calculate the PDF ofZh;v = H(as;c)V(f s;c), one can use the Mellin transform of the
distribution ofZh;v, denoted byfZh;v, de�ned by

M fZh;v(s) = E[Zs� 1
h;v ] =

Z Z
hs� 1vs� 1 fHs;c;Vs;c(h;v)dhdv

=
Z

hs� 1� Z
vs� 1 fVs;cjHs;c(v)dv

�
fHs;c(h)dh (4.15)

Then, the PDF of the product of the horizontal and the vertical patternsfZh;v can be ob-
tained by using the inverse Mellin transform as follows

fZh;v(z) =
1

2pi

Z
z� sM fZh;v(s)ds: (4.16)

Finally the distribution ofGs(z0) can be obtained by the convolution offZh;v for c 2
f 1;2;3g.

The mathematical expectation ofGs(z0) is de�ned by

E[Gs(z0)] = h
3

å
c= 1

E[H(as;c)V(f s;c)]; (4.17)

whereE[H(as;c)V(f s;c)] is calculated by takings= 2 in equation (4.15).

When the downtilt is taken constant, the vertical antenna radiation pattern is no more
a RV. Thus, the explicit expression ofE[Gs(z0)] conditionally onz0 can be written as

E[Gs(z0)] =
3hV(f s;c)

2p

3

å
c= 1

Z uc+ p
3

uc� p
3

cos� 2wh(q � y (z0;s))dq

=
3hV(f s;c)

p

Z p

0
cos� 2wh(q)dq: (4.18)

Equation (4.18) comes from the 2p� periodicity of the function cos and Chasles's for-
mula.
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Finally, by using
Rp

2
0 cosz(x) =

p
pG( z+ 1

2 )
2G( z

2+ 1) for all complex numberzsuch thatÂ(z) > � 1,

the explicit expression of the mathematical expectation ofGs(z0) is given by

E[Gs(z0)] =
3hV(f s;c)G( 1

2 � wh)
p

pG(1� wh)
(4.19)

with G(:) is the Euler Gamma function.

4.4 Interference characterization

A mobile located at a positionz0 in the �rst sector (c = 1) of the serving sites0 receives
interference from the co-sectors and also from the other interfering sites inL � . We de�ne
the individualISR, denoted here byI s(z0), as the received power from an interfering site
s divided by the useful power received byz0 from the serving cell. Its expression is given
by

I s(z0) =
Pr (z0;s)
Pr (z0;s0)

= r2bjs� z0j� 2bGs(z0)c̃s; (4.20)

wherec̃s = 10
Ỹs
10 is a log-normal RV representing the ratio of the shadowing effect from in-

terfering sites and the shadowing effect from the serving site (The ratio of two log-normal
RVs is a log-normal RV), with̃Ys is a Normal RV with mean 0 and variances̃ 2. Also, we
de�ne the cumulativeISRfrom all the interfering sites including the two other sectors of
the serving sites0 as the sum overs2 L of all the individual ISRs. It is expressed as

I (z0) = � 1+ å
s2L

r2bjs� z0j� 2bGs(z0)10
Ỹs
10: (4.21)

I (z0) is an in�nite sum of independent positive RVs not identically distributed. As
far is known, the distribution of a sum of log-normal RVs is not exactly known but there
exists some approximations that can be found in the probability theory literature. Fenton-
Wilkinson [80] approach appears to be a convenient approximation to deal with this sum
of log-normal RVs. It consists in approximating a sum of log-normal RVs by a new log-
normal RV by matching the mean and the variance. Consequently, according to Theorem
9.2.a of [81],

E[I (z0)] = � 1+ E[10
Ỹs
10] å

s2L
r2bjs� z0j� 2bE[Gs(z0)]:
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In [8], it has been shown thatå s2L � r2bjs� z0j� 2b is a convergent series onx = r
d that

can be approximated as follows

å
s2L �

r2bjs� z0j� 2b �
6x2b

G(b)2

+ ¥

å
h= 0

G(b+ h)2

G(h+ 1)2w(b+ h)x2h (4.22)

with w(z) is given by equation (3.6).

SinceGs(z0) � 1, we haveE(Gs(z0)) < 1. By using (4.22), we can easily prove that
E[I (z0)] < ¥ . Hence, according to Theorem 9.2.b of [81],I (z0) converges almost
surely.

This result is very important, since the almost sure convergence implies convergence
in probability and thus implies convergence in distribution which is the notion of conver-
gence used in the strong law of large numbers. However, the central limit theorem (CLT)
can not be applied in this case because the random variables in the sum are not identi-
cally distributed. Also, the generalized CLT known as Lyapunov CLT and Lindeberg CLT
conditions are not veri�ed here. Hence,I (z0) can not be approximated by a Gaussian RV.

On the other hand, the coverage probabilityQ(z0) is de�ned according to (3.15) as
follows

Q(g) = P(P (z0) > g); (4.23)

whereP (z0) is theSINRof z0 and it can be expressed in terms of the cumulativeISR
I (z0) as follows

P (z0) =
1

I (z0) + y0
; (4.24)

with y0 = aNr2b

APc0
andN is the thermal noise power.

Finally, the throughput is calculated using the upper bound of the well known Shan-
non's formula for a MIMO systemTx� Rx, with TxandRxare respectively the number of
transmit and receive antennas. Hence the throughputC(z0) of a user located at a position
z0 can be written as

C(z0) = ( Tx^ Rx)Bwlog2(1+ Q(z0)) ; (4.25)

with Bw is the system bandwidth.
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4.5 Numerical results and discussion

For numerical purpose, we consider 5 rings of interfering sites with an inter site distance
d = 0:750km. All BSs are assumed to have the same heightlb = 30m, transmit with a
power levelP = 40dBmand operate in a bandwidthBw of 20MHz. The antenna gain is set
to beA = 17dBi. Also, the downlink thermal noise power is calculated forBw and set to
N = � 93dBm. The path loss exponent is considered to be 2b = 3:5, the propagation fac-
tor of an outdoor environment isa = 130dB and the standard deviation of the log-normal
shadowing iss = 5:5dB. Finally, we assume that we have 2Rxantennas in user's termi-
nals, the number ofTx antennas depends on the chosen HPBWs (qh3dB andqv3dB). This
number with beamforming is greater than 2 and thus, the number of possible transmission
layers is at most 2.

We simulate the 3D beamforming model in MATLAB considering four values ofqh3dB
(30°, 20°, 14° and 8°) and a vertical half power beam widthqv3dB = 8°. We compare it
to a simulated hexagonal tri-sectorized network without beamforming mechanisms with
qh3dB = 65,qv3dB = 32 and a �xed downtilt angle 8°.

Figure 4.2 – Coverage probability variations: no beamforming vs 3D beamforming with
differentqh3dB.

We plot in Fig. 4.2 the empirical coverage probability (CCDF ofSINR) curves ob-
tained by using Monte Carlo simulations for 20000 mobile locationsz0. As we can see,
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3D beamforming enhances signi�cantly performance. For instance, with anSINRthresh-
old of 10dB, the coverage probability increases from 66% to 99% when 3D beamforming
is deployed with a horizontal HPBW ofqh3dB = 8°. Moreover, it can be observed that the
coverage probability increases as the horizontal HPBW decreases. Actually, the horizon-
tal HPBW is related to the number of transmit antennas used by BSs. When this number
increases, the signal is focused on a speci�c zone of the cell. Hence, interference coming
from neighboring sites are reduced signi�cantly as the HPBW decreases and the number
of transmit antennas increases. This leads to an enhancement ofSINRand thus an en-
hancement of the coverage probability.

Figure 4.3 – Throughput variation with the average load over interfering sites: comparison
between 3D beamforming model and hexagonal tri-sectorized network.

Similarly in Fig. 4.3, we plot the user throughput as a function of the average load
over interfering sites considering the 3D beamforming with two values ofqh3dB (14° and
8°) andqv3dB = 8°. We compare results with the case of tri-sectorized hexagonal network
without beamforming. As we can observe, with a tri-sectorized hexagonal network with-
out 3D beamforming, the throughput is more sensitive to the average load variations over
interfering sites and it decreases by almost 30% when the average load increases from 1%
to 100%. With 3D beamforming, one can notice that the throughput increases signi�cantly
compared to the case without beamforming. Also, it increases as the horizontal HPBW de-
creases, which is in agreement with results of Fig. 4.2. Additionally, we can see that the
sensitivity to the average load and interference decreases in the case where 3D beamform-
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ing is used, especially with small values of the horizontal HPBW i.e., when the number of
transmit antennas increases.

Fig. 4.4 shows a comparison between the coverage probability of a network adopt-
ing the 3D beamforming according to our model and the one of a network using a 2D
beamforming where only a random horizontal radiation pattern is considered. The vertical
component is taken constant and included in the antenna gain. Once again, we can notice
that a small horizontal HPBW leads to an increase of the coverage probability for the both
models. Moreover, it is obvious that performance in terms ofSINRwith 3D beamform-
ing are better than 2D beamforming. Actually, most BSs use a linearly arranged array
of antennas placed at the top of BSs. Unfortunately, the number of antennas can not be
increased because of size constraints. Hence the interest of FD-MIMO, based on a 2D
array of antennas, that offers the possibility to increase the number of transmit antennas
and gives extra degrees of freedom in order to improve signi�cantly the wireless system
performance. Also, it provides the capability to adapt dynamically beam patterns in the
horizontal and vertical dimensions, which leads to performance enhancement.

