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Abstract

The exponentially increasing traffic demand for mobile services requires
innovative solutions in both access and backhaul segments of 5th generation
(5G) mobile networks. Heterogeneous networks (HetNets), which use low-cost
small cells for capacity upgrade while ensuring network coverage by macro
cells, are a promising solution for the wireless access. However, the backhaul
segment has received considerably less attention and still falls short in meeting
the stringent requirements of 5G in terms of capacity and availability.

HetNets together with mobility requirements motivate the use of mi-
crowave backhauling that supports fiber-like capacity with millimeter-wave
communications. However, these carrier frequencies are subject to weather
disturbances like rain that may substantially degrade the network throughput
and availability performance. We develop a fast and accurate rain detection
algorithm that triggers a network-layer strategy, e.g., rerouting, to mitigate
its effects. The evaluation results show that with small detection error the
network throughput increases while posing low overhead on the network.

The rain impact can be alleviated by regular rerouting using a centralized
approach realized by a software defined network (SDN). However, careless re-
configuration may impose inconsistency due to asynchrony between different
switches, which leads to a significant temporary congestion and limits the gain
of rerouting. We propose a consistency-aware rerouting framework by con-
sidering the cost of reconfiguration. At each time, the centralized controller
(CC) may either take a rerouting decision to increase the network throughput
while accepting the switching cost, or choose the no-rerouting decision at the
expense of a decreased throughput, due to route sub-optimality. We use a
predictive control algorithm to provide an online sequence of decision policies
to minimize the total data loss. Compared to the regular rerouting, our pro-
posed approach reduces the throughput loss and substantially decreases the
number of reconfigurations by wisely selecting the time to reroute the traffic.

In the thesis we also study which backhaul options is the best from a
techno-economic perspective. Fiber solutions provide high data rates with
robust connectivity under different weather conditions, whereas wireless so-
lutions offer high mobility at low installation costs with lower data rate and
availability. We develop a comprehensive framework to calculate the total
cost of ownership of the backhaul segment and analyze the profitability in
terms of cash flow and net present value. The evaluation results highlight the
importance of selecting proper backhaul solution to increase profitability.

In summary, this thesis aims to provide guidelines for efficient backhaul
solutions for future mobile networks in terms of throughput and availabil-
ity. The results reveal that microwave backhauling may experience long last-
ing link degradation due to rain, which necessitates intelligent rerouting ap-
proaches. It is also shown that fiber is the most promising option in terms of
minimum cost and highest profitability for ultra-dense networks. Given that
the standardization of 5G mobile networks has not started yet, the results of
this thesis may provide fundamental design guidelines for those standards.

Keywords: 5G, software defined networking, rain disturbance, techno-
economic framework, network consistency.
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Sammanfattning

Den exponentiella trafikökningen som efterfrågan på mobila tjänster med-
för, kräver innovativa lösningar för den 5:te generationens mobila nät (5G).
Heterogena nätverk (HetNets), som använder små kostnadseffektiva celler för
kapacitetsuppgradering samtidigt som man säkerställer nättäckningen genom
makroceller, är en lovande lösning för det trådlösa accessnätet. Emellertid har
befintliga lösningar för backhaul-segmentet fått betydligt mindre uppmärk-
samhet och klarar fortfarande inte att uppfylla de stränga krav som ställs på
nästa generations mobilnät när det gäller genomströmning och tillgänglighet.

HetNets tillsammans med kravet på mobilitet motiverar användningen av
ett mikrovågsbaserat backhaul som utnyttjar millimetervågsöverföring med
en kapacitet motsvarande optisk fiber. Dessa bärvågsfrekvenser påverkas dock
av väderförhållanden, såsom regn, vilka avsevärt kan försämra genomström-
ningen och tillgängligheten. Vi utvecklar en snabb och noggrann algoritm för
regndetektion som triggar anpassningar av nätverkslagret, såsom omdirige-
ring av trafikflöden till mindre drabbade länkar. Utvärdering av prestanda
visar att den föreslagna algoritmen är effektiv och enkelt kan implementeras
ovanpå befintliga protokoll för trådlösa backhaulnät.

Regninverkan kan lindras genom regelbunden omdirigering med hjälp av
en centraliserad strategi baserad på SDN (software defined network). Då upp-
dateringsprocessen mellan olika växlar inte alltid är synkroniserad, kan vårds-
lös omkonfigurering medföra inkonsekvenser i nätet vilket kan leda till en be-
tydande tillfällig överbelastning och begränsa fördelarna med omdirigeringen.
Vi föreslår en konsekvens-medveten omkonfigureringsmetod som tar hänsyn
till omkonfigureringens kostnad. Vid varje tidpunkt kan den centrala kon-
trollern antingen ta ett omdirigeringsbeslut för att öka genomströmningen
och samtidigt acceptera okonfigureringskostnaden, eller välja att avstå från
omkonfigurering på bekostnad av en minskad genomströmning på grund av
det suboptimala vägvalet. Vi använder en prediktiv styralgoritm för att ge
en online-sekvens av beslutsregler för att minimera den totala dataförlusten.
Jämfört med konventionell omdirigering, minskar vår föreslagna metod både
genomströmningsförlusten och väsentligt antalet omkonfigureringar genom ett
lämpligt tidval för omdirigering.

I avhandlingen studeras också vilket backhaul-alternativ som är bäst från
en tekno-ekonomisk synvinkel. Fiberlösningar ger extremt höga datahastighe-
ter med robust anslutning under alla väderförhållanden medan trådlösa lös-
ningar erbjuder hög mobilitet och låga installationskostnader men med lägre
datahastighet. Vi utvecklar en modell för att beräkna den totala ägande-
kostnaden för backhaul-segmentet och analyserar lönsamheten när det gäller
kassaflöde och nuvärde. Resultaten belyser vikten av att välja rätt backhaul-
lösning för att minska den totala kostnaden och öka lönsamheten.

De undersökningar som genomförs i denna avhandling syftar till att ge
riktlinjer för effektiva lösningar för backhaul-segmentet av framtida mobil-
nät när det gäller genomströmning och tillgänglighet. Resultaten visar att
mikrovågsbaserade backhaulnät kan uppvisa långvariga länkförsämringar på
grund av väderstörningar, vilket kräver anpassning av nätverket och intelli-
genta omdirigeringsmetoder. Det visar sig också att fiber är det mest lovande
alternativet för att minimera kostnaden och maximera lönsamheten för ultra-
täta nätverk. Med tanke på att standardiseringen av 5G mobilnät ännu inte
startat, kan resultaten av denna avhandling ge grundläggande riktlinjer för
utformningen av dessa standarder.

Keywords: 5G, programvarustyrd nåtverk, regn störning, teknisk-ekonomisk
ram nåtverk konsistens.
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Chapter 1

Introduction

5th Generation mobile networks, commonly referred to as 5G, aim at supporting
higher capacity and huge number of mobile users per unit area. The exponentially
increasing bandwidth demand for mobile data services requires a massive network
densification that is neither economically nor ecologically viable with the homo-
geneous cellular technology. A promising solution to this problem is to deploy
heterogeneous networks (HetNets), relying on the idea of introducing low-cost and
low-power small cells to upgrade the area capacity while keeping the macro cells to
ensure coverage [1]. Introducing small cells can enhance spatial reuse of the wire-
less channels and thereby increase the spectral efficiency. However, the evolution
towards densified cell deployment in access networks puts enormous strain on the
backhaul segment, i.e., the part that connects the users to the network core [2]. The
challenges posed to the backhaul segment in 5G deployment include stringent re-
quirements in terms of capacity to support such huge amount of traffic, end-to-end
delay and availability [3].

Due to the benefits of microwave technology such as ease of deployment and low
cost, there is a growing consensus in both academia and industry that microwave
technology will play an important role in the backhauling of next generation ra-
dio access networks (RAN). Fig. 1.1 shows the percentage of installed backhaul
technologies providing backhaul connectivity worldwide (excluding China, Japan,
Korea, and Taiwan). It is forecasted that fiber and microwave technologies will
become two dominant mobile backhaul solutions. Specifically, by 2020, it is fore-
seen that more than 65% of all sites will be connected with microwave links using
different frequency bands [4], expected to achieve fiber-like capacity. For instance,
IEEE 802.11ay working group envisions a need for 20 Gbps data rate backhaul
connections with 99.99% availability [5]. Achieving such fiber-like capacity requires
shifting to higher carrier frequency such as millimeter wave communication. How-
ever, higher carrier frequency solutions are susceptible to weather disturbances that
may substantially degrade network throughput and availability [6], hindering the
aforementioned requirements. Therefore, in order to meet the availability, capacity

1
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Figure 1.1: Percentages of different technologies providing backhaul connectivity
throughout time [4].

and delay requirements, efficient adaptation of the network to the changing weather
conditions is needed.

Link layer adaptation such as adaptive modulation and coding (AMC) has al-
ready been employed in commercial systems to overcome the stochastic behavior
of channel attenuation [2,7]. Main events that may require link adaptation include
rain, fog, snow, multipath fading, path obstruction and interference. These events
can affect the network for shorter or longer time, and efficient mitigation of their
negative effects requires actions at different levels. The former can typically be ad-
dressed locally, on a per link basis, while the latter can persist for a relatively long
period (e.g., half an hour) and may require network-wide adaptation. Moreover,
the conditions and the extent of impact may vary over this period, requiring more
frequent re-adaptation. To be able to react most efficiently to each type of events
and mitigate their impact according to their characteristics, we should first be able
to distinguish between the long-term and short-term fading. In this thesis, we con-
sider rain as one of the long-term events that has a huge impact on links with higher
carrier frequency and may affect several links simultaneously. Detecting the pres-
ence of rain using microwave technology and rainfall attenuation on each link has
been studied for many years [8,9]. The primary objective of the existing approaches
is to increase the efficiency of rainfall mapping for hydro meteorological purposes.
However, the long detection time, the need to use extra links with different fre-
quency bands or wide angular separation, as well as high complexity make them
inapplicable for our approach. The need for quick restoration from rain related
failure (e.g., 50 ms [10]) and low complexity, i.e., simple and fast rain detection
with high accuracy, were guiding the design of our rain detection algorithm.