Figure 4.4 – Coverage probability comparison: 3D beamforming vs 2D beamforming.

Finally in Fig. 4.5, we plot the coverage probability considering the 3D beamform-
ing model, presented in this chapter, for 2 values ofqh3dB (8° and 14°) andqv3dB = 8°.
We compare it with the coverage probability of the same network, but instead of taking
the downtilt anglef̃ s;c as a function of the mobile locationzs;c, we consider two values
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of this angle,f̃ s;c = 4° andf̃ s;c = 8°, close to the values used in practical systems. One
can observe that when the horizontal HPBW is set to be 14°, the 3D beamforming model
with variable downtilt angle has better performance than the case of �xed downtilt for
the two values off̃ s;c. However, with a horizontal HPBW of 8°, we can notice that the
coverage probability wheñf s;c = 8° is getting closer to the one of the network with 3D
beamforming. Hence, using a large number of transmit antennas to concentrate the beam
to a speci�c location, especially in the horizontal dimension, leads to a signi�cant enhance-
ment of performance. Moreover, for the vertical dimension, it has been shown in several
papers that there exists an optimal downtilt angle for which the performance are enhanced
signi�cantly. In practical systems, we take always a downtilt close to 6°.

Figure 4.5 – Downtiltf̃ s;c impact: variable vs �xed downtilt.

4.6 Conclusion

In this chapter, we have proposed an analytical model for 3D beamforming, in DL transmis-
sion, where antenna radiation patterns depend on the spatial distribution of users' locations
in the plane. We have shown, through system level simulations, that the 3D beamforming
reduces signi�cantly interference and thus enhances theSINRand users throughput in
downlink. A comparison between the proposed 3D model and the traditional 2D beam-
forming, where only the azimuthal plane is considered, shows better performance with 3D
beamforming.
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Chapter 5

D-TDD interference mitigation schemes

As we have seen in chapter 3, D-TDD shows better performance than S-TDD during the
DL transmission cycle of a typical cell. However, The UL performance undergoes a huge
degradation because of interference, mainly DL to UL interference. The aim of this chap-
ter is to study the applicability of the 3D beamforming scheme, introduced in the previous
chapter, to DL transmitting cells in a D-TDD based tri-sectorized hexagonal network. Ad-
ditionally, we propose a cell clustering interference mitigation scheme based on the hexag-
onal tessellation and applied to a small-cell deployment that intends also to reduce the DL
to UL interference.

5.1 D-TDD based macro-cell deployment interference mit-
igation scheme

In the remainder of this chapter, we adopt the same tri-sectorized hexagonal network
model, propagation model, notations and 3D beamforming model presented in chapter
4. Additionally, to model D-TDD system, we proceed as we did in chapter 3. We assume
that all cells initially operate synchronously in DL or UL with S-TDD mode. Once D-TDD
is activated, each cell selects randomly the cycle of the transmission. Also, we assume that
the transmission direction is the same in the three sectors of each sites and it is modeled
by two Bernoulli RVsbd(s) andbu(s), such thatP(bd(s) = 1) = ad, P(bu(s) = 1) = au
andbu(s) = 1� bd(s)

Additionally, We consider the 3D beamforming model, introduced in the previous
chapter, as an interference mitigation scheme devoted to reduce DL to DL and DL to UL
interference in D-TDD scenarios. Actually, to support 3D beamforming based CLI mit-
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Figure 5.1 – D-TDD DL transmission cycle
.

Figure 5.2 – D-TDD UL transmission cycle
.

igation, it is necessary to have coordination between BSs through signaling information
exchange between cells. Also, the knowledge of channel properties in both horizontal and
vertical planes can facilitate the design of coordinated 3D beamforming. With TDD mode,
it is much easier to design the coordination between BSs, thanks to channel reciprocity
property, than FDD. Besides, BSs have �xed locations in the plane, thus the interference
between them can be determined, based on some static measurements over a long period
of time, by using relevant metrics such as the mutual coupling loss or the level of RSRP
(Reference Signal Receive Power). For instance, each BS can obtain the channel state
information reference signal in the neighboring cells by exchanging information via the
backhaul signaling or over the air interface signaling. Once an UL user vulnerable to be
interfered by the DL signal of a BS is detected, the DL transmitting BSs can activate the
3D beamforming during the sub-frame of interest to serve a DL user. Furthermore, it can
be found in the available scienti�c literature several works that propose beamforming coor-
dination and interference management schemes in cellular networks and for D-TDD based
networks in particular; see for instance [25, 26, 82, 83]. Since beamforming coordination
is not the subject matter of this work, we assume that during the sub-frames where cells
are allowed to use dynamic resources' allocation, transmitting cells in DL adopt 3D beam-
forming to serve DL users.

Moreover, we model the shadowing effect between a transmitting nodet and a receiv-

ing oner by a log-normal RVc(t; r) = 10
Y(t;r)

10 , with Y(t; r) is a normal RV with mean
E(Y(t; r)) = 0 and variances 2. This sequence of RVs are assumed to be independent and
identically distributed for all(t; r).
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5.1.1 Interference characterization

Once again, we de�ne the Interference to Signal RatioISRas the received power from an
interfering source (interfering mobile or BS) divided by the useful signal power received
by z0 (or s0) from the serving cell (or UL transmitting mobilez0). In DL transmission,
the mobilez0 receives interference from other BSs operating in DL and from mobiles
transmitting in UL. Hence, we de�ne the DLISRdenoted byI DL(z0) by

I DL(z0) = D#(z0) + D" (z0) (5.1)

whereD#(z0) refers to DL to DLISRandD" (z0) refers to UL to DLISR. D#(z0) and
D" (z0) can be de�ned for a tri-sectorized hexagonal network considering 3D beamforming
radiation patterns in DL, respectively as follows

E[D#(z0)] = � 1+ å
s2L

bd(s)Gs(z0)js� z0j� 2br2bc̃ (s;z0) (5.2)

E[D" (z0)] = å
s2L �

bu(s)
3

å
c= 1

r2bP� r2bk
s;c c̃ (zs;c;z0)

Pjzs;c � z0j2b ; (5.3)

wherec̃ (t;z0) = 10
Ỹ(t;z0)

10 is a log-normal RV representing the ratio ofc (t;z0) ( t = s or
t = zs;c) andc (s0;z0) (The ratio of two log-normal RVs is a log-normal RV).Ỹ(t;z0) is a
Normal RV with mean 0 and variancẽs 2.

D#(z0) is an in�nite sum of independent positive RVs not identically distributed. As we
have shown previously, this RV is an almost sure convergent series and its mathematical
expectation, conditionally onz0, can be obtain by averaging over all the RVs inside the
sum. It is written as follows

E[D#(z0)] = � 1+ ade
ln2(10)s̃ 2

200 å
s2L

E[Gs(z0)]js� z0j� 2br2b: (5.4)

Now to calculate the average UL to DLISR, we average �rst over all the cells operating
in UL. Then we average over the shadowing log-normal RVs and over the mobileszs;c
random locations conditionally onz0. It follows that

E[D" (z0)] =
9P� aue

ln2(10)s̃ 2

200

4pdP

3

å
c= 1

å
s2L �

Z J c+ p
3

J c� p
3

�

Z 2d
3 cos� 2wh(f � J c)

0

r2bx2bk

cos� 2wh(f � J c)js� reiq � xeif j2bdx
�
df : (5.5)
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One can simplify equation (5.5) by proceeding analogously to the simpli�cation of
(3.7) in chapter 3.

During the UL cycle of the serving cells0, the UL transmitted signal by the mobilez0
is interfered by the DL signal of cells transmitting in DL and also by the signal of mobiles
transmitting in UL. We de�ne the ULISRas

I UL(z0) = U" (z0) + U#(z0) (5.6)

whereU#(z0) is DL to UL ISRandU" (z0) refers to UL to ULISR.

The interfering signal coming from BSs in DL, which have �xed positions, is received
at the location of the serving cells0. Hence, by averaging conditionally onz0, over all DL
transmitting cells, shadowing and beamforming radiation pattern RVs, the expectation of
U#(z0) is expressed by

E[U#(z0)] =
Pad

P� e
ln2(10)s̃ 2

200 å
s2L �

js� s0j� 2br2b(1� k)E[Gs(s0)]; (5.7)

with Gs(s0) is the 3D beamforming antenna radiation patterns coming from the DL sites
and received at the location ofs0.

å s2L � js� s0j� 2br2b(1� k) is a convergent series onx = r
d and its expression is recalled

from equation (3.14):

å
s2L �

js� s0j� 2br2b(1� k) =
w(b)
d2bk x2b(1� k): (5.8)

Hence by using the same reasoning as we did for the DL to DLISR, we can show that
U#(z0) converges almost surely.

UL to UL interference is generated by mobileszs;c = s+ rs;ceiqs;c in neighboring cells
transmitting in UL and also from the UL transmission in the two co-sectors ofs0. Recalling
the fact thatrs;c is a RV uniformly distributed in[0; 2d

3 U(qs;c � J c)], qs;c is uniform RV
in [J c � p

3 ;J c + p
3 ] and considering the fractional power control model applied to the UL
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transmission, it follows that

E[U" (z0)] = � 1+
9

4pd
e

ln2(10)s̃ 2

200 å
s2L

Z J c+ p
3

J c� p
3

� Z 2d
3 cos� 2wh(f � J c)

0

js+ xeif j� 2bx2bk

cos� 2wh(f � J c)r2b(k� 1)
dx

�
df : (5.9)

Based on the expressions of the DL and ULISRderived previously, we de�ne the DL
and ULSINR, denoted respectively byPDL andPUL, as follows

PDL(z0) =
1

h I DL(z0)+ y0x2b (5.10)

PUL(z0) =
1

h I UL(z0)+ y0

0x2b(1� k)
(5.11)

wherey0 = PNad2b

Pc(s0;z0) , y
0

0 = PNad2b(1� k)

P� c (z0;s0) , PN is the thermal noise power andh is the average
load over the interfering cells.

Finally, the coverage probability is de�ned by

Qs(g) = P(SINR> g); (5.12)

with s= DL for DL coverage probability ands= UL for the UL one.

5.1.2 Simulation results

Once again, we simulate in MATLAB the 3D beamforming model considering static and
dynamic TDD scenarios. Table. 5.1 shows the different parameters used to perform this
simulations.
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Macro-cells powerP 43dBm
Target power cell speci�cP� 20dBm
Noise powerPN -93dBm
Number of rings (Macro-cells) 5 (90 interfering sites)
Inter-site distanced 0.75km
Antennas gain 17.5dBi
BSs heightlb 0:02km
Antenna downtilt 8°
Shadowing standard deviation 6dB
Propagation factora Outdoor: 130dB
System bandwidth Macro-cells:20Mhz
Path loss exponent 2b 3.5

Table 5.1 – 3D beamforming based D-TDD network simulation parameters.

Figure 5.3 – DL Coverage probability (2b = 3:5, k = 0:4).

We plot in Fig. 5.3 the coverage probability curves in DL obtained by using Monte
Carlo simulations for 20000 mobile locationsz0. We compare the static TDD and Dy-
namic TDD for three scenarios: without beamforming mechanisms, 2D beamforming and
3D beamforming. Starting from a static TDD con�guration where all the sitess are trans-
mitting in DL, Fig. 5.3 shows that the coverage probability increases when D-TDD is
activated, withad = 75% andad = 50%, for the three scenarios. This behavior is ex-
pected since the macro-cells BSs transmit with high power level and generate strong in-
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terference compared to interfering mobilesz transmitting in UL. In the second scenario,
we contemplate 2D beamforming where only the horizontal radiation pattern with a half
power beam-widthqh3dB = 14° and a �xed antenna downtilt are considered. As expected,
there is an important enhancement in system performance, translated by an increase in
the coverage probability, for both S-TDD and D-TDD, compared to the �rst case. This
enhancement becomes more obvious in the third scenario when 3D beamforming is im-
plemented withqh3dB = 14° and a vertical half power beam-widthqv3dB = 8°. Therefore,
D-TDD is more convenient with DL transmission direction and adding 3D beamforming
results in a gain in performance.

Figure 5.4 – UL coverage probability (2b = 3:5, k = 0:4).

To analyze the system behavior during the UL transmission direction, we plot in Fig.
5.4 the UL coverage probability considering the same scenarios as in DL. It is worth men-
tioning that for S-TDD UL transmission, there is no beamforming mechanisms since all
BSs are in UL and mobiles are equipped with omni-directional antennas. Hence, we con-
sider only one S-TDD scenario and we compare it to the three scenarios raised in the
previous paragraph. The main obvious observation from Fig. 5.4 is that when 3D and 2D
beamforming are not implemented, the coverage probability undergoes a huge degradation
when the system switch from the static con�guration to the dynamic one withau = 75%
andau = 50%. This degradation is mainly coming from the strong interfering signals of
DL BSs and makes the system very limited if no interference mitigation schemes are set-
ting up. Moreover, with 2D beamforming, one can observes from Fig. 5.4 that there is an
enhancement in the UL coverage probability when D-TDD is activated compared to the
static con�guration. This enhancement becomes more signi�cant when 3D beamforming
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is considered for DL BSs. In this case, the UL coverage probability is getting closer to the
one of S-TDD.

Figure 5.5 – DL coverage probability: D-TDD vs S-TDD with 3D beamforming consider-
ing different half power beam-widths (2b = 3:5, k = 0:4).

In Fig. 5.5 and Fig. 5.6 we plot respectively the DL and UL coverage probability
curves when D-TDD is considered, with 3D beamforming having different horizontal
half power beam-widths (qh3dB = 30°;20°;14°;8°) and a vertical half power beam-width
qv3dB = 8°. When the serving sites0 is operating in DL, it can be observed that the DL cov-
erage probability increases as the beam width decreases in both D-TDD and S-TDD. Also,
one can notice that the gain obtained with D-TDD is quite important than S-TDD without
beamforming. Moreover, the coverage probability of a S-TDD network with 3D beam-
forming having smallqh3dB is getting closer to the one of a D-TDD system. Actually, the
beam-width is related to the number of transmit antennas used by BSs. When this number
increases, the signal is focused on a speci�c zone of the cell. Hence, interference coming
from neighboring sites are reduced signi�cantly. This leads to an enhancement ofSINR
and thus an enhancement of the coverage probability. Similar results are observed for the
UL scenario as shown in Fig. 5.6. With 3D beamforming based D-TDD, as the horizontal
half power beam-width is getting smaller, the UL coverage probability is enhanced and
getting closer to the one of S-TDD. This means that 3D beaforming reduces signi�cantly
the DL to UL interference and can make D-TDD feasible for macro-cells' network.
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Figure 5.6 – UL coverage probability: D-TDD vs S-TDD with 3D beamforming consider-
ing different half power beam-widths (2b = 3:5, k = 0:4).

Figure 5.7 – UL coverage probability: fractional power control effect: 2b = 3:5, k = 0:4.

Finally, to analyze the effect of the fractional power control considered for the UL
transmission direction, we plot in Fig. 5.7 the UL coverage probability of a D-TDD system,
with and without 3D beamforming, considering different FPC factor values (k = 0:4,
k = 0:7 andk = 1). One can notice that the coverage probability is decreasing when the
FPC factor is increasing for both 3D beamforming based D-TDD network and D-TDD
without 3D beamforming. Also, performance of 3D beamforming with small FPC factors
are better than the case where no beamforming scheme is applied. The interpretation of
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those results follows likely the same interpretation of the results of Fig. 3.9. When the
FPC factor 0< k < 1, the scheme indemni�es partially the path loss. The higher is the
path loss the lower is the received signal which means that UL to UL interference are
controlled. With 3D beamforming, minimizing also the DL to UL interference results in
better performance.

5.2 D-TDD interference mitigation in small-cell deploy-
ment

Additional types of interferences that occur in D-TDD systems are the prime concerns to
minimize. As mentioned in chapter 1, 3GPP advices new approach for interference mitiga-
tion in dynamic environment such as cell clustering. Furthermore, small-cells are a good
candidates for D-TDD because they can be considered well isolated from each others since
they transmit with a low power level and the base stations are not highly elevated. In this
section we analyze D-TDD performance considering a cell clustering scheme applied to a
small-cell deployment.

Figure 5.8 – Cell clustering model

The main idea of cell clustering is to gather small-cells in different clusters based on
speci�c metrics e.g., Mutual Coupling Loss (MCL) threshold between cells. Small-cells
in the same cluster adopt the same UL-DL con�gurations and the transmission inside a
cluster can be coordinated by a central unit, which decides the more convenient frame
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con�guration according to traf�c conditions. Moreover, cells belonging to different clus-
ters can choose the con�guration independently from each others. The problem of cross
link interference still exists even with cell clustering scheme. Actually, the dense deploy-
ment of small cells certainly induces severe interference between small cells belonging to
neighboring clusters when they transmit in opposite directions. Hence, users served by
small-cells located in cluster edges, especially during the UL cycle, can be interfered by
other small-cell DL signals .

To evaluate this clustering scheme, we consider the same network architecture, prop-
agation and power control models used previously. We assume that clusters form a new
hexagonal lattice denoted byC as shown in Fig. 5.8, with inter-cluster distanced̃ such
that d̃ = d=

p
3. Every cluster centerc is uniquely identi�ed by the complex variable

c = d̃(u+ vei p
3 ) with (u;v) 2 Z2 andc0 is the new origin of the planeR2. Cluster radius is

denoted byR̃. Each cluster containsN small cells uniformly and independently distributed
with the same intensityl . Small cell location ˜s is determined by ˜s= c+ r̃ ei f̃ wherer̃ is
the distance between ˜s and the cluster center. The small-cell of interest is denoted by ˜s0

such that ˜s0 = ˜r 0ei ˜f 0. Small-cell radius is designated bỹRs. A mobile location ˜z0, served
by s̃0 in UL transmission, is identi�ed by the complex variable ˜z0 = s̃0 + r̃eiq̃ , where ˜r is
the distance between ˜z0 and ˜s0. We assume also that small-cells transmit with the same
power level denoted bỹP. The small-cell target power in UL transmission will be denoted
P̃� . In the remainder of this section, we assume that macro and small-cells operate in dif-
ferent frequency bands, hence interference from macro-cell layers will not be considered.
Also in the remainder, UL to UL interference is neglected and the DL cycle is not analyzed,
since cell clustering schemes intend to minimize DL to UL interference in D-TDD system.