Network layer action such as routing triggered upon rain detection is an effec-
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tive approach for mitigating the rain impact. The existing approaches to compute
and apply new routes for traffic flows based on the changing network conditions
can be categorized into distributed and centralized solutions. Distributed algo-
rithms allow for each node to make rerouting decisions locally, forgoing the need
to communicate with a central entity, which increases the scalability and fault tol-
erance. In centralized routing algorithms, the global information such as topology
and link state information are gathered from each network element and maintained
at a centralized unit, which is responsible for computing the routing policy while
network elements carry out simplified execution tasks. The distributed solutions
may lead to underutilization of the network resources due to only local solution
optimality [11], or may be inapplicable for services with strict delay requirements
due to the delay caused by their slow convergence. Centralized approaches cope
with these challenges by preventing oscillation between different routes [12], ensur-
ing globally optimal solutions [13], and increasing the network throughput [14,15].
The rapidly expanding paradigm of software-defined networking (SDN) facilitates
the development of centralized approaches by shifting the forwarding intelligence
and management to a centralized controller and keeping the network elements as
simple as possible. SDN as a centralized control platform is a promising solution for
providing network programmability and for facilitating dynamic quality-of-service
provisioning [16]. Although the SDN concept was primarily proposed for wired
networks, integration of SDN and wireless mesh network (WMN) based backhaul
solutions has recently been the subject of several studies [17–19]. The SDN-enabled
global view eases reconfiguration and management of the whole backhaul network,
which is particularly important in case of large-scale disturbances of varying inten-
sity and coverage due to weather.

Upon the detection of rain, routing should be done frequently due to fluctuations
of link attenuation throughout the duration of rain. In SDN architecture, the
centralized controller carries out the reconfigurations of the data plane by updating
the network elements’ flow tables to reflect the newly computed routes. Due to
a delay in receiving the update messages from the controller, the update process
across different switches is not synchronized. Therefore, it might happen that
packets in some switches are forwarded based on the new rules while other switches
still process the traffic using the old rules. This causes inconsistency which leads
the network to unwanted transition states. Properties that hold in the old and the
new network state might not hold in a transition state, possibly violating network
invariants such as link capacity. The violation of invariants reduces the network
performance including network throughput and delay. Therefore, successful use of
SDN in implementing centralized routing requires not only approaches to compute
feasible routes in the target state but also methods to facilitate transition to that
state in a way that maintains the desired consistency properties. Various types of
consistencies are introduced in the literature, imposing different rules that should
be held during transition [20]. For instance, loop freedom consistency ensures that
no loops are generated during state transition. Congestion-free updates ensure
that the summation of flows traversing a link does not exceed the link capacity
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during transition. A possible approach to avoid congestion during transition is to
sequentially update flows, where the flows are migrated according to a precomputed
ordering. For congestion-free consistency, a rule update that brings a new flow
to a link must occur after an update that removes an existing flow if the link
cannot support both flows simultaneously. However, finding the sequence of updates
that eliminates transient congestion may not always be possible. Congestion-free
updates are only achievable if the network supports splitting of traffic flows [21], or if
the network is under-utilized and there is sufficient extra capacity [14]. Otherwise,
even judicious sequential reconfiguration can lead to congestion. In this case, a
possible approach is to accept the congestion while organizing the updates so as to
minimize the imposed congestion. The imposed congestion due to reconfiguration
may limit the effectiveness of frequent network updates and should be considered in
the rerouting process during rain. As this congestion depends on the initial and final
computed routes, the time for applying new routes should be chosen wisely such
that the gain of rerouting outweighs the transient-imposed congestion. Existing
routing approaches for mitigating rain effects in wireless mesh networks, such as
[10] and [22], ignore the cost of adaptation and its deleterious effect on network
performance.

Aside from alleviating the impact of rain on the wireless backhaul networks, we
also investigate the problem of selecting the most appropriate technology for the
backhaul according to different criteria. A network operator has many options in
designing a proper backhaul segment. One option are fiber-based solutions which
provide relatively large bandwidth and high reliability. The other option are wire-
less solutions with fast deployment and low installation cost, which are especially
appealing for backhaul in areas where fiber deployment is not possible. The cost and
economic viability of each option are among the most important parameters con-
sidered by mobile network operator (MNO) when designing the backhaul segment.
Some existing works (e.g., [23]) assess the revenue and cost of different HetNets
deployment and management strategies. However, such works only focus on the
RAN segment and do not take into account the backhaul network infrastructure
which aggregates the traffic from each cell to the evolved packet core (EPC) of
the operator. It should be noted that the introduction of small cells in RANs can
significantly affect the design of the backhaul segment [24]. Therefore, this the-
sis includes a techno-economic analysis of the overall mobile network deployment
(considering both the backhaul and the RAN), which is crucial in finding the most
economically viable solution from the MNO’s point of view.

1.1 Contribution of the Thesis

The contributions of this thesis are categorized in two parts. In the first part
(Chapter 2 and 3), we study a wireless mesh backhaul network under weather dis-
turbances. We investigate the environmental effects such as rain that deteriorate
the network performance and try to mitigate their impact. Our study shows that
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frequent rerouting under the control of one central unit during rain improves the
network performance in terms of throughput. As the adaptation of the network
starts with a rain event, we develop a rain detection algorithm that simply de-
termines the presence of rain by observing and correlating the received power for
each link. Although frequent reconfiguration increases the network performance
such as throughput, this gain does not come for free. Each reconfiguration imposes
congestion to the network defined as switching cost, which limits the efficacy of
reconfiguration. In Chapter 3, we propose a framework that considers the cost of
reconfiguration during network adaptation and selects the best policy for apply-
ing the flow routing updates to minimize the total data loss during rain. Apart
from quantifying the benefits of deploying a huge number of small cells in terms
of spectrum and energy efficiency, the assessment of the economic viability is an
important factor for a network operator when deciding among different backhaul
solutions. Costly backhaul solutions that yield lower income will limit the efficiency
of deploying huge number of small cells. In the second part of the thesis (Chapter
4), we evaluate the cost and profitability of different backhaul solutions for 5G to
aid the operator’s decision on: (i) what type of transport technology (e.g., fiber or
microwave) is the most cost-efficient for a specific RAN deployment (e.g., homoge-
neous or heterogeneous), and (ii) what is the best time to invest in a new mobile
network deployment in order to provide sufficient capacity while maximizing the
profit in the long run. The main contributions of this thesis are summarized as
follows:

1.1.1 Reliable Rain Detection Algorithm for Improved Network
Performance

The centralized routing solution in SDN architecture for mitigating the impact of
rain is triggered by rain presence detection. Upon rain detection, one can use an
established toolkit of multi-commodity flow theory to calculate a new network con-
figuration optimized for resource usage efficiency under new channel conditions.
Updating the network based on newly computed routes results in throughput gain
when the disturbing event lasts long enough. Otherwise, triggering rerouting for
short-term events such as multipath fading can in fact increase the disturbance and
cause oscillation between optimal solutions. Therefore, it is necessary to distin-
guish the short-term events such as multipath fading from long-lasting fading such
as rain. The existing rain detection algorithms either have long detection time or
impose extra cost to be able to detect the rain, which makes them inapplicable for
our purpose. We address this problem by introducing a new algorithm to distin-
guish long-lasting fading events (such as rain fading) from short-term ones (such
as multipath fading) simply by relying on the correlation between received signal
samples. We apply our generalized detector to the rain fading and show that a very
low detection error can be achieved by analyzing only a few samples of the received
signal. We also analyze the impact of the error probability of the rain detection
algorithm to network performance. False detection of a long-term event may de-
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crease network throughput or pose extra overhead on the network by triggering
unnecessary rerouting. Using our accurate rain detection algorithm reduces the
loss of network throughput and the rerouting overhead. The proposed algorithm
is simple and can be readily implemented on top of existing protocols for wireless
backhaul networks. Our work leading to this contribution is presented in Paper I
as well as Patent I.

1.1.2 Consistency-aware Rerouting Framework
A straightforward way of coping with the rain effects is to regularly reroute the flows
in each time frame (e.g., each 5 min) upon rain detection to tightly fit the traffic to
the changing network states. Hence, once the presence of rain is detected, an SDN
based centralized controller (CC) computes new routes based on the changed net-
work status regularly. In SDN architecture, the CC is responsible for updating the
data plane by establishing the new rules in switches’ flow tables at each time frame.
Asynchrony between updating the switches imposes inconsistency. It may happen
that during transition, due to unwanted intermediate states some links become
congested. Several recent works study the congestion imposed during adaptation
and try to avoid or minimize it by sequentially updating the flows [13, 14, 25–27].
However, these solutions are only applicable to networks where the initial state is
feasible. In a wireless network affected by rain, the initial network state is rendered
infeasible due to link capacity reduction and the longer it takes to transit to the
target state, the higher the data loss is. In this condition, the imposed congestion
during transition is caused by two factors: the asynchrony between switches and the
delay in transferring each flow to its target state. In this thesis, we propose a model
for calculating the congestion due to these two factors. Then we develop a linear
optimization approach to sequentially update the flows such that the congestion,
defined as switching cost, is minimized. Knowing the gain and cost of rerouting at
each time, we try to determine the optimal time for applying the newly computed
routes in order to minimize the total data loss during rain. To do so, we formu-
late the problem of computing the best update policy using dynamic programming
(DP). To solve the problem with DP algorithm, the network state should be known
for present and future time samples. Due to huge complexity and network causal-
ity, DP is not applicable for online solutions. Therefor, we convert our problem to
short term planning problem by limiting the time horizon. When designing such
approach, the update policy can greatly benefit from the fact that rain attenuation
follows a Lognormal distribution [28], making it possible to predict the severity of
attenuation over the upcoming observation period. As we use prediction for future
time samples, model predictive control (MPC) algorithm is an appropriate choice
to solve our DP as an online algorithm. The solution to our problem gives us an
update policy that combines the cross-layer information on the physical layer in-
cluding capacity of wireless links and prediction of rain attenuation on each link, as
well as the network layer, including traffic flow information to decide the best time
for applying the computed routes. According to the results presented in Paper II,
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using our proposed framework to choose the rerouting decision at each time sample
decreases the transition loss during rain period compared to the regular rerouting.
By wisely selecting the appropriate time for applying the computed optimal routes,
our proposed policy is able to minimize the total data loss as well as the number
of reconfigurations.

1.1.3 A Techno-economic Framework for 5G Backhaul Networks
Although the HetNet paradigm increases the spectral efficiency in the wireless ac-
cess network, i.e., the segment between mobile users and access points, it poses extra
costs on the backhaul networks due to the requirement of providing transport for a
large number of small cells. If the backhaul network is not cost efficient, it can limit
the benefits of deploying the HetNet. Therefore, it is necessary to take into account
the backhaul network solution together with the access segment in order to obtain
a realistic estimation of the total network cost. This needs a complete framework
for calculating the total cost of ownership (TCO) of the backhaul network. The
design of cost efficient backhaul solutions for both homogeneous and heterogeneous
deployments was addressed in [29–32]. However, accurate cost evaluation requires a
proper cost model covering different aspects such as capital expenditures (CAPEX)
(e.g., infrastructure and equipment cost ) as well as operational expenditures (e.g.,
maintenance, fault management and energy cost) that may affect TCO. Such a
comprehensive techno-economic model is still missing in the literature. Moreover,
only TCO evaluation is not sufficient to provide the operator an insight into the
profitability of the network. To address this problem, we extend our cost model with
the profitability analysis, making it possible to evaluate cash flow and net present
value of the mobile backhaul networks. The proposed techno-economic framework
can be applied for both fiber and microwave backhaul deployments. A case study is
carried out to find the most profitable and cost-efficient backhaul solution for given
scenarios. The results presented in Paper III clarify the significant contribution
of the backhaul segment to the total cost and profitability of solutions. Specifically,
it is shown that fiber technology is more efficient than wireless solution in terms of
cost and profitability for ultra-high density access networks.

1.2 Organization of the Thesis

The thesis is organized as follows:

• Chapter 2 introduces an efficient detection algorithm for distinguishing the
rain fading from multipath fading to improve the network throughput during
rain. This detection is used to trigger the rerouting procedure for rain miti-
gation. After presenting the assumed model for SDN controller, network and
channel model in the presence of rain, we evaluate the performance of the
proposed detection algorithm and its impact on network throughput.
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• Chapter 3 provides the consistency-aware rerouting framework during rain
which considers the switching cost. We first calculate the imposed reconfig-
uration cost and then determine the best rerouting policy by modeling the
problem as a dynamic programming problem. The evaluation results on both
synthetic data and data measured in a real deployed network indicate the
efficiency of our proposed algorithm.

• Chapter 4 presents our proposed economic framework in order to evaluate
the benefits of different deployment options in terms of cost and profitability.
The profitability evaluation for different scenarios reveals the best choice for
backhauling in highly dense areas.

• Chapter 5 draws some concluding remarks and lessons learned from this thesis
and mentions the directions for the future work towards the PhD degree.

• At the very end of the thesis, the papers included in the thesis are briefly
summarized together with the description of the candidate’s contributions.



Chapter 2

Reliable Rain Detection Algorithm
for Improved Network
Performance

Wireless backhauling increases the flexibility of backhaul networks and supports
plug-and-play mobile backhauling, where new base stations can be easily added
or removed [33]. However, due to the fluctuations of the wireless channels, high
capacity for backhauling the traffic to the core network cannot be guaranteed at all
times. Severe link quality degradation caused by different factors can create bot-
tlenecks and diminish network performance. Rain is a typical, relatively frequent
long-term event that can reduce the network throughput [2]. In the worst case this
may imply a complete failure of communication links bringing about further insta-
bility problems of end-to-end paths. Routing is an effective approach for mitigating
the impact of long-term events such as rain. In order to initiate the right action for
rain mitigation it is important to distinguish between the short-term and long-term
event. In this regard, after reviewing the existing works in rain mitigation as well as
rain detection, we provide a detailed system model and propose our rain detection
algorithm. We evaluate the performance of our algorithm through simulations. We
apply the proposed algorithm to trigger the centralized rerouting process using the
real data measurements on real topology and examine the impact of detection error
on network performance.

2.1 Related Work

Different rain mitigation methods are studied in the literature. The traditional
link-layer adaptation such as adaptive modulation and coding (AMC) [7] may par-
tially compensate for the link quality degradation locally, but is not sufficient for
addressing long-term events such as rain. AMC adjusts the transmission rate at
the physical layer to maintain a certain quality of service level, which is usually

9
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defined in terms of the Bit-Error-Rate (BER) [2]. Site diversity as another ap-
proach for rain mitigation is studied in [34–36]. In site diversity solutions each
node individually ensures finding an alternative, less affected link to replace a more
degraded link. Some of the solutions provide site diversity by using different fre-
quency band, for instance [34,36], while others such as [35] choose a link with high
angular separation compared to the affected link. The work in [37] changes the
network topology utilizing adaptive antenna alignment to avoid the rain affected
area. However, these approaches are applied locally (e.g., at a certain link) or pose
extra cost to the network.

Weather disruption-tolerant routing has been investigated as an effective ap-
proach for mitigating the harmful effects of rain [10, 22]. A distributed routing al-
gorithm is proposed in [22] to overcome the rain attenuation such that the quality of
service for different users is satisfied while the end-to-end delay is minimized. The
work in [10] introduces two routing algorithms, i.e. the XL-OSPF (Cross-Layered
Open Short Path First) and P-WARP (Predictive Weather Assisted Routing Pro-
tocol) which modify the existing routing algorithm called open shortest path first
(OSPF) by taking into account rain attenuation on each link and avoiding the
severely affected links. XL-OSPF improves the performance of OSPF by defining
a cost metric that is proportional to the bit error rate (BER) of each link. In
P-WARP, the external information of weather radar reflectivity data modeled in
real-time is used to compute the BER in advance which reduces the response delay
of the algorithm. Most of these routing algorithms update the network in a dis-
tributed manner without a centralized view and control of the network. From the
perspective of network update, distributed updating schedules can only generate lo-
cally optimal solutions [11]. Moreover, distributed solutions have slow convergence
and it is quite challenging to design a fast converging distributed algorithm.

Detecting the rain using a wireless mesh network topology has been studied
in several works [8, 9, 38]. In [8], the authors propose a rain detection method
based on compressed sensing of rainfall attenuation. They use three links crossing
a single area to improve the accuracy of rain detection. The work in [9] uses
two channels with different frequencies at each node to be able to identify a rain
event. Such approaches are limited due to their specific requirements, such as
three crossing microwave links, or two links with different frequency bands, which
may be inapplicable for many practical scenarios. In order to distinguish the dry
from the rain period, the authors in [38] measure the cross-correlation between the
attenuation of two links on the same path, which is expected to be high in the
presence of rain. However, the approach requires sampling over a 15-minute time
horizon to reliably determine the presence of rain. Considering the high capacity of
backhaul links, such a long delay can introduce huge traffic losses. Hence, there is a
need for accurate and fast rain detection algorithm that is applicable for triggering
the rerouting process.
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Figure 2.1: The overall network architecture.

2.2 System Model

We consider a wireless mesh network with an SDN-based centralized controller,
shown in Fig. 2.1. The controller is connected through north bound interface to
the application layer, while the computed routes to satisfy requested demand are
dispatched to the network element using SDN protocol such as OpenFlow via south-
bound interface. The main components of our envisioned SDN controller are: 1)
Statistics manager, 2) Routing computation, and 3) Flow manager. The statistics
manager periodically gathers the information from the flow level and the physical
layer of the network. This information is fed to the routing computation component
where the optimal routes are computed based on the network conditions including
capacity of each link and traffic demand of each source. Flow manager starts ap-
plying the new optimal routes immediately after receiving the output of routing
computation. The data plane for our network is assumed to be a wireless mesh
connecting multiple base stations (BSs) where each BS gathers its own user data
or can be a relay for other BSs’ traffic. Each BS has a large number of antenna
elements, making it feasible to create beams with very narrow beamwidth, known
as pencil-beams [6]. We assume that the connections between every pair of BSs are
realized with point-to-point line of sight communications with pencil-beams hav-
ing negligible mutual interference among BSs [39]. We analyze our network in the
presence of rain which affects a part of the network as illustrated in an example
topology of Fig. 2.2.
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Figure 2.2: An example network topology.

2.2.1 Network Model

We consider a mesh topology consisting of multiple Base Stations (BSs) serving
subscribers in a given region and a number of gateways that transfer the aggregated
data to the core of the network. Throughout this thesis, we convert the continuous
time to discrete time samples with sampling frequency of 1/∆t. Let us assume our
network is affected by rain which lasts for N time samples from t0 to t0 +(N−1)∆t,
where ∆t is the sampling period. We model the network as a graph denoted by
H(V, E), where each vertex v ∈ V represents a BS or a gateway and each edge
(u, v) ∈ E denotes a communication link between BSs (gateways) u and v. We
denote the set of BSs and gateways with S and G, respectively. The traffic generated
at each BS is destined to a particular gateway, which transfers the traffic to the
network core. Suppose that there are K requested flows with demand {dik}Kk=1 at
time sample i, called commodities, which should be transferred to their destination.
The flow corresponding to the k-th commodity passing through the edge of (u, v)
at i-th time sample is represented by xik (u, v). The total amount of flows passing
through a link (u, v) is limited by the link capacity at time sample i denoted as
ci (u, v). The goal is to choose the proper route for serving the requested demands,
in order to maximize a predefined utility function defined as Φ, subject to the
link capacity and demand satisfaction constraints. The above problem can be
formulated as follows:
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maximize
Xi

Φ
(
Xi
)

subject to
∑
u∈V

xik (j, u)−
∑
u∈V

xik (u, j) =


0 otherwise
dik if j ∈ S
−dik if j ∈ G

, ∀k, i , (2.1a)

∑
k

xik (u, v) ≤ ci (u, v) , ∀ (u, v) ∈ E , ∀ i = 1, . . . , N , (2.1b)

xik ≥ 0, dik ≥ dthk , ∀ i = 1, 2, .., N . . . , ∀ k = 1, 2, ..,K . (2.1c)

Constraint (2.1a) ensures the flow conservation at each node, Constraint (2.1b)
specifies that the accumulated flow passing through one link is limited to the ca-
pacity of that link, and Constraint (2.1c) models fairness among the sources by
ensuring a minimum amount of each request denoted as dthk is served. The utility
function in this section is assumed to maximize throughput of the whole system at
each time i. Consequently, the objective function can be defined as:

Φ
(
Xi
)

=
∑
k

dik. (2.2)

where dik represents the demand for k-th commodity at i-th time sample.

2.2.2 Channel Model
Depending on the weather conditions, i.e., clear or rainy sky, the channels between
BSs can be affected by multipath or rain fading. Let Am denote the received power
in dB for a link in clear sky, which is affected by multipath fading, following the
Nakagami distribution [40]:

f (Am) = 2mm

MΓ (m) p̄mr,i
exp

(
2mAm
M

− m

Ām
exp 2Am

M

)
, (2.3)

where M = 20 log(e), while m and Ām represent the shape parameter (directional-
ity) and the average received power for that link, respectively. The average received
power follows the path loss model that depends on the length of the link, transmit-
ted power, and carrier frequency [41].

As we assume that our network may partially be affected by rain, some links,
besides multipath fading, may also experience rain attenuation. Let us define Ar
as the rain attention in dB on a link, which follows a Lognormal distribution:

Ar ∼ lnN (nr, σr) , (2.4)

where nr and σr are mean and standard deviation of ln(Ar), and depend on the
length of the path affected by rain and rainfall intensity [42]. This information
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can be derived from long-term measurements during some years or estimated from
Recommendations ITU-R P.530 [43].