5.2.1 DL to UL ISRderivation

Let ISR(s̃#; s̃0" ) be the individual relative interference received from small cell ˜s and im-
pacting useful signal at ˜s0 when it is in UL communication with mobile location ˜z0. Small
cell s̃ is of course assumed to belong to another clusterc of cells operating in DL transmis-
sion. The expression ofISR(s̃#; s̃0" ) can be formulated by

ISR(s̃#; s̃0" ) =
P̃ L(z̃0; s̃0)

P(z̃0; s̃0) L(s̃; s̃0)

=
P̃js̃� s̃0j� 2b

P̃� jz̃0 � s̃0j2bk jz̃0 � s̃0j� 2b

Recalling the fact that small cells are uniformly distributed in clusters with the intensity
l (For numerical results, we will takel = 3

pR̃2 , i.e., three small cells per cluster), DL to

103



5.2. D-TDD INTERFERENCE MITIGATION IN SMALL-CELL DEPLOYMENT

UL ISRcan be obtained by summing over all small cells belonging to all clusters except
the one containing ˜s0. It follows that

U#(z̃0) = l å
c2C�

Z

c
ISR(s̃#; s̃0" )ds̃ (5.13)

To evaluate equation (5.13), we can proceed analogously to the derivation ofD" in chapter
3. Take ˜x = r̃=d̃, then forx̃ < 1 andb > 1, the DL to ULISR U#(z0) is explicitly written
as

U#(z̃0) = Ã2(b) x̃2b(1� k) (5.14)

where

Ã2(b) =
6pR̃2P̃l

P̃� G(b)2d̃2bk

+ ¥

å
h= 0

bh
2c

å
n= 0

h� 2n

å
i= 0

G(b+ h)2w(b+ h)
G(n+ 1)2G(h+ 1)

�

( R̃
˜r 0

)2n+ 2i ( ˜r 0

d̃
)2h

G(i + 1)G(h� 2n� i + 1)(n+ i + 1)

5.2.2 Coverage probability

Coverage probability is identi�ed by the percentage of locations having their SINR higher
that a given thresholdg. Let P (x̃) be the ULSINRexperienced by small cell ˜s0 when it
communicates with mobile location ˜z0, such thatjz̃0j = x̃d̃.

P (x̃) =
1

U#(x̃) + ỹ0x̃2b(1� k)
(5.15)

whereỹ0 = PNd̃2b(1� k)

P� , with PN is the noise power.
Assuming that location ˜z0 is uniformly distributed in small cell ˜s0, the UL coverage

probability is evaluated as in [8] by:

F (g) = P(P (x̃) > g)

= min

2

4

 
d̃
R̃s

g(
1
g

)

! 2

;1

3

5 (5.16)

whereg(y) is the inverse function ofy(x̃) = 1=P (x̃). It is given by

g(y) = (
y

Ã2(b)+ ỹ0
)

1
2b(1� k) : (5.17)
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The strong DL to UL interference, which is the dominant interference in a D-TDD sys-
tem, comes from the large coupling between small-cells. It can be observed from Fig. 5.9
that the clustering scheme minimizes its impact, mainly for favored propagation condition,
i.e., low value of parameterb.

Figure 5.9 – D-TDD DL to UL ISR with cell clustering scheme

5.3 Conclusion

In this chapter, we have investigated the applicability of 3D beamforming scheme to a
D-TDD based macro-cell deployments. We have shown that the gain in performance, dur-
ing the DL transmission cycle of a typical cell, is important when 3D beamforming is de-
ployed. For the UL transmission cycle, the impact of DL to UL interference is signi�cantly
reduced, when 3D beamforming is applied to DL transmitting cells, and performance gets
closer to S-TDD based systems. 3D beamforming appears to be an ef�cient solution to
reduce the strong interference coming from BSs' signals. Nevertheless, applying this fea-
ture requires beam and frequency resources management mechanisms between interfering
BSs. Furthermore, we have introduced a tractable cell clustering scheme, that can be ap-
plied to small-cell deployments, by exploiting the mathematical framework of hexagonal
network tractability. It has been shown that this scheme reduces the impact of DL to UL
interference and thus enhances UL performance.
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Chapter 6

OFDM based 5G-NR dimensioning
approach

6.1 Introduction

5G NR interface design takes in consideration the wide array of emerging use cases and
also future requirements. Therefore, The 3GPP has chosen an optimized OFDM based
waveform for 5G NR known as scalable OFDM and having different subcarriers' spacing
(D f = 2n15 kHz, wheren = 0 to 4). OFDM radio dimensioning is an important task. It
consists in assessing the network resources required to carry a predicted data traf�c with a
satisfactory QoS. This later is often summarized in some metrics such as the average user
throughput or the target congestion probability.

In this chapter, we tackle the problem of OFDM dimensioning. In contrast with some
recent works, where the dimensioning process is performed to satisfy a minimum user
throughput in the cell, we use the cell congestion as the target QoS, instead. Besides,
dimensioning is performed assuming mobile users distributed in roads or located in build-
ings. The �rst kind of users are modeled by Cox point process driven by PLP whereas the
second kind is described by a spatial PPP. Such mobile users are granted some radio re-
sources, called Physical Resource Blocks (PRB), at each Time Transmit Interval (TTI) and
according to a prede�ned scheduling algorithm. The choice of the scheduling algorithm
is mainly related to the fairness level made between users, i.e., the way that resources are
allocated to users according to their channel qualities and their priorities, de�ned by the
operator. Moreover, we show that the total requested PRBs follows a compound Poisson
distribution and we attempt to derive the explicit expression of the congestion probabil-
ity by introducing a mathematical tool from combinatorial analysis called the exponential
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Bell polynomials. Finally we show how to dimension radio resources, for a given target
congestion probability, by solving an implicit relation between the necessary resources
and the forecast data traf�c expressed in terms of cell throughput. Different numerical
results are presented to justify this dimensioning approach.

6.2 System model and notations

6.2.1 Indoor users model

A PPP inR2 with intensityz is a point process that satis�es:i) the number of points inside
every bounded closed setB 2 R2 follows a Poisson distribution with meanz jBj, where
jBj is the Lebesgue measure onR2; ii ) the number of points inside any disjoint sets ofR2

are independent [11]. Actually, spatial PPP has been widely used to model BSs and users
locations in cellular network. In this chapter, indoor users are considered to be distributed
in buildings according to a spatial PPPj of intensityk , which means that their locations
are uniformly distributed in the studied cell coverage area and their number follows a
Poisson distribution.

6.2.2 Outdoor users model

As we mentioned previously, outdoor users are considered to be distributed along a ran-
dom system of roads. To model the random tessellation of roads, we consider the so-called
PLP which is mathematically derived from the spatial PPP. Instead of points, the PLP is
a random process of lines distributed in the planeR2. Each line inR2 is parametrized in
terms of polar coordinates (r,q) obtained from the orthogonal projection of the origin on
that line, withr 2 R+ andq 2 (� p;p]. Now we can consider an applicationT that maps
each line to a unique couple (r,q), generated by a PPP in the half-cylinderR+ � (� p;p];
Fig. 6.1. The distribution of lines inR2 is the same as points' distribution in this half-
cylinder; see [15] and [65] for more details.

In the sequel, we assume that roads are modeled by a PLPf with roads' intensity de-
noted byl . The number of roads that lie inside a disks of radiusR is a Poisson random
variable, denoted byY. It corresponds to the number of points of the equivalent spatial PPP
in the half-cylinder[0;R] � (� p;p] having an area of 2pR. Hence, the expected number
of roads that lie insides is E(Y) = 2pl R. Then, conditionally onf (i.e., conditionally on
roads), outdoor users are assumed to be distributed on each road according to independent
linear PPPs with the same intensityd. This model is known as Cox point process. The
mean number of users on a given roadj is dL j , with L j is the length of roadj. Besides, the
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number of roads that lie between two disks of radiusR1 andR2 respectively, withR1 6 R2,
is 2pl (R2 � R1). Also, the number of distributed users in a road, parametrized by (r,q)

and delimited by the two disks, is 2d(
q

R2
2 � r2 �

q
R2

1 � r2). Additionally, the average
number of outdoor users in the disk of radiusR can be calculated using the equivalent
homogeneous spatial PPP with intensityld in the disk area. For illustration, Fig. 6.1
presents the line parametrization described above and Fig. 6.2 shows a realization of a
Cox Point Process driven by PLP.

Figure 6.1 – Line parametrization.

Figure 6.2 – A realization of Cox Point Process driven by PLP.

Additionally, we assume that outdoor and indoor users processes are independent and
they form respectively two processes with intensitiesld andk . Therefore, the average
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number of users (outdoor and indoor), denoted byu, insides coverage area can be calcu-
lated by

u = ( ld + k )pR2: (6.1)

Table 6.1 summarizes the basic notations used in this chapter.

Symbols De�nition
j spatial PPP of indoor users with intensityk
f PLP of roads with intensityl
d The linear PPP intensity on each road (outdoor)
r j The short distance between a road j and the origin
Y number of roads that lie insides
d l Spatial PPP intensity on half-cylinder[0;R] � (� p;p]
u Average number of users ins

Table 6.1 – Chapter 6 notations.

6.2.3 Network model

We consider a circular cells of radiusR with a BS, denoted alsos and positioned at its
center, transmitting with a power levelP. The received power by a user located at distance
x from s is Px� 2b=a, where 2b is the path loss exponent anda is the propagation constant.
We assume that BSsallocates PRBs to its users at every TTI (e.g., 1 ms). Each PRB has a
bandwidth denoted byW (e.g.,W = 180kHz for scalable OFDM with subcarriers spacing
of 15kHz).