The rain attenuation shows both temporal and spatial correlation. In order to
generate the time series of rain attenuation, the model should capture both time
and space correlation [34, 35, 42, 44]. The time variability is generated by passing
the white Gaussian noise with zeros mean and unit variance from low pass filter
H (z) that has the impulse response given by the Maseng-Bakken model [35]:

H (z) =
√

1− µ2

1− µz−1 (2.5)

where
µ = exp (−β∆t) , (2.6)

where β describes the temporal variation of rain attenuation on one link, and ∆t
is sampling time. To create the Lognormal attenuation Ar with mean nr and
variance σr at each time sample, the filtered signal should be fed into a memoryless
non-linear transformation:

Ar = exp (nr + σrx) (2.7)
where x is output of the low pass filter H (z). Note that this model does not take
into account the transition between clear and rainy sky and it can be only applied
during the presence of rain.

In order to model the space correlation of rain attenuation between different
links, the independent white Gaussian noise for each link is combined with space
correlation matrix P . Entry (i, j) of the correlation matrix, denoted by pij , shows
the correlation coefficient between two links i and j and calculated as:

pij = rij√
riirjj

, (2.8)

where rij describes the spatial correlation between two links i and j, and rii shows
the spatial correlation along path i. To calculate rij , we first need to compute the
rainfall rate correlation between two point that is modeled as:

ϕ = exp (−γD) , (2.9)

where D expresses the distance between two points and γ is de-correlation distance,
defined as the the distance at which ϕ = e−1. By knowing the rainfall rate cor-
relation between any two points on each path, the spatial correlation between two
paths is:

rij =
∫ Li

0

∫ Lj

0
ϕdlidlj , (2.10)

Similarly, rii for each link, is calculated by double integrating (2.9) along path
i. More detailed explanations can be found in [35,45].

Another model for showing the spatial correlation between different links is the
correlated area (CA), defined as a geographical area wherein the wireless channel
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gain has the same statistical distribution [44]. These CAs can be characterized by
using the spatial correlation factor of the rain, shown in equation (2.10). Each CA
consists of a set of links whose spatial correlation rij is greater than a predefined
threshold. Accordingly, we can divide the entire network into several disjoint CAs.
We define the CR+ and CR− as the set of CAs in which rain is present and sky is
clear, respectively. In the following, we assume that these CA sets are given.

2.3 Rain Detection Algorithm

In this section, we propose an efficient rain detection algorithm that uses both time
and space correlation between rain attenuation samples to distinguish between the
clear and rainy sky.

To detect the rain presence in each correlated area, we introduce a binary hy-
pothesis Hj for each correlated area CAj , taking the value of 1 in the presence, and
0 in the absence of the rain in that correlated area:

Hj =
{

0 , if CAj ∈ CR− ,
1 , if CAj ∈ CR+ .

(2.11)

Let pr,lj (i) denote the received power at the receiver of link l in CAj at time
sample i. Based on each hypothesis, the received power at each link located in CAj

will be different as follows:

pr,lj (i)(dB) =
{
Am,lj (i) , if CAj ∈ CR− ,
Am,lj (i)−Ar,lj (i) , if CAj ∈ CR+ .

(2.12)

where Am,lj (i) is the received power on the receiver of link l located in CAj at
i-th time sample shown in equation (2.3) and Ar,lj (i) shows the rain attenuation
on link l located in CAj at time sample i modeled as equation (2.4).

In equation (2.11), the problem of rain detection is expressed as a binary testing
hypothesis. The aim is to develop a decision rule (namely, rain detection algorithm)
that maps the observations to one of those hypotheses, H0 or H1. In particular,
each receiver periodically samples the received power in time intervals bigger than
the coherence time of multipath fading at frequency 1/∆t. Since the coherence
time of multipath fading is much smaller than for the rain fading [46], the samples
would be correlated in the presence of rain. Therefore, we can develop a simple
rain detection algorithm that is executed at the receiver of each link independently
to capture the correlation between power samples. Each receiver keeps M latest
samples of the received power from each incoming link and if ρM , where ρ is a design
parameter, samples are below a predefined power threshold T , called "bad sample",
the presence of rain is declared since the temporal correlation between the samples
was detected. We run our rain detection algorithm in each base station. They
report their local detection results to the CC, which then makes the global decision
on rain presence. Once each node makes the local detection it reports the decision



16
CHAPTER 2. RELIABLE RAIN DETECTION ALGORITHM FOR

IMPROVED NETWORK PERFORMANCE

Record the received power of M 
non-overlapping samples

Add a bad sample in the sample set if 
the received power is below the 

thershold

Current detection= 
Presence of the rain

Report the detection to the 
centralized controller.

Past detection=Current 
detection

Current detection= Clear sky 
Past detection= Current 

detection

Centralized controller combine 
the links local decision located in 

the same CA to make a global 
decision

The number of 
bad samples > 

ρ M

Current 
detection=Past 

detection?

NO

YE
S

YES NO

Figure 2.3: The flowchart for the proposed rain detection algorithm.

to the central controller (CC). The CC then identifies the spatial correlation of rain
samples based on the rain detection statuses of links belonging to the same CA.
The "k out of n" method is used to correlate the link statuses obtained by local
detection within a CA and make the global decision. In this method, if at least
k of n links report the presence of rain, defined as voting links, the CC identifies
the event as rain and triggers the rerouting. The flowchart for our proposed rain
detection algorithm is shown in Fig. 2.3.

The rain detection process is subject to errors that may be caused by two main
factors, i.e., false alarm and misdetection. False alarm probability, denoted as Pfa,
refers to the likelihood of declaring the rain state while being in the no-rain state,
whereas misdetection probability, denoted by Pmd, refers to being in the rain state
but declaring the no-rain state. The detailed computation of these two components
is presented in Paper I. The design parameters such as N and ρ can be chosen to
minimize both error probabilities.

2.4 Impact of Detection Error on Network Performance

Once rain is detected, the SDN controller keeps recalculating the optimal rout-
ing by solving (2.1) and updating the network periodically throughout the rain
duration. Since triggering the rerouting depends on the decision of the rain detec-
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tion algorithm, both misdetection and false alarm can affect network performance.
Rain misdetection may lead to a throughput loss due to the failure to trigger a
network-level reaction and reroute the traffic when it is required. In this case, the
performance would be the same as AMC. On the other hand, false alarms may
pose unnecessary routing overhead on the centralized controller. The detection
error in each CR− , which is equal to the false alarm probability, would introduce
extra overhead on the centralized controller, so the total overhead is equal to:

λe =
∑

j∈CR−

Pfa,j , (2.13)

where Pfa,j shows the false alarm probability of CAj .
AMC is considered as an approach where just link adaptation is applied when

rain happens. Based on this, the throughput gain of our approach is defined as
throughput improvement compared to the AMC approach when the rain detection
is used to trigger the rerouting, and can be computed as follows:

TG = 1
N∆t−M∆t

∫ N∆t

M∆t

1−
∑

j∈CR+

Pmd,j

R(t)−RAMC(t) dt , (2.14)

where N∆t andM∆t denote the rain duration and time required for rain detection,
respectively. Pmd,j represents the misdetection probability of CAj , More detailed
information about this work can be found in Paper I and Patent I of the thesis.

2.5 Performance Evaluation

In this section, the performance of the proposed algorithm is evaluated by custom-
built MATLAB simulator. The received power is sampled every ∆t = 10ms, which
is longer than multipath fading coherence time. The carrier frequency of 30 GHz
is assumed according to the commonly used values in the microwave backhaul
networks [47]. The mean and variance of rain attenuation are obtained according
to [28].

We first evaluate the impact of different parameters on the efficiency of our rain
detection algorithm via simulations. We consider both design-related parameters
such as ρ, the number of samples M , and the number of voting links in a CA, as
well as environment-dependent parameters such as rain rate r. Secondly, by using
our rain detection algorithm to trigger the rerouting process, we investigate the
impact of the detection error on network throughput and the imposed overhead to
the controller.

The total error probability is defined as Pe = z1Pfa+z2Pmd, where 0 ≤ z1, z2 ≤ 1
are two constants representing the probability of clear or rainy sky, respectively.
This information can be extracted from yearly measurement statistics. In this thesis
it is assumed that the probability of rain and clear sky is equal, z1 = z2 = 0.5. In
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Figure 2.4: (a) The total error probability as a function of the number of samples.
(b) The impact of the number of voting links in one CA to the total error probability.
In both figures the probabilities of rain and clear sky are equal to 0.5.

our simulations, we consider a wireless mesh network where some links are affected
by rain while others have only multipath fading.

Fig. 2.4a shows the variation of the total error probability with time dependent
parameter M for different rain rate r and design parameter ρ. Using a higher
number of samples (M), which implies longer detection time, improves the detection
accuracy. In addition, the results show that by choosing ρ = 0.7 the detection error
decreases significantly, while ρ = 1 may cause a large error. This is because in ρ = 1,
rain is announced when all samples are accounted as bad samples, however, due to
multipath fading variation in received signal the probability that all samples become
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Figure 2.5: The impact of detection error on (b) throughput gain, and (b) overhead.

below certain threshold is very small. For instance with the same number of samples
M = 15, the error probability drops about 40% when rain rate is r = 20mm/hour
just by choosing a proper value for ρ.

Fig. 2.4b shows the behavior of the total error probability as a function of the
number of voting links (k) that are considered in the global detection. The results
show that cooperative decision with an appropriate number of voting links improves
the detection accuracy up to 95%. In our simulation, the best detection result is
achieved when CC declares the presence of rain if at least 3 links out of 6 links in a
CA detect rain. In this cooperative decision process, higher number of voting links
decreases the likelihood of false alarm while increasing the misdetection probabil-
ity. On the other hand, a lower number of voting links causes lower misdetection
and higher false alarm probability. Therefore, to minimize the summation of both
probabilities with the same weight, e.g., 0.5, the best performance is achieved when
half of the total voting links are considered.

To validate the effect of the detection error on network performance, especially
the system throughput, we consider a backhaul network with 7 BSs and one gate-
way, partially affected by rain, as shown in Fig. 2.2. Our rain detection algorithm
is used to trigger the rerouting.

Fig. 2.5a shows the throughput gain obtained by our approach, i.e., the through-
put achieved by network-layer adaptation compared to the one achieved by only
AMC, that verifies the importance of maintaining a low detection error. The re-
sults indicate the linear dependency of throughput gain and misdetection error as
captured by equation (2.14). Similarly, the overhead evaluation in Fig. 2.5b ver-
ifies that increasing the false alarm probability linearly increases the unnecessary
rerouting. However, it is shown that a small error rate (e.g., 10−2) caused by our
proposed rain detection algorithm is acceptable, still leading to a high throughput
gain while minimizing the network overhead.

We run our detection algorithm and rerouting procedure on a realistic microwave
backhaul network deployed in Sweden. The topology considered in the simulation
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Figure 2.6: Throughput comparison when different adaptation schemes are applied.

consists of 41 MBS and 5 gateways which are connected with mesh topology. The
real data set includes the real received power measurements sampled in each 10s
provided by a network operator. To evaluate the throughput gain by using our rain
detection algorithm, denoted as active rerouting, we consider two approaches that
provide lower and upper bounds on the network throughput. The upper bound on
throughput is achieved when the network adaptation is triggered very frequently (in
our simulation it is carried out every 5 min), denoted as regular rerouting. In such
a scheme, a short-term multipath fading is also considered as a cause for rerouting.
The AMC approach with no rerouting provides a lower bound on the throughput
as it does not support any rerouting.

Fig. 2.6 presents the throughput of the three considered schemes. The results
verify that rerouting the traffic very frequently, even considering the multipath
fading, does not provide throughput gain. However, re-optimizing the routes when
rain is detected is sufficient to achieve good network throughput, which is about 14%
higher than throughput obtained by AMC approach in the worst rain attenuation
condition. With 41 base station deployed in our network, this gain means that
each MBS can support on average 20 = 800/41 Mbs more data rate using rerouting
adaptation compared to AMC approach, which is a significant improvement as 20
Mbp lower data rate may interrupt the service level agreement.



Chapter 3

Consistency-aware Rerouting
Framework

The dynamic nature of network requires online adaptation in response to varying
link capacities due to weather disturbances, which is not an easy task even under
one central unit such as SDN controller. Reconfigurations in SDN are performed
through updating the switches’ flow tables by the centralized controller, where each
network element updates its flow table individually and without synchronizing with
others [13]. The asynchrony between different switches may lead to unwanted inter-
mediate states and network inconsistency. The imposed inconsistencies create flow
disturbances or packet loss, which deteriorates network performance such as delay
and network throughput. Therefore, frequent reconfigurations at predefined times,
as considered in the previous chapter, carried out without considering their adverse
impact on the network may not provide the expected gain due to inconsistency. In
this chapter, we present a model to compute the minimum imposed inconsistency
during reconfiguration which is defined as the cost that must be paid for adapting
the network to the new situation. Knowing the throughput gain and the cost of
rerouting, we propose a rerouting policy that determines the best time for applying
the optimal computed routes to the network with the objective to minimize the data
loss during rain. Due to the temporal correlation of rain attenuation, the decision
at each time interval depends on the future network states. To predict the future
rain attenuation, our proposed method uses an unbiased estimator and considers
that estimation in the rerouting approach. The simulation results obtained on both
synthetic and real data show that using our rerouting policy significantly decreases
the data loss compared with applying regular rerouting at predefined times.

3.1 Related Work

Depending on the application using SDN architecture, various types of consistency
are defined in the literature including memory limit, packet drop freedom, loop free-
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dom, packet coherency, and congestion-free consistency [13,14,20,25–27,48]. Each
of these consistency properties implies certain rules in applying newly computed
routes. To make sure that the transition is memory-limit consistent, the old rules
should be deleted before new rules are updated in a flow table. The authors in [20]
propose an update algorithm for loop freedom consistency which assures that none
of the packets traverse a loop in intermediate states. Packet-coherence consistency
is studied in [48] by proposing an algorithm that ensures packet- and flow-level con-
sistency while minimizing the transition overhead. This type of consistency implies
that each packet is routed either according to the new rule or the old one at all
nodes, but not their combination. To do so, the authors in [48] tag a certain packet
with the old rules or the new rules. Many studies, including [13,14,25–27], propose
various congestion-free update algorithms. In congestion-free update, one should
ensure that the amount of flows passing any link during transition satisfies the ca-
pacity constraint. A simple approach for ensuring this is to avoid one shot updates
and sequentially move out the exiting flows before adding new ones to each link to
avoid transient overflow. The work in [14] introduced SWAN algorithm to adapt
to dynamically changing traffic demands with zero transition loss with a sequence
of intermediate states. In this method, to avoid congestion, new traffic distribution
and tunnels for all flows are computed for each intermediate state. The zUpdate
algorithm proposed in [25] supports zero-loss update for data center network by
calculating the sequence of traffic matrices that should be applied to the switches’
flow tables. To avoid congestion, both aforementioned approaches assume that all
network elements support flow splitting at any proportion and rely on creating in-
termediate traffic distribution. Introducing the intermediate states during updates
may complicate the update process or even disturb the users’ QoS due to larger de-
lay experienced in intermediate states than in the initial and final states. Moreover,
it is shown that these approaches require extra capacity on each link to guarantee
the feasibility of congestion-free update, which results in a great waste of capacity.
Consequently, in networks with unsplittable flows and high link utilization, conges-
tion cannot be avoided. In such scenarios, the only possible approach is to accept
the congestion that will occur and try to minimize it.

The work in [27] tries to minimize both the update time and the imposed con-
gestion just by manipulating the sequence of flow updates without creating any
intermediate paths or traffic matrices. In a similar way, the authors in [13] propose
Dionysus algorithm to optimize the update time and calculate the fastest update
sequence. However, they consider dynamic switching delay for each OpenFlow
switch as they show that the switching time for each network element varies over
time depending on their load and type of update. In case when there is no feasible
solution for congestion-free update, the algorithm limits the rate of some flows. The
work in [26] considers the trade-off between the imposed congestion and the update
deadline, and designs a sequential update algorithm based on user-specific require-
ments. However, the approaches for computing and minimizing congestion in the
aforementioned studies cannot be applied to the wireless network where the initial
condition of the network becomes infeasible because of the rain degradation. In
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such degraded network, a delay in removing the affected flows as a response to link
degradation produces data loss that should be taken into account when defining
the timing and sequence of network updates.

3.2 Problem Description

The rain attenuation fluctuations may make the solution applied in one time inter-
val not optimal in the next one. Adapting the network in each time interval during
rain offers the best network performance in each period. However, unplanned in-
termediate states during transition may increase the data loss. Therefore, frequent
adaptations without considering the cost of rerouting may create huge data loss
since it might happen that the loss during rerouting outweighs the rerouting gain.
This inherent tradeoff between the gain and the cost of rerouting leads us to search
for the most efficient policy for organizing the rerouting process. At the beginning
of each time interval, upon calculating the alternative routes which would yield
maximum throughput, two options are available: 1) let the network operate using
existing, suboptimal paths during that time interval and accept the throughput
loss, or 2) apply the new routes and accept the switching cost related to adapting
the network to the new routing solution. Our objective is to find the best action
policy at each time so that the total data loss is minimized. In this section, we
first compute the switching cost by minimizing the imposed congestion at each time
sample using mixed integer linear programming (MILP). Then by knowing the cost
of rerouting, we formulate our problem to find the best sequence of decisions for
minimizing the total data loss.

3.2.1 Switching Cost Minimization

The transient congestion incurred during network reconfiguration can be considered
as the cost of keeping the network operating as close to the optimal throughput
as possible. By applying sequential updates, the amount of congestion during
transition can be minimized, but it also creates delay. If the adaptation is performed
in response to a failure such as a link degradation below a certain threshold because
of rain, the extra delay causes data loss. In this situation, one shot flow update, i.e.,
updating all the flows at once in non-sequential manner, may produce less transition
loss caused by asynchrony between different switches, compared to a data loss due
to the delay of sequentially updating the flows to their final state. Therefore, in
case of a wireless network undergoing capacity degradation, two events contribute to
the data loss during reconfiguration: 1) the asynchrony between different switches
minimized by sequential, rather than one shot flow updates, and 2) the delay in
updating the affected flows that is minimized by removing them from the degraded
links as soon as possible. In sequential updates, sometimes the data loss due to the
latter issue may exceed the former one, so the affected flows should be moved to
the final state even if their destination links are still occupied with the old flows.
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Figure 3.1: A network is updated from initial state (1) to final state (5) through
4 steps. (a) shows the flow migration according to policy [F4 → F3 → F2 → F1],
and (b) shows the flow migration considering the initial network state, namely
[F2 → F4 → F3 → F1].

In the following, we first provide an illustrative example to clarify the causes of
imposed congestion and then we compute the minimum imposed congestion due to
these factors by formulating the problem as a MILP problem.

The impact of the flow update order on the total loss is shown in an illustrative
example in Fig. 3.1. Each edge has the capacity of 10 units except (B1, B4) with
the capacity of 13 units. There are 4 flows in the network, denoted as F1, F2,
F3, and F4, with initial routes depicted in the figure. Once the network is affected
by rain the capacity of link (B1, B4) decreases to 5 units. To minimize the data
loss due to rain, the traffic flows are updated from the initial (step 1) to the final
state (step 5) through 4 consecutive steps. One possible sequential update that
tries to minimize congestion but does not consider the initial state of the network
and rain degradation is [F4 → F3 → F2 → F1]. Using this plan, we can minimize
the transient congestion due to switch asynchrony, but 8 + 3 + 3 = 14 units of
data are lost due to the delay in response to the rain degradation. However, taking
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the initial condition of the network into account and trying to minimize the total
loss yields solution [F2 → F4 → F3 → F1], where the F2 are evacuated as soon as
possible and the resulting data loss is equal to 3 + 3 + 3 = 9 units.

Let us assume that X i represents the set of all flows that exist in the network at
the beginning of the current time sample i, and X io is the set of optimal flow routes
in the present time interval, obtained by solving the optimization problem from
equation (2.1). In this section, we formulate an optimization problem to find the
best sequence for updating flows such that the total transition loss is minimized and
compute the minimum transient congestion imposed to the network at i-th time
sample if the network state changes from X i to the new routes X io . The optimization
problem provides a solution that considers both the data loss generated because
of asynchrony between switches and the delay in updating the affected flows. The
flows are assumed to be unsplittable during transition. Let xk (u, v) ∈ X i denote
the amount of flow k that passes through link (u, v) in the current state, similarly
x′k (u, v) ∈ X io is the updated flow for flow k on link (u, v), computed according
to the new network condition. We assume that the link capacity does not change
during transition since the flow update time, denoted as α, is typically by an order
of magnitude shorter than the sampling time. Let U define the set of all flows
affected by the link capacity deterioration. It should be noted that if the updated
solution just limits the rate of a flow but does not change its route, this flow is not
denoted as updated and is not included in U . Let us divide the total flow update
time α into R rounds. In each round, defined as s, one or more flows migrate
to their final states. We define a binary matrix Y as a migration matrix, where
element yk,s = 1 if flow k is updated to its final state at round s. As no intermediate
state is allowed during the update, each flow should be transferred to its final state
once, which poses the following constraint on the optimization problem:

R∑
s=1

yk,s = 1 . (3.1)

At round s, each link (u, v) may be carrying two types of flows because of asyn-
chrony between different switches. The first type is background traffic, comprising
flows that are not transferred to their final destination before time s, and the second
type is the new incoming flow that is transferred at round s. The corresponding
constraint is formulated as follows:

fk (u, v) +
∑
k

yk,sIk (u, v) ≤ c (u, v) , (3.2)

where fk (u, v) is the background traffic on link (u, v) in round s, and can be
calculated as:

K∑
k=1

xk (u, v)
s−1∑
l=1

yk,l +
K∑
k=1

x′k (u, v)
(

1−
s−1∑
l=1

yk,l

)
(3.3)
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and Ik (u, v) represents the amount of added flow k at link (u, v), given by:

Ik (u, v) = max {0, x′k (u, v)− xk (u, v)} (3.4)

To compute the amount of data lost during transition, we define bs (u, v) as a
variable that models the amount of link capacity required to satisfy constraint (3.2).
The sum of the required capacity bs (u, v) over all links translates to the total data
loss. Therefore, the objective is to find the best migration matrix such that the total
amount of required capacity for all links during R rounds is minimized. Increasing
the total number of rounds R may allow for a decrease in the transition loss due
to asynchrony, while it may also increase the transition loss because of the delay in
updating the affected flows. In this thesis, we assume a fixed value of R such that
the update time (R) is low, however it can be optimized to obtain less transition
loss. The following optimization provides the best migration matrix in terms of
transition loss:

minimize
Y,B

R∑
s=1

∑
(u,v)

bs (u, v)

subject to
R∑
s=1

yk,s = 1, ∀k,

(3.5a)

fk (u, v)+
∑
k

yk,sIk (u, v) ≤ c (u, v)+bs (u, v) , ∀ (u, v) , s

(3.5b)
yk,s ∈ {0, 1} , bs (u, v) ≥ 0, ∀k, s, (u, v) (3.5c)

Constraint (3.5a) ensures that each flow is transferred to its final state just once,
and Constraint (3.5b) limits the total amount of flows on each link to its capacity.