Active users in the cell compete to have access to the available dimensioned PRBs.
Their number is denoted byM. The BS allocates a given numbern of PRBs to a given user
depending on:i) the class of services he belongs to (i.e.,the transmission rate he requires)
andii ) his position in the cell (i.e., the perceived radio conditions). Without loss of gener-
ality, we assume that there is just one class of services with a required transmission rate
denoted byC� .

A user located at distancex from s decodes the signal only if the metric “Signal to

Interference plus Noise Ratio (SINR)”Q(x) = Px� 2b=a
I+ s 2 is above a thresholdQ � = Q(R),

whereI is the received co-channel interference ands 2 is the thermal noise power. For
performance analysis purpose, SINRQ(x) is often mapped to the user throughput by a
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link level curve. For simplicity of calculation, we use hereafter the upper bound of the
well known Shannon's formula for MIMO systemTx� Rx, with TxandRxare respectively
the number of transmit and receive antennas. Hence, the throughput of a user located at
distancex from s is

C(x) = J Wlog2 (1+ Q(x)) ; (6.2)

with J = min(Tx;Rx).

Then, the number of PRBs required by a user located at distancex from s is

n(x) = d
C�

C(x)
e � N; (6.3)

whereN = min(Nmax;dC� =(J Wlog2(1+ Q � ))e), Nmax is the maximum number of PRBs
that a BS can allocate to a user (�xed by the operator) andd:e stands for the Ceiling func-
tion.

It is obvious from (6.3) that users are fairly scheduled because a user with bad radio
conditions (with low value ofC(x)) gets higher number of PRBs to achieve its transmis-
sion rateC� .

Let dn be the distance froms that veri�es, for allx 2 (dn� 1;dn], n(x) = n with

n =
C�

C(dn)
(6.4)

is an integer and

dn =

8
>><

>>:

0 if n = 0,
h

a(I+ s 2)
P (2

C�
nJ W � 1)

i � 1
2b

otherwise,

From (6.4), the cellsarea can be divided into rings with radiusdn such that for 16 n6
N; 0 6 dn� 1 < dn 6 R. The area between the ring of radiusdn and the ring of radiusdn� 1
characterizes the region of the cell where users requiren PRBs to achieve the transmission
rateC� . Given thatdn depends on the propagation parameter, it is worth to mention that
there is a difference betweendn values for outdoor and indoor environments. Thus to avoid
confusion, we denote in the remainder, for indoor environment, the ring radius byd̃n and
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the propagation parameter by ˜a. Finally, we de�ne the cell throughput by the sum over all
transmission rates of users:

t = uC� ; (6.5)

with u is recalled the average number of users insides and expressed by (6.1).

On the other hand, inter-cell interference is one of the main factors that compromise
cellular network performance. The analysis of this factor level go through the SINR eval-
uation that depends on the geometry of the network as well as the distribution of users'
locations. The analytical random models that can be found in literature, such as Homoge-
neous PPP, assume that BSs are randomly distributed according to a spatial point process.
Thus it becomes hard to estimate the interference level in each user location and only its
distribution is determined; see for instance [9].

Besides, interference level estimation is of utmost importance in link adaptation proce-
dure. In practical systems, the SINR is mapped to an indicator called Channel Quality Indi-
cator (CQI) (e.g., 15 CQI indexes for LTE). This indicator is used by the BSs to determine
the Modulation and Coding Schemes (MCS) and hence the transmission rate. Actually,
the level of interference varies from one location to another in the same cell. Practically
cell edge users experience high interference level compared to users that are close to the
BS in the cell middle or cell center. for this purpose, in the remainder of this analysis, we
consider three range of CQI indexes with a constant interference level for each range. The
�rst range (i.e., low CQI indexes) stands for bad channel quality with high interference
level, the second range (i.e., medium CQI indexes) stands for low interference level and
the last range (i.e., high CQI indexes) refers to good channel quality with a negligible in-
terference level.

Furthermore, when interference level is non negligible, we use the notion of interfer-
ence margin (IM) or Noise Rise in link budget. IM is de�ned as the increase in the thermal
noise level caused by other-cell interference. IM can be expressed in the linear scale as

IM =
I + s 2

s 2 (6.6)

In the remainder of this study, we evaluate interference level by using three margins
for each region of the studied cell. We consider three regions ins coverage area: the cell
center that stands for the disk having a radius ofR

3 , the cell middle that represents the
region between the disk B(0,R

3) and the disk B(0,2R
3 ). Finally, the cell edge refers to the

region of the cell where the distance tos is above2R
3 .
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6.3 Presentation of the dimensioning approach

Dimensioning process consists in evaluating the required radio resources that allow to
carry a forecast data traf�c given a target QoS. The QoS can be measured by the congestion
probability metric or even by a target average user throughput. The present approach
assesses the congestion probability as a function of many key parameters, in particular the
number of PRBsM and the cell throughputt . To characterize this congestion probability,
we need to evaluate the total requested PRBs by all users. In the remainder, we will
state some analytical results regarding the explicit expression of the congestion probability
under the system model presented in the previous sections.

6.3.1 Quali�cation of the total number of requested PRBs

Outdoor users are distributed on each roadL j according to a linear PPP of intensityd.
Now, if we consider a disk B(0,dn) of radiusdn, the number of users in the portion ofL j
that lies inside B(0,dn) is a Poisson random variable (this comes from the de�nition of the
linear PPP) with mean 2d

q
d2

n � r2
j (Pythagoras' theorem). Hence, conditionally onf , the

mean number of usersan(Y) inside B(0,dn) is the sum over all roadsL j that intersect with
B(0,dn) and it can be expressed by

an(Y) = 2d
Y

å
j= 1

1(dn> r j )

q
d2

n � r2
j : (6.7)

Moreover, the number of users in the portion ofL j that lies between two rings B(0,dn)
and B(0,dn� 1) is also a Poisson random variable with parameter (i.e, the mean number of

users) 2d(
q

d2
n � r2

j �
q

d2
n� 1 � r2

j ). Finally, the mean number of usersmn(Y) in all roads
that lie between the rings B(0,dn) and B(0,dn� 1) can be expressed by

mn(Y) = an(Y) � an� 1(Y): (6.8)

Similarly, the mean number of indoor users, that are distributed according to a spatial
PPP of intensityk , can be expressed by

m̃n = kp(d̃2
n � d̃2

n� 1): (6.9)

To qualify the number of requested PRBs by outdoor and indoor users, we consider
two independent Poisson random variables denoted respectively byXn andX̃n with param-
etersmn(Y) andm̃n. Xn andX̃n represent the number of users (outdoor and indoor) that
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requestn PRBs with 1� n � N.

Finally, we can de�ne the total number of requested PRBs in the cell as the sum of
demanded PRBs by outdoor and indoor users in each ring. It can be expressed as

G = F + ˜F ; (6.10)

whereF = å N
n= 1nXn and ˜F = å N

n= 1nX̃n are the total demanded PRBs by outdoor and
indoor users respectively.

The random variableG is the sum of weighted Poisson random variables and it is called
compound Poisson sum. The evaluation of its distribution requires extensive numerical
simulation. It is important to mention that the parametermn of Xn depends onY, which
is a Poisson random variable. Hence all calculations should be done conditionally onf .
The following proposition gives the explicit expression of the �rst-order moment (i.e., the
mathematical expectation) ofG.

Proposition 1. LetG be a compound Poisson sum as in (6.10). Letf be a PLP with Y is
the Poisson random variable that represents the number of lines that lie inside s coverage
area. The �rst-order moment ofG is given by

E(G) =
4dw
3R

N

å
n= 1

n
d3

n � d3
n� 1

R
+ kp

N

å
n= 1

n(d̃2
n � d̃2

n� 1); (6.11)

with w = 2pl R is the mathematical expectation of Y .

Proof. Let G be de�ned as in (6.10).Xn andX̃n are two Poisson random variables with
parametersmn(Y) andm̃n. The random variableXn is dependent on the PLPf i.e., depends
onY. Hence, the mathematical expectation ofG can be written as

E(G) = Ef (Gjf )

=
N

å
n= 1

nEf (mn(Y))+
N

å
n= 1

nm̃n (6.12)

To evaluate equation (6.12), we need to calculate �rst the mathematical expectation of
mn(Y). Let w = 2pl R be the mathematical expectation of the Poisson random variableY.
Ef (mn(Y)) can be expressed as
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Ef (mn(Y)) = 2d
+ ¥

å
k= 1

wke� w

k!

k

å
j= 1

Er j

h
1(dn> r j )

q
d2

n � r2
j

i
�

Er j

h
1(dn� 1> r j )

q
d2

n� 1 � r2
j

i
: (6.13)

f r jg follow a uniform distribution in the cell coverage area. Thus

Er j

h
1(dn> r j )

q
d2

n � r2
j

i
=

2
R2

Z dn

0

q
d2

n � r2rdr: (6.14)

Finally, by using a change of variablex = r2 and the expression of̃mn, we get the result
of proposition 1, which completes the proof.

6.3.2 Congestion probability and dimensioning approach

The congestion probability, denoted byP , is de�ned as the probability that the number of
total requested PRBs in the cell is greater than the available PRBs �xed by the operator. In
other words, it measures the probability of failing to achieve an output number of PRBsM
required to guarantee a prede�ned quality of services:

P (M; t ) = P(G � M): (6.15)

The following proposition gives the explicit expression of the congestion probability
for a given process of users.