3.2.2 Total Data Loss Minimization
After modeling the switching cost and determining the optimal update sequence
that minimizes the imposed congestion during transitions, we proceed to compute
the overall gain of rerouting and formulating the total data loss.

Recall that X io contains all optimal traffic flows in time sample i , and X i is the
set of all traffic flows that already exist in the network, i.e., the state of the network
at time sample i. If the network is not updated to the optimal solution X io , the
data loss rate due to solution sub-optimality over i-th time interval [i∆t, (i+ 1)∆t]
will amount to TG (i). Therefore, TG (i) expresses the gap between the optimal
throughput that would be obtained by applying the optimal routing solution X io ,
and the network throughput obtained by keeping the existing flow state X i. Hence,
the optimal gap can be written as:

TG (i) = T
(
X io , Ci

)
− T

(
X i, Ci

)
(3.6)
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where T
(
X i, Ci

)
and T

(
X io , Ci

)
represent the network throughput obtained by

applying routes X i and X io , respectively, for link capacities Ci.
Knowing the gain and the cost of rerouting at each time interval allows us to

formally define the problem of finding the optimal rerouting policy. The policy,
denoted as π, comprises a sequence of rerouting decisions at each time interval i,
denoted as ui. It is a binary variable whose value of 1 denotes the decision to
reroute, while 0 means no rerouting takes place.

Assuming that rain will last for N time samples, we define π = {u0, ui, ..., uN}
to be rerouting policy, i.e., a sequence of rerouting decisions in each of the N time
samples. The objective of our approach is to minimize the total data loss during
adaptation to the rain, formulated as follows:

Jπ =
N∑
i=0

TG (i) ∆t (1− ui) + SC (i)αui (3.7)

Depending on the decision at each time interval, the total data loss will be
different. Choosing ui = 0 means that the existing routes remain applied to the
network in the next time interval. The data loss in this case arises only due to
applying suboptimal solution and is equal to the throughput gap TG (i) ∆t during
i-th time interval [i∆t, (i+ 1)∆t]. Setting ui to 1 will change the network state to
the optimal one at the price of the switching cost, which is equal to SC (i) during
flow update time α computed by solving the optimization problem (3.5).

An optimal policy π∗ is the one that minimizes the total cost over all combina-
tions of π, given by:

Jπ∗ = min
π

Jπ (3.8)

The problem formulated in (3.8) can be considered as a dynamic programming
problem since, firstly, its state transition in the ith time sample depends on the
control variable ui which must be chosen from a finite set {0, 1} and, secondly, the
cost accumulates over time and its total, final value depends on the visited states,
namely TG (i) and SC (i), and the control policy ui at each time interval i [49].
In the next section, we present the online solution for solving our optimization
problem.

3.3 The Proposed Online Algorithm for Efficient Rerouting

While solving the proposed DP problem, we must consider two key points. Firstly,
the policy at time sample i depends on the future steps and requires knowledge of
future states. This challenge is solved by using prediction of the rain attenuation for
future time samples. We propose a naive estimator with low complexity that lever-
ages on the Lognormal distribution of rain attenuation and provides a prediction
of the future states. The second point is related to the choice of the time horizon
that we should consider for our optimization, denoted as w. The time horizon w
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depends on many factors and it will affect the complexity and performance of our
algorithm. In this section after describing the procedure for predicting the rain
attenuation, we provide some guidelines for choosing an appropriate value for the
time horizon by considering the trade-offs between the complexity and performance
of our algorithm. Finally, we describe the details of the proposed online algorithm
for minimizing the total data loss during rain.

3.3.1 Rain Attenuation Prediction
The temporal model of rain attenuation explained in Chapter 2 shows that rain
attenuation behaves as a first order Markov process. Hence, knowing the attenu-
ation at time sample i provides sufficient information to generate its statistics in
the upcoming time samples. The probability of rain attenuation in future time
samples based on the attenuation at time sample i is modeled with the following
distribution, as described in [28]:

fAr
(i∆t|Ar (t) = a0) = lnN (p1 (a0) , p2, α0) (3.9)

where
p1 (a0) = n1−exp(−β|i∆t|)

r .a
exp(−β|i∆t|)
0

p2 = σ2
r (1− exp (−2β |i∆t|))

Parameters nr and σr are mean and standard deviation of lnAr, respectively. The
time dependence is described by β.

A naive and simple estimator of a random variable with known probability
distribution is:

Âr (i∆t) = E {fAr
(i∆t)} (3.10)

where E [.] shows the expectation operator applied to rain attenuation. To evaluate
the performance of our estimator, we define the prediction error as:

P ie = Pr
{∣∣∣Ar (i∆t)− Âr (i∆t)

∣∣∣ ≥ ε} (3.11)

where P ie denotes the probability of having the absolute error higher than predefined
threshold, denoted as ε, at i-th time samples. It is shown in Paper II that the P ie
increases exponentially with i.

3.3.2 Finite Time Horizon Definition
To choose an appropriate value for the time horizon w, we should consider the
following points:

• As the model for rain attenuation does not model the presence and absence of
rain, the time for applying our DP algorithm cannot exceed the rain duration
N , w ≤ N .



3.3. THE PROPOSED ONLINE ALGORITHM FOR EFFICIENT
REROUTING 29

• As proved in Paper II, the estimation error increases exponentially with i.
In the interval [i, i+ w], the prediction of the w-th time sample produces the
highest error. Therefore, we should limit w so that the estimation error for
the w-th time sample is lower than a predefined threshold. More explanation
can be found in Paper II.

• The complexity of finding the solution for the total loss minimization problem
in (3.7) grows exponentially with w, as shown in Paper II.

Considering the explanations above, there is a trade-off between the optimality
of the solution, computational complexity, and prediction error that should be noted
when selecting a proper value for w.

3.3.3 The Optimal Control Action with Prediction (OCAP)
Algorithm

By choosing a proper value for w our problem is translated to a short term plan-
ning problem. A wide variety of algorithms have been proposed for online convex
optimization problems with a finite time horizon. We use a well-known process con-
trol method called Model Predictive Control (MPC), also referred to as Receding
Horizon Control (RHC), to solve our problem. MPC relies on dynamic modeling
of processes which allows for the optimization of the current time slot taking the
future time slots into account as well. The ability of MPC to consider the anticipa-
tion of future events and take control actions accordingly makes it very applicable
for solving our problem. In the rest of this section, we apply the MPC algorithm
to solve our optimization problem.

The rerouting control action at each time is determined by the proposed al-
gorithm which we refer to as Optimal Control Action with Prediction (OCAP),
summarized in Algorithm 1. The set of existing applied routes which corresponds
to the initial state of the network as well as the time horizon w are given. To initial-
ize our algorithm, we set i = 0 and compute the throughput gap TG and switching
cost SC at time 0. At time i, the algorithm has the exact information about the
current state of the network and based on that, calculates TG (i) and SC (i). Let us
suppose that Q(X i) is an estimator that will provide the information about future
states during [i+ 1, i+ w] based on current attenuation information for each link
using equation (3.10). Applying this estimator, the algorithm has all the required
inputs to solve the problem given in equation (3.8) by using the MPC algorithm for
each of the w intervals starting from current time i. By knowing the exact value
of TG and SC in the current time and predicting the future state of the network,
the stochastic optimization problem shown in equation (3.8) is transformed into a
deterministic optimization problem, which can be solved relatively easy. Due to
a finite number of states during w time frames, equation (3.8) can be represented
by a transition tree where each arc is labeled with the cost of transition from the
previous to the next state depending on the decision policy. By introducing one
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Algorithm 1 OCAP algorithm for computing optimal rerouting policy during rain

1: Given: Time horizon w, network H, initial routing X 0, rain duration N , link capac-
ities C0.

2: Initialization: Set time sample to 0 and measure the rain attenuation for each link.
Based on that compute the initial values of TG (0) and SC (0).

3: while i + w ≤ N do
4: Predict the rain attenuation for each link during interval [i + 1, i + w].
5: Compute TG (k) and SC (k) for each time sample during interval [i + 1, i + w].
6: Find the control sequence {ui, ui+1, ..ui+w} that solves the deterministic problem

from equation (3.7) for interval [i, i + w], substituting TG (k) and SC (k).
7: Update ui with calculated policy just for the i-th time sample.
8: if ui = 1 then
9: Applied the new computed route in X i

o .
10: Update the network state X i+1 = X i

o .
11: end if
12: i← i + 1.
13: end while

virtual end state, the shortest path algorithm can be used to calculate the path
with the lowest cost from the initial state to the final state [49]. The optimal so-
lution to the optimization problem provides the set of optimal rerouting control
actions which minimize the total data loss. We apply the control action for each
interval i individually and repeat the algorithm for the next time slot. In Paper
II we compute the complexity of our proposed algorithm as a function of the rain
duration N , the number of base stations V and the length of the time horizon w. It
is shown that the computational complexity of our proposed algorithm is equal to
O
(
Nw2w +NV 2 + 2NwV 3) which increases exponentially with the time horizon

w. For a small fixed value of w, the complexity increases with the cube of network
size V .

3.4 Performance Evaluation

In this section, we evaluate the performance of our proposed optimal policy by
applying it to a synthetic and to a city-wide topology deployed in Sweden. MAT-
LAB is used as simulation platform to generate all the results. In the first part
of our evaluation, the results are generated for one instance of rainfall based on
the time series model explained in Chapter 2. To generalize the evaluation, we run
the algorithm for 200 different randomly generated rain instances and obtain the
average performance. Finally, we use the real topology and real data measurements
to verify the applicability of our algorithm in realistic scenarios. For benchmarking
purposes, we implement 3 rerouting policies and compare them to our proposed
OCAP approach:
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Table 3.1: Simulation parameters.

Parameter Description Value
∆t Sampling time 10 s
α Flow update time 2 s
N Rain duration 50 min
w Time horizon 30 s
r Rain rate 20 mm/hour
σr Rain attenuation standard deviation 1.14 dB
β Temporal variation of rain attenuation 1/9 min−1

1. Regular action (RA): it reconfigures the network upon every change of the
channel conditions in each time frame ∆t;

2. Greedy action (GA): rerouting depends only on the current network con-
dition without considering the future states, namely w = 0;

3. Optimal Control Action with perfect knowledge (OCA): a modifica-
tion of our rerouting policy assuming that the perfect knowledge of all future
states of the network is available. Note that the OCA with large enough
time period (i.e.,w = N) policy provides an upper bound on the achievable
performance.

3.4.1 Synthetic Network
The topology and the network model assumed in this section is the same as the one
in Chapter 2. To recall briefly, we consider a wireless mesh network that consist of 6
BSs, where 6 traffic flows are generated from each BS and directed to one of the core
network gateways. The objective is to provide the routes for each flow such that the
throughput is maximized. We generate the rain samples based on the time series
model explained in Chapter 2, where the sampling interval is ∆t = 10. The short-
duration rainfall (the duration less that 1 hour [50]) which occurs more frequently
in summer is considered for our simulation, however, the proposed algorithm is
applicable for arbitrary rain duration. The assumed simulation parameters for the
mean and standard deviation of rain attenuation as well as the flow update time α
are reported in Table 3.1.

Fig. 3.2 shows a comparison of the total data loss during rain duration obtained
by our online OCAP and the three benchmarking rerouting policies. The results
indicate that, when switching cost is considered, applying the RA without tak-
ing into account the network conditions increases the transition data loss, which
highlights the non-negligible impact of the switching cost. The proposed OCAP
policy minimizes the transition data loss during network adaptation to the changed
conditions, yielding 79% lower total loss than RA. Moreover, the OCAP algorithm
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Figure 3.2: The total data loss obtained by the OCAP, OCA, RA and GA rerouting
policies.

approaches the lower bound on the loss obtained by OCA with less than 8% devi-
ation, indicating its robustness to the error in estimating the future states of the
network. Another interesting conclusion from this figure is the poor performance
of GA compared to the online algorithm with prediction. This indeed implies the
importance of taking rerouting decisions based on future network conditions, even
in the presence of prediction error.

The parameters that affect the performance can be divided into two categories
including environment-related factors such as rain rate r and flow update time α,
and design-related parameters such as time horizon w. To analyze their impact
on the algorithm performance, we run a set of simulations by varying one of the
parameters while fixing the others to the same values as in Table 3.1.

Fig. 3.3 shows the impact of the flow update time α on the performance of
our algorithm. The results show that our OCAP has a superior performance, and
the performance gain improves with the increase of the flow update time values
which correspond to higher switching costs. Furthermore, increasing the switching
cost increases data loss in RA, whereas our OCAP is substantially less sensitive
to dramatically longer the flow update times. This highlights the applicability of
our algorithm to support guaranteed QoS levels for networks with varying flow
update time. More results regarding the sensitivity analysis for synthetic data are
presented in Paper II.

To evaluate the average performance of our algorithm, we apply it to 200 ran-
domly generated rainfall series and record the average data loss. Fig. 3.4 depicts
the average data loss obtained by all four rerouting policies. The results clearly
generalize those of Fig. 3.2 and indicate the superior performance of our proposed
algorithm. On average, OCAP reduces the total data loss by 67% compared to
RA. Moreover, it obtains only 9% greater data loss compared to the OCA approach
which uses perfect knowledge about the future rain attenuation.
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Figure 3.3: Data loss variation for different flow update time [α] obtained by the
proposed OCAP policy and the RA policy.
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Figure 3.4: The average data loss obtained by OCAP, OCA, RA and GA.

Fig. 3.5a illustrates the effect of rain rate on the average total data loss. As
expected, heavier rain causes greater data loss in the beginning, however it reaches
the steady state sooner than for the medium and light rain rate (similarly to [51],
we consider r ≥ 20 as medium rain and r ≥ 40 as heavy rain). In the steady
state of the network no further improvement is achieved by further rerouting. The
results also indicate that the total data loss in the steady state of the network is
approximately the same for medium and heavy rain. This is because after a certain
level of rain attenuation, the link capacity is heavily deteriorated and many links
cannot be used for rerouting. Even though the transition loss for medium and
heavy rain seems to converge to the same value, the total network throughput for
higher rate rain decreases significantly, as shown in Fig. 3.5b. From Fig. 3.5b it can
be inferred applying our proposed algorithm OCAP under heavy rain rate provides
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Figure 3.5: The impact of rain intensity on (a) average data loss and (b) total
network throughput.
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Figure 3.6: A part of a microwave backhaul topology deployed in Sweden. The
base stations are shown with empty circles and filled black circles are the possible
gateways.

more gain. The sensitivity analysis for the rest of the parameters is reported in
Paper II.

3.4.2 Real Network

In order to verify the performance of our algorithm in realistic scenarios, we apply
it on an actual deployed network with real data measurements. The topology
considered for this analysis is a part of the tree-like backhaul topology deployed
in a city in Sweden, modified by adding links to turn it into a mesh and make it
suitable for applying our algorithm. The mentioned topology is shown in Fig. 3.6
comprising multiple BSs considered as traffic sources and several gateways that can
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Figure 3.7: The total data loss over time obtained by OCAP, RA, and GA.
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Figure 3.8: (a) Number of reconfigurations and (b) network throughput gain for
different policies.

be used as a destination by different BSs. The data set contains the received power
for each BS sampled every 10s.

Fig. 3.7 shows the total data loss obtained by applying the OCAP, OCA, RA
and GA approaches to the network inFig. 3.6. The results indicate significant
improvements obtained by OCAP compared to GA and RA. For instance, rain
prediction for only 3 future samples decreases the transition data loss by 64%
compared to GA. The result for GA policy shows that just looking at present time
may reduce the data loss at current time, but causes the same data loss as RA after
half an hour (2000s). Comparing the results of OCAP to OCA clarifies that even
with the presence of prediction error, our algorithm performs closely (e.g., with in
9% ) to the OCA policy.

Fig. 3.8a shows the total number of reconfigurations during 1000s and Fig. 3.8b
represents the total throughput gain compared to adaptive modulation and cod-
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Figure 3.9: The impact of different time horizon for our OCAP and OCA.

ing (AMC) approach for OCA, OCAP, and RA. The results indicate that OCAP
achieves higher throughput gain with 2 times less reconfigurations than RA (shown
in 3.8a) by wisely picking the time for triggering the rerouting process. The num-
ber of reconfigurations for OCAP approach is equal to 8 which is higher than OCA
due to prediction error, but still is half of the reconfiguration in RA decision policy.
Regular action reconfigures the network 19 times without achieving any gain due
to ignoring the switching overhead. The results in Fig. 3.8b show that RA achieves
the poorest performance, obtaining the lowest throughput gain due to data loss
caused by careless reconfigurations. OCA performs the best and is closely followed
by OCAP that eventually accumulates slightly greater loss, which is in line with
its higher number of reconfigurations due to prediction error.

Fig. 3.9 analyzes the sensitivity of the total data loss to the time horizon dura-
tion. The results show that for both OCA and OCAP algorithms, increasing time
horizon w decreases the data loss. However, the difference in the total data loss
obtained for different time horizons w diminishes at higher values of w. Chang-
ing w = 1 to w = 3 reduces the OCAP losses by 61%, while further increasing
w = 3 to w = 5 results in much lower performance improvement (only 13%). As
the complexity of our proposed algorithm increases exponentially with w, the gain
achieved for higher values of w can be neglected after a certain value of w. This
shows that our approach already performs very well for relatively low values of w,
where it obtains a beneficial trade-off between the computational complexity and
performance. Another interesting conclusion that can be drawn from these results
is that the OCA algorithm is more sensitive to the time horizon w compared to
OCAP which uses prediction for future samples. For instance, increasing w from
3 to 5 in case of OCAP reduces the amount of data loss by 13%, while in OCA
approach the reduction gain is 33%. The main reason is that larger time horizons
are associated with greater prediction errors. Our OCAP algorithm performs better
for higher w but worse for less accurate predictions of the future network states.
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These two effects cancel each other, and consequently higher w may not provide
similar gain for OCAP compared to the OCA approach, but exponentially increases
the complexity of the rerouting algorithm in both cases. Therefore, an appropriate
value for w in case of prediction-based OCAP must be less than the one chosen in
OCA algorithm due to estimation error.

To conclude, the evaluation results indicate that OCAP algorithm is a promis-
ing solution that minimizes the total data loss during network adaptation by wisely
picking the time for applying the computed routes. Moreover, OCAP algorithm not
only minimizes the number of reconfigurations, but increases the network through-
put.





Chapter 4

A Techno-economic Framework for
5G Backhaul Networks

While the work presented in previous sections focuses on optimization of the mi-
crowave backhaul segment in the presence of rain, the decision on the backhauling
technology in terms of profitability and the overall cost optimization requires a
detailed techno-economic analysis. Knowing that already the cost of the backhaul
segment is an unnegligible part of the total cost of ownership (TCO) in homoge-
neous wireless networks [52], it can be expected that, with an increasing number
of small cells (i.e., as in a HetNet deployment) the impact of the backhaul segment
on the TCO of radio access networks (RANs) will become even more critical [53].
Hence, in order to assess the TCO for mobile network both the access and the
backhaul segment should be considered. While many studies focus on providing
cost efficient backhaul solutions for HetNets, e.g., [29–32], none of them provides a
complete and general framework for TCO estimation that can be applied for both
heterogeneous and homogenous networks with both fiber and wireless technology.
Apart from TCO, it is also of paramount importance for a network operator to
understand whether a certain mobile network deployment plan is profitable or not.
Pure TCO calculation of a given mobile deployment solution is not sufficient to
understand its profitability, which depends on many other factors, such as initial
investment, user penetration, revenues during network operating phase, competi-
tors, and regulations. Moreover, a dynamic analysis, which can take into account
how these parameters vary over time, is vital for the economic viability assessment.
This is because both the yearly cash flow and the net present value (NPV) (i.e., two
key parameters in assessing business viability) are time-dependent [54]. Our work
addresses this issue by providing a complete techno-economic framework which in-
cludes both the TCO calculation and an economic viability analysis for any type
of mobile access network deployment as well as various backhaul technologies. The
framework includes: 1) a detailed breakdown of the capital expenditures (CAPEX)
and operational expenditures (OPEX), which are parts of TCO, for fiber and wire-
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less backhaul technologies, both of which are expected to provide high capacity for
future mobile networks [55], and 2) the NPV analysis for profitability estimation
based on the yearly cost and cash flow calculation. We carry out a case study with
different scenarios focusing on both fiber and microwave technology assuming homo-
geneous and heterogeneous access deployment. The obtained results indicate that
fiber may be the most cost-efficient technology to provide a high-capacity backhaul
solution for heterogeneous network deployments in high density area. Moreover,
the NPV results show that a lower TCO does not always lead to higher profits.