Proposition 2. LetL be a random variable such thatL = å N
n= 1nVn, with Vn are Poisson

random variables of intensity wn. The probability thatL exceeds a threshold M is

P(L � M) = 1�
1
p

e� å N
n= 1wn�

Z p

0
epn(q) sin( Mq

2 )

sin( q
2 )

cos(
M � 1

2
� qn(q))dq; (6.16)

where

pn(q) =
N

å
n= 1

wncos(nq) and qn(q) =
N

å
n= 1

wnsin(nq):
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Proof. To prove proposition 2, we �rstly calculate the moment generating function (i.e.,
Z-Transform)f (z) of the discrete random variableL .

f (z) = E(zL ) =
+ ¥

å
k= 0

zkP(L = k)

=
N

Õ
n= 1

+ ¥

å
k= 0

znkP(Vn = k): (6.17)

SinceVn is a Poisson random variable with parameterwn, (6.17) is simpli�ed to

f (z) = e� å N
n= 1wneå N

n= 1znwn; (6.18)

It is obvious thatf is analytic onC and in particular inside the unit circlew. Cauchy's
integral formula gives then the coef�cients of the expansion off in the neighborhood of
z= 0:

P(L = k) =
1

2pi

Z

w

f (z)
zk+ 1dz: (6.19)

In (6.19), replacingf by its expression (6.18) and parameterizingzby eiq lead to

P(L = k) =
1

2p
e� å N

n= 1wn

Z 2p

0

eå N
n= 1wneinq

eikq dq: (6.20)

Since the congestion probability is de�ned by the CCDF (Complementary Cumulative
Distribution Function) ofL , then

P(L � M) = 1�
M� 1

å
k= 0

P(L = k)

= 1�
1

2p
e� å N

n= 1wn

Z 2p

0
eå N

n= 1wneinq
M� 1

å
k= 0

e� ikqdq: (6.21)

The sum inside the right hand integral of (6.21) can be easy calculated to get the explicit
expression of (6.16) after some simpli�cations.

This formula is valid for every process of user distribution including spatial PPP which
represents here the distribution of indoor users. The congestion probabilityP( ˜F � M) in
this case can be explicitly determined by takingwn = m̃n and usingå N

n= 1 m̃n = kpR2 in
(6.16).
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Similarly, for outdoor users process which is a Cox point process, conditionally on the
PLPf , by takingwn = mn(Y) and usingå N

n= 1 mn(Y) = aN(Y), proposition 2 remains valid.
The explicit expression of the congestion probabilityP(F � M) in this case is calculated
by averaging over the PLP.

Moreover, from the superposition theorem of Poisson process, the congestion prob-
ability, considering the combination of outdoor and indoor users, can be calculated by
applying proposition 2 to the random variableG = å N

n= 1nVn, with Vn = Xn + X̃n is a Pois-
son random variable with parameterwn = mn(Y)+ m̃n.

The congestion probability expressions above can be developed even further by in-
troducing a mathematical tool from combinatorial analysis called the exponential Bell
polynomials [84] and [85]. This tool is widely used for the evaluation of integrals and
alternating sums.

In the following part, we introduce some key results and properties regarding Bell
Polynomials.

Key background on the exponential Bell Polynomials

The exponential complete Bell polynomialsBp are de�ned by

Bp(x1;x2; ::::;xp) = å
k1+ 2k2+ :::= p

p!
k1!k2!::::

(
x1

1!
)k1(

x2

2!
)k2::::

and verify the following formula given by the generating function

eå + ¥
j= 1x j

t j
j ! =

+ ¥

å
p= 0

t p

p!
Bp(x1;x2; :::xp): (6.22)

Also, if we consider the following matrixAp = ( ai; j )1� i; j � p de�ned by

8
>>>>>><

>>>>>>:

ai; j =
� p� i

j � i

�
x j � i+ 1 if i � j ,

ai;i� 1 = � 1 if i � 2

ai; j = 0 if i � j + 2,
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such that

Ap =

2

6
6
6
6
6
6
6
4

x1
� p� 1

1

�
x2

� p� 1
2

�
x3

� p� 1
3

�
x4 : : : xp

� 1 x1
� p� 2

1

�
x2

� p� 2
2

�
x3 : : : xp� 1

0 � 1 x1
� p� 3

1

�
x2 : : : xp� 2

0 0 � 1 x1 : : : xp� 3
...

...
...

... ...
...

0 0 0 : : : � 1 x1

3

7
7
7
7
7
7
7
5

then the complete exponential Bell PolynomialBp(x1; ::::xp) can be de�ne as the determi-
nant of this matrix.

Bp(x1; ::;xp) = det(Ap): (6.23)

For instance, the �rst few Bell Polynomials are given by

B0 = 1

B1(x1) = x1

B2(x1;x2) = x2
1 + x2

B3(x1;x2;x3) = x3
1 + 3x1x2 + x3

B4(x1;x2;x3;x4) = x4
1 + 6x2

1x2 + 4x1x3 + 3x2
2 + x4

...

Also, the Complete Bell polynomials satisfy the binomial type relation:

Bp(x1 + y1; ::;xp + yp) =
p

å
i= 0

�
p
i

�
Bp� i(x1; ::;xp� i)Bi(y1; ::;yi): (6.24)

The following proposition gives the expression of the congestion probability as a func-
tion of the exponential complete Bell Polynomials.

Proposition 3. LetL be a random variable such thatL = å N
n= 1nVn, with Vn are Poisson

random variables of intensity wn. Let xj be de�ned as

x j =

8
>><

>>:

w j j ! if 1 � j � N,

0 otherwise.
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The probability thatL exceeds a threshold M can be expressed as a function of the
exponential complete Bell polynomials by

P(L � M) = 1� H
M� 1

å
k= 0

Bk(x1; :::;xk)
k!

(6.25)

with H = e� å N
n= 1wn.

Proof. By using the de�nition ofx j , the Z-Transform ofL given by equation (6.18) be-
comes

f (z) = Heå + ¥
j= 0zj x j

j ! ; (6.26)

with H = e� å N
n= 1wn.

The second exponential term in (6.26) can be evaluated by using the generating func-
tion of the complete Bell Polynomials given in equation (6.22), it follows that

f (z) = H
+ ¥

å
p= 0

zp

p!
Bp(x1; :::;xp) (6.27)

On the other hand, by using the de�nition of Z-Transform ofL and the Taylor expan-
sion of f (z) in 0, we get

P(L = p) =
H
p!

Bp(x1; :::;xp): (6.28)

Finally, from the de�nition of the CCDF, we obtain

P(L � M) = 1�
M� 1

å
k= 0

P(L = k); (6.29)

which completes the proof..

Now, to derive the expression of the congestion probability, we can apply proposition 3
to the random variableG de�ned in (6.10) as the superposition of two independent discrete
random variablesF and ˜F . G can be written as

G =
N

å
n= 1

nVn; (6.30)

with Vn = Xn + X̃n is a Poisson random variable of parameterwn = mn(Y)+ m̃n. Hence,
by using proposition 3, the congestion probability conditionally onf (PLP) can be ex-
pressed as
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P(G � Mjf ) = 1� H
M� 1

å
k= 0

Bk(x1; :::;xk)
k!

; (6.31)

wherex j = ( mj (Y)+ m̃j )=j! andH = e(� aN(Y)� kpR2).

Once again, the �nal expression of the congestion probability is calculated by averag-
ing over the PLPf as

P (M;t ) = Ef [P(G � Mjf )]: (6.32)

Once we have the expression of the congestion probability, we set a target valueP �

and then, the required number of PRBsM is written as a function oft through the implicit
equationP (M;t ) = P � . The outputM of the implicit function constitutes the result of the
dimensioning process.

6.4 Numerical results

For numerical purpose, we consider a cell of radiusR= 0:7kmwith a transmit power level
P = 60dBm(corresponds to 43dBmfrom the transmitter power ampli�er and 17dBi for
the antenna gain of the transmitter) and operating with TDD mode having bandwidth of
20MHz. The downlink thermal noise power including the receiver noise �gure is calcu-
lated for 20MHz and set tos 2 = � 93dBm. For outdoor environment, the propagation
parameter isa = 130dB and for deep indoor environment we take ˜a = 166dB. The path
loss exponent is considered to be 2b = 3:5. We assume also that we have 8Tx antennas
in the BS and 2Rx antennas in users' terminals. So, the number of possible transmission
layers is at most 2. The SINR threshold is set toQ � = � 10dB.
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Figure 6.3 – Congestion probability theoretical vs simulation for two values oft

In Fig. 6.3, we simulate the described model in MATLAB for two values of cell
throughputt = 14Mbpsandt = 30Mbps. We notice that the explicit expression of the
congestion probability �ts the empirical one obtained by using Monte-Carlo simulations.
Moreover, it is obvious that an increase in cell throughputt generates an increase in the
congestion probability becauset is related to the number of users in the cell and depends
on 3 intensities: outdoor users' intensityd, roads' intensityl and indoor users' intensity
k . When those intensities increase, the number of required PRBs by users in the cell cov-
erage area increases, thus the system experiences a high congestion. An other important
factor that can impact system performance is the path loss exponent. The variations of this
parameter has tremendous effect on the congestion probability: when 2b goes up, radio
conditions become worse and consequently the number of demanded PRBs to guarantee
the required QoS increases.

To see how users' random distribution impacts performance, we plot in Fig. 6.4
the congestion probability �rst, considering only outdoor users in a random system of
roads according to Cox process with roads intensityl = 9km=km2 and users intensity
d = 6users=km, and we compare it with the congestion probability of a spatial PPP out-
door users model with an equivalent intensity ofld = 54users=km2. We observe that the
number of requested PRBs by users is always higher, for every target value of the conges-
tion probability, when users are modeled by Cox process driven by PLP. In other words,
even if the mean number of users in the cell is the same, the random tessellations of roads
i.e., the geometry of the area covered by the cell has a signi�cant impact on performance.
Also, one can notice that if we consider a Cox model with high roads' intensity, users
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appear to be distributed every where in the cell as in spatial PPP model with high users'
intensity. In this case, Cox process driven by PLP can be approximated by a spatial PPP.

Figure 6.4 – Comparison between different user distributions

Also in Fig. 6.4, we compare the congestion probability of indoor users modeled ac-
cording to a spatial PPP and the one of outdoor users modeled according to a spatial PPP
having the same intensity. We notice that indoor users required more PRBs than outdoor
users and this comes from the difference between outdoor and indoor environment. Ac-
tually, signal propagation in indoor environment suffers from high attenuation and delay
factors because of the presence of obstacles such as buildings and walls. Hence, indoor
users always experience high path loss and bad performance in terms of SINR, which
means that they need always more PRBs than outdoor users to achieve a required transmis-
sion rate.

During resource dimensioning process, the operator starts by de�ning a target conges-
tion probability that can be tolerated for a given service. For different traf�c forecasts, the
number of PRBs is set to ensure that the congestion probability never exceeds its target
value. Fig. 6.5 shows the number of required PRBs that the operator should make it avail-
able, when the expected cell throughput is known, for two target values of the congestion
probability (P � = 1% andP � = 5%) and for two roads' intensity values (l = 2km=km2

andl = 10km=km2) with a �xed transmission rate of 500kbps. We can observe that for
each forecast cell throughput value, the threshold number of resources required in the cell
decreases when road intensity increases. For instance, whenl increases from 2km=km2 to

122



CHAPTER 6. OFDM BASED 5G-NR DIMENSIONING APPROACH

10km=km2 (i.e., from 9 expected roads to 44), the number of dimensioned PRBs decreases
by 32, for the same cell throughput valuet = 25Mbps. Also, for a given value oft , we
can notice from (6.5) that the user intensity on roadsd is inversely proportional to roads'
intensityl . Thus for �xed t , if l increases,d decreases and consequently the number of
required PRBs decreases.

Figure 6.5 – Required PRBM as a function of cell Throughputt , for �xed transmission
rateC� = 500kbps.

Moreover, in Fig. 6.6 we compare dimensioning results of three models: Outdoor
users according to Cox process driven by PLP, outdoor users according to a spatial PPP
model and indoor users with spatial PPP model (having the same intensities). We notice
that the number of dimensioned PRBs for outdoor users is always higher when users are
modeled according to Cox process driven by PLP than spatial PPP model. Also, we can
see that indoor users need more PRBs than outdoor users (when the both are modeled by
the spatial PPP) which is in agreement with the previous results. Besides, we have men-
tioned previously that whenl is very high, the distribution of users becomes similar to the
one of a spatial PPP. Thus, with a spatial PPP model, one can have small values of dimen-
sioned PRBs, which is considered optimistic compared to the real geometry of the area
covered by a cell in dense urban environment where more PRBs are required to guarantee
the desired quality of services.
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Figure 6.6 – Dimensioned PRBs comparison: outdoor users with Cox model, outdoor
users with spatial PPP and indoor users with spatial PPP, for a �xed transmission rate
C� = 500kbps

To see interference impact on the dimensioning process, we consider three regions of
the cell: cell center with a radius ofR=3, cell middle represented by the ring betweenR=3
and 2R=3 and cell edge identi�ed by a distance from the BS that exceeds 2R=3. Each
region of the cell experiences a given level of interference evaluated in terms ofIM (In-
terference Margin or Noise Rise). Cell edge users always experience high interference
level and IM is set to be 15dB. In cell middle we consider an interference margin of 8dB,
whereas in the cell center where users perceive good radio conditions, the interference
margin is set to beIM = 1dB.

Fig. 6.7 shows the congestion probability in a noise-limited scenario (Interference
level is neglected) and its comparison with the one where interference is considered as we
have described above. We consider a scenario with 50% of outdoor users modeled accord-
ing to Cox process driven by the PLP and 50% of indoor users modeled according to a
spatial PPP, with an average cell throughput of 30Mbpsand a �xed transmission rate of
500kbps. As expected, interference has a tremendous impact on the number of required
PRBs. For instance, when the target congestion probability is set to 5%, the number of
required PRBs increases by almost 80 because of the presence of interference. Similarly
in Fig. 6.8, we plot dimensioning curves i.e., the threshold number of PRBs in the cell
as a function of the forecast average cell throughput, for a noise-limited environment and
an environment with interference. As we can see, the number of PRBs that the operator
should make it available is higher when interference impact is considered. For instance,
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for a forecast average cell throughput of 26Mbps and a target QoSP � = 5%, the number
of dimensioned PRBs increases by almost 50 PRBs when the three interference margins
are considered.

Figure 6.7 – Interference impact (t = 30Mbps).

Besides, interference level varies from one location to another in the same cell. Prac-
tically cell edge users experience high interference level compared to users that are close
to the BS in the cell middle or cell center. Fig. 6.9 shows a comparison between radio
resource dimensioning results for the three regions of the cell: cell center, cell middle
and cell edge. As we can observe, the high demand on PRBs comes especially from cell
edge users that perceive bad radio conditions because of their far distance from the BS and
the presence of interference. Hence, for a predicted average cell throughput, the number
of dimensioned PRBs should be set always by considering a probable presence of traf�c
hotspots at cell edges.
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Figure 6.8 – Interference impact on di-
mensioned PRBs M.

Figure 6.9 – Comparison between di-
mensioned PRBs M for cell edge, cell
middle and cell center users.

Dimensioning phase is very important because it gives the operators a vision on how
they should manage the available spectrum. If the dimensioned number of resources ex-
ceeds the available one, the operator can for instance:

• aggregate fragmented spectrum resources into a single wider band in order to in-
crease the available PRBs,

• activate capacity improvement features like carrier aggregation or dual connectivity
between 5G and legacy 4G networks in order to delay investment on the acquisition
of new spectrum bands,

• change the TDD (Time Division Duplexing), con�guration to relieve the congested
link,

• or even buy new spectrum bands.

6.5 Conclusion

In this chapter, we have presented a resource dimensioning model for OFDM based sys-
tems that can be applied also for scalable OFDM based 5G NR interface. We have con-
sidered two spatial random distributions in order to distinguish between outdoor users
distributed along a random system of roads in a typical cell coverage area (Cox Point Pro-
cess driven by PLP) and indoor users distributed in buildings according to the widely used
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spatial PPP. The comparison between the two spatial distributions showed that results are
more optimistic when spatial PPP is used. Also, we have shown that the geometry of the
area covered by a cell can impact the results. Moreover, we have derived an analytical
model to qualify the number of required PRBs in a typical cell with two explicit formulas
of the congestion probability. Moreover, we have established an implicit relationship be-
tween the required resources and the forecast traf�c given a target congestion probability.
This relationship translates the dimensioning problem that an operator can perform to look
for the amount of necessary spectrum resources to satisfy a prede�ned QoS. Finally, a
comparison between an interfered environment and a noise-limited one has been provided.
Besides, we have shown that the high requirement in terms of radio resources comes from
cell edge users that perceive bad radio conditions.
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Chapter 7

Conclusions and perspectives

7.1 Conclusions

In this dissertation, D-TDD interference problematic in macro-cell and small-cell networks
has been discussed. We have chosen a regular hexagonal network to model the macro-
cells' layer and a spatial PPP to model the distribution of small-cells. We have derived the
explicit expressions of ISR covering different interference scenarios in a D-TDD based
network. This metric is very important from an engineering point of view since it gives
an estimation of the average perceived interference in each location of the studied cell and
can be used in link budget tools. Also, we have derived the explicit formulas of the cov-
erage probability for both macro-cells and small cells. Results have shown that D-TDD
results in a gain during the DL cycle of cells since reducing the number of DL transmitting
cells minimizes in turn the perceived interference. However, the UL transmission under-
goes a huge degradation in performance because of the strong interference coming from
DL transmitting BSs. Small-cells performance are better than macro-cells since they are
well isolated from each others and can be isolated from the macro-cell layer by using an
interference coordination technique such as FeICIC. In spite of that, small-cells still suffer
from DL to UL interference. Therefore, implementing an interference mitigation scheme,
when D-TDD feature is activated, for the UL transmission is a must for both macro-cell
and small-cell networks.

To this intend, we have proposed a 3D beamforming scheme where antenna horizontal
and radiation patterns depend on the spatial distribution of users' locations and dedicated
to reduce DL interference in macro-cell networks. With this scheme, we have shown that
ISR is an almost sure convergent series which is an important results since the almost sure
convergence implies convergence in probability and thus implies convergence in distribu-
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tion. Moreover, combining the 3D beamforming and D-TDD leads to an enhancement
of the coverage probability in both DL and UL transmission directions which makes D-
TDD feasible for macro-cell deployments. Additionally we have shown that using FPC
mechanisms, with small power control factors, during the UL transmission enhances per-
formance especially when 3D beamforming is used for DL transmitting BSs. For D-TDD
based small-cells network, we have proposed a cell-clustering scheme based on the hexag-
onal tessellation. Results have shown that this scheme reduces DL to UL interference and
enhances the UL performance in terms of ISR.

On the other hand, we have assessed in the third part of this dissertation the problem-
atic of OFDM radio resource dimensioning. We have considered two spatial models for
users in a typical cell coverage area. The �rst one is the spatial PPP which is convenient
to model the spatial distribution of indoor users, usually located inside buildings. The sec-
ond one is Cox process driven by PLP to model the random distribution of roads in the
cell coverage area and the distribution of users located on this random system of roads.
This model can be adequate to outdoor users often located along roads. We have evaluated
the congestion probability, considered as a relevant metric for the QoS, by using a math-
ematical tool from the combinatorial analysis which is Bell polynomials. Furthermore,
the proposed dimensioning approach remains valid for the scalable OFDM that will be a
key feature of 5G networks and can be used with other spatial processes that describes the
spatial distribution of users. Results have shown that the network geometry has impact on
dimensioning results. We have reached the conclusion that dimensioning results are opti-
mistic with spatial PPP comparing to Cox process driven by PLP. Also, we have shown
that the the high requirement in terms of radio resources comes from cell edge users that
usually perceive bad radio conditions because of the high received interference and their
distance from the serving BS.

7.2 Perspectives

Although the proposed 3D beamforming scheme deals ef�ciently with DL to UL and DL to
DL interference in D-TDD based macro-cell networks, the problem of UL to DL interfer-
ence still exists and has an impact on performance during the DL cycle of cells. Actually,
this interference is dif�cult to deal with because the sources of interference are mobiles
that move around randomly. The �rst extension of this work could include a study of
a 3D beamforming scheme dedicated to reduce the impact of UL interference. The sec-
ond extension could focus on beam coordination between BSs and mobiles. Coordination
between BSs appears to be possible by using a long term CSI measurements since BSs
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have �xed locations and interference between them can be static. However, coordination
between users is dif�cult to perform because of their randomness and requires more inves-
tigations. The third extension could focus on studying the imperfection of beam steering
to indoor users. Actually, indoor users suffer from a strong signal attenuation because
of buildings' penetration. This bad propagation environment can impact the precision of
beam steering which is based on users' localization. Finally, regarding OFDM radio re-
source dimensioning, more attention could be focused on other random models to describe
the spatial distribution of users and the random tessellation of roads' systems.
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Résumé : La nouvelle génération des réseaux mobiles 
5G-NR est en cours de standardisation à travers des 
améliorations apportées à son prédécesseur 4G/4G+.  5G-
NR va introduire un nouveau niveau de flexibilité, 
scalabilité  et efficacité afin de satisfaire plusieurs classes 
de services. Le mode de duplexage TDD est le plus 
favorable pour 5G-NR grâce aux avan�W�D�J�H�V�� �T�X�¶�L�O��
représente par rapport au mode FDD en termes de 
capacité, flexibilité et convenance de déploiement avec les 
autres technologies attendues dans le cadre de la 5G 
comme FD-MIMO. Une variante du TDD, connue sous le 
nom du dynamique TDD (D-TDD), attire de plus en plus 
�O�¶�D�W�W�H�Q�W�L�R�Q���� �'-�7�'�'�� �H�V�W�� �G�p�V�L�J�Q�p�� �S�R�X�U�� �O�¶�D�G�D�S�W�D�W�L�R�Q�� �G�H�V��
configurations des sous-trames DL et UL en se basant sur 
une estimation instantanée du trafic. Cependant, 
�O�¶�X�W�L�O�L�V�D�W�L�R�Q�� �G�H�� �F�H�� �P�R�G�H�� �Q�p�F�H�V�V�L�W�H�� �O�¶�L�P�S�O�p�P�H�Q�W�D�W�L�R�Q�� �G�H�V��
mécanismes capable d�H�� �U�p�G�X�L�U�H�� �G�H�X�[�� �W�\�S�H�V�� �G�¶�L�Q�W�H�U�I�p�U�H�Q�F�H��
additionnelles ���� �O�¶�L�Q�W�H�U�I�p�U�H�Q�F�H�� �J�p�Q�p�U�p�H�� �S�D�U�� �O�H�V�� �V�W�D�W�L�R�Q�V�� �G�H��
bases qui impacte le signal UL des utilisateurs et 
�O�¶�L�Q�W�H�U�I�p�U�H�Q�F�H�� �J�p�Q�p�U�p�H�� �S�D�U�� �O�H�V�� �P�R�E�L�O�H�V�� �H�Q�� �8�/�� �T�X�L�� �L�Q�W�H�U�I�q�U�H����
avec le signal DL des stations de base. 

La premiè�U�H���S�D�U�W�L�H���G�H���F�H�W�W�H���W�K�q�V�H���H�V�W���F�R�Q�V�D�F�U�p�H���j���O�¶�D�Q�D�O�\�V�H��
des performances du mode D-TDD en �W�H�U�P�H�V���G�¶�,�6�5���H�W���G�H 
probabilité de couverture dans 2 types de déploiement : 
macro-cells et small-cells. Ensuite, nous proposons deux 
techniques de mitigation des interférences dont la première 
est destinée aux macro-cells et basée sur le 3D 
beamforming. La 2ème est le cell clustering statique  
appliquée au small-cells �D�I�L�Q�� �G�H�� �U�p�G�X�L�U�H�� �O�¶�L�P�S�D�F�W�� �G�H��
�O�¶�L�Q�W�H�U�I�p�U�H�Q�F�H���'�/���W�R���8�/. Dans la 2ème partie de cette thèse, 
nous étudions la problématique du dimensionnement de 
�O�¶�2�)�'�0�$ scalable qui sera une technologie de base pour 
la 5G-NR. Etant donné que le dimensionnement des 
�U�H�V�V�R�X�U�F�H�V���U�D�G�L�R���H�V�W���X�Q�H���W�k�F�K�H���S�U�L�P�R�U�G�L�D�O�H���G�D�Q�V���O�¶�L�Q�J�p�Q�L�H�U�L�H��
radio, nous proposons un modèle analytique qui permet la 
réalisation de cette tâche en considérant un scheduling 
proportional fair. Nous distinguons entre 2 types 
�G�¶�X�W�L�O�L�V�D�W�H�X�U�V : utilisateurs indoor qui sont modélisés par un 
PPP spatial et utilisateurs outdoor qui sont modélisés selon 
un processus de Cox conduit par un PLP. �/�¶�R�E�M�H�F�W�L�I�� �F�¶est 
�G�¶�p�W�X�G�L�H�U���O�¶�L�P�S�D�F�W���G�H���O�D���J�p�R�P�p�W�U�L�H���G�H���O�D���]�R�Q�H���G�H���F�R�X�Y�H�U�W�X�U�H��
�G�¶�X�Qe cellule et la distribution aléatoire des utilisateurs sur 
les performances.  
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Abstract :  A new generation of cellular networks, 
known as 5G new radio (NR), has been standardized 
through improvements in the current 4G/4G+ concepts 
and features in order to bring a new level of flexibility, 
scalability and efficiency. Time division duplex (TDD) is 
expected to be one of the key features of 5G NR since it 
offers more advantages than frequency division duplex 
(FDD) mode in terms of capacity, flexibility and 
implementation adequacy with other features, such as full 
dimension multiple input multiple output antenna (FD-
MIMO) technology. A variant operational mode of TDD, 
known as D-TDD, is in the scope. It is designed to deal 
with uplink (UL) and downlink (DL) traffic asymmetry 
since it is based on instantaneous traffic estimation and 
offers more flexibility in resource assignment. However, 
the use of D-TDD requires new interference mitigation 
schemes capable to handle two additional types of 
interference called cross link interference (CLI) and 
stands for DL to UL and UL to DL interference. The first 
part of this thesis is devoted to the problem of 
interference modeling in D-TDD based macro-cell 
and small-cell deployments. We provide a complete 
analytical approach to derive relevant metrics, such 
as interference-to-signal-ratio (ISR) and the 

coverage probability formulas, considering adequate 
geometry models for each type of deployment. Then, we 
propose an interference mitigation scheme based on 3D 
beamforming for macro-cells and a cell-clustering scheme 
for small-cells. Additionally, we investigate another 
problematic which is Orthogonal Frequency Division 
Multiplex (OFDM) radio resource dimensioning. Since 
5G NR takes in consideration a wide array of emerging 
use cases and also the possibility of having future 
requirements, the third Generation Partnership Project 
(3GPP) comes up with a variant of OFDM known as 
scalable OFDM and having different sub carriers' spacing. 
This feature appears to be an ideal choice for 5G NR since 
it offers a high spectral efficiency, robustness to selective 
fading channels, convenience with diverse spectrum 
bands and compatibility with other features. Therefore, 
dimensioning OFDM is a major task to accomplish in the 
context of NR. To this purpose, we provide an analytical 
model to dimension OFDM based systems with a 
proportional fair resources' allocation policy. We model 
indoor users by a spatial PPP and outdoor users according 
to a Cox process driven by PLP. Different analytical and 
numerical results are provided to justify the accuracy of 
this model. 
 

 

 

 