4.1 Related Work

A large number of studies focus on the cost evaluation of different backhaul tech-
nologies, such as [29–32]. In [31], different microwave-based backhaul topologies
(including mesh and tree) are compared with respect to their total cost. The au-
thors consider only the cost related to CAPEX and reach the conclusion that mesh
topology is the most cost efficient option under different requirement of traffic de-
mand and reliability. The authors in [32] design a cost efficient passive optical
network (PON) architecture to backhaul the small cell traffic and compare it with
point-to-point fiber deployment. The utilized cost model considers both CAPEX
and OPEX, but focuses on the fiber-based backhaul solutions and is not general
enough to be applied to other backhaul technologies, such as microwave solutions.
The work presented in [30] compares the deployment cost of backhauling in a long
term evolution (LTE) homogeneous wireless network considering various backhaul
technologies. However, this study was done only for homogeneous wireless deploy-
ment, and the impact of small cells has not been evaluated. In [29], the authors
investigate various wireless architectures (both homogenous and heterogeneous) and
try to assess the impact of backhaul on the total TCO. Unfortunately, the model
in [29] leaves many important details on cost calculation unspecified, making the
results hard to validate. None of the aforementioned references propose a complete
and general techno-economic framework that is able to evaluate different backhaul
technologies and their impact on the TCO of various mobile network deployments,
specifically considering the HetNet scenarios.

To assess the economic viability, many existing studies such as [53-55] consider
a dynamic analysis of cash flow and NPV. The work in [56] focuses on techno-
economic aspects of different deployment strategies including macrocell, microcell,
and small cell in dense suburban environment. It compares the capacity, coverage,
cost and profitability of these deployment strategies from the indoor service provider
perspective. According to their results, indoor small cell solution has the higher
performance in terms of cost and profitability. The authors in [57] try to financially
manage the cash flow to gradually deploy the 4G on top of the existing 3G services
so that the final profit is maximized. The results in [57] indicate that the operator
may not deploy full 4G coverage in areas with low user density or high deployment
cost. The NPV analyses of the mentioned studies are focused only on the RAN
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Figure 4.1: The proposed techno-economic framework.

segment and do not consider the overall mobile network (i.e., backhaul + RAN). The
work in [58] analyzes the total cost and NPV for some specific scenarios dedicated to
sparsely-populated areas. Consequently, the conclusions therein lack the generality,
creating the need for the development of a comprehensive general model.

4.2 Techno-economic Framework

Fig. 4.1 shows the schematic view of our proposed framework which consists of
several modules, defined as follows.

• Architecture Module: This module defines the technology used in backhaul
segments and the types of components that should be installed to support a
specific architecture.

• Topology Module: This module defines the physical topology of the net-
work which can be mesh, tree or ring. The module requires demographical
and geographical information of the region such as the region size, the number
of buildings, and user density as input. Based on this, it creates the topol-
ogy, the number of necessary nodes (e.g, cabinets, central offices), and the
distance between different nodes, which can be used as input for the network
dimensioning module.

• Market Module: This module is responsible for estimating the possible rev-
enues and the number of users that are expected to subscribe or unsubscribe.
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The input that is required for this module is user penetration rate, operator
market share, user behavior, prices of the services and user churn rate.

• Network Dimensioning Module: Using the data received from the archi-
tecture, topology, and market modules, this module calculates the amount of
new infrastructure and components deployed in each year. This module also
computes labor activity related parameters such as traveling time to a certain
site.

• Cost Module: The time dependence of each cost parameter in TCO esti-
mation is captured by this module. For instance, the costs related to human
resources such as salary will increase over time, while the equipment cost will
typically decrease. To model the cost variation, we use the following linear
formula [54]:

Pi = P0 + τPi−1 , (4.1)

where Pi and P0 are the prices in year i and the initial year, respectively. Pa-
rameter τ expresses the cost change factor, which can be negative or positive.
Typically, τ has a negative value when the price variation of hardware compo-
nents is considered, while it has a positive value when salaries or energy cost
are calculated. In general, τ might also vary in time. However, for simplicity
τ is often assumed to be constant during the whole network operational time.

• Total Cost of Ownership: This module provides the detailed breakdown
for calculating the CAPEX and the OPEX of the backhaul segment. The
CAPEX covers all expenses related to installing the backhaul network ele-
ments in place. The OPEX encompasses the expenses during network opera-
tion. As shown in Fig. 4.2, both the CAPEX and the OPEX consist of many
subcomponents, whose detailed explanation is presented in Paper III.

• Business Module and Scenarios: Network provider (NP), service provider
(SP), and mobile network operator (MNO) are accounted as different actors
and this module defines the business relations between them such as the
cooperation models between them and various governmental entities. Two
examples of business cases related to backhaul deployments are listed below,
where we assume that an MNO is also a SP.

1. MNO lease the backhaul network infrastructure.
2. MNO deploys its own infrastructure.

In order to have the complete cost evaluation, the business model for ac-
cess deployment should also be known. There are two main business models
related to the access segments when small cells are deployed: the closed sub-
scriber group (CSG) and the open subscriber group (OSG) [59]. In the latter
case, only a closed group of users can access the indoor cells (i.e., it is con-
sidered as a private network for improving the service quality) and MNO is
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Figure 4.2: Total cost of ownership classification.

not responsible for small cell deployment cost. In the former case where the
MNO is responsible for the small cells deployment cost, the small cells can be
accessed by any users (i.e., regardless of their subscription).

• Techno-economic Module: In this module, the profitability of one specific
backhaul deployment can be achieved. The required input for computing the
cash flow in each year is the calculated cost from the TCO module. Cash flow
refers to the difference in the amount of cash available at the beginning of
each time period and the amount at the end of that period. The well-known
Equation (4.2) is used for computing the total net present value (NPV):

NPV =
Ln∑
i=0

CFi

(1 + r)i
, (4.2)

where Ln and CFi denote the network operational time and cash flow of year
i, respectively. Discount rate r is the rate of the return used in discounted
cash flow analysis to determine the present value of the future cash flows
by considering time value of the money and risk of income uncertainties in
future. Time value of money states that money available at present time is
worth more than the same amount in the future due to its potential earning
capacity.
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(a) (b)

Figure 4.3: (a) Microwave based deployment. (b) Fiber based deployment.

Table 4.1: Scenarios used in the case study.

Scenarios Deployment type Technology Utility ownership

Scenario 1 (Ho MW) Homogeneous Microwave Owned
Scenario 2 (He MW) Heterogeneous Microwave Owned
Scenario 3 (Ho Tr) Homogeneous Fiber Owned
Scenario 4 (Ho Le) Homogeneous Fiber Leased
Scenario 5 (He Tr) Heterogeneous Fiber Owned
Scenario 6 (He Le) Heterogeneous Fiber Leased

4.3 Performance Evaluation

In this section, to assess the impact of the backhaul segment on the total cost of
the network and evaluate the deployment profitability, we perform a case study
where we calculate the total cost and NPV for deploying and running both the
radio access network (RAN) and the backhaul segment for 10 years considering
various scenarios (see Table 4.1).

The topology is assumed to be a 5 × 5 dense urban area the user population
density of 300 users/km2 which represents the European city. The area consists of
different buildings with five floors placed according to Manhattan street model [60].
We consider two technologies for backhaul segment including fiber and microwave
with both homogeneous and heterogeneous access architectures as shown in Fig. 4.3.
A detail explanation of the architecture of each technology assumed in our case
study is presented in Paper III . The main criteria in dimensioning the access
segment is the required throughput per km2 in each year considering user pene-
tration. We assume one small cell for each building in the first year for indoor
coverage as well as sufficient number of macro cells to provide coverage to outdoor
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Table 4.2: Input values used for TCO calculation.

Component Price (Euro)

Technician salary [hour] 52
Energy cost [kWh] 0.1

Indoor yearly rental fee [m2] 220
Outdoor yearly rental fee [m2] 180
Small/Large microwave antenna 500/2000

G-Ethernet switch 1800
Microwave hub + installation 2000

Ethernet switch 150
Yearly spectrum leasing per [MHz] 5
OLT (4x10G array transceiver) 7000

ONU 150
Power splitter (1:16/1:32) 170/340

Fiber [km] 80
Trenching [km] 45000

Leasing upfront fee [km] 800
Yearly fiber leasing fee 200

Macro base station and cell site 48000
Small indoor base station 250

users. The TCO for deployment and operation of studied network architectures is
computed using our proposed TCO module shown in Fig. 4.2. The cost parameters
are retrieved from different literature including [29,30,61] as shown in Table 4.2.

Fig. 4.4 shows the obtained TCO values for each of the considered scenarios.
The results indicate that the cost of backhaul cannot be neglected, especially in
HetNet deployment. It is evident from the results that decreasing the cost of RAN
for all scenarios in HetNet deployment could lead to an increase in the cost of the
backhaul segment. Thus, it is necessary to jointly consider the backhaul and the
RAN segment in order to design a cost efficient network.

Fig. 4.5 shows the profitability of each deployment scenario. It shows the results
of the NPV analysis for all six scenarios based on a yearly cost evaluation assuming
an average monthly subscription fee of 30 e per user (for voice and data), a discount
rate of 10%, and revenue depending on user penetration as shown in Paper III.
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Figure 4.5: The NPV of different scenarios.

Except the HetNet deployment combined with microwave backhaul (He MW), all
scenarios have a positive NPV and can be considered economically viable. The
negative NPV means non profitable solution and the results show that (He MW)
is not economically viable in very dense urban area due to high component cost and
the power consumed by the microwave links in ultra-dense area. However, fiber-
based backhauling provides more efficient deployment even if an operator needs to
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deploy its own fiber infrastructure. This is because unlike the wireless solutions,
the cost of fiber deployment does not increase linearly with the number of users.
Moreover, the HetNet deployment with leased fiber infrastructure for backhauling
(He Le) has the lowest TCO value among all scenarios, while the NPV analysis
indicates that the Ho Le deployment has the highest profitability. This can be
explained by the fact that in He Le scenario, the largest part of the investments
for both backhaul and RAN segment takes place in the first years. Normally,
the money spend later has a lower NPV due to the potential earning capacity,
inflation, etc. Therefore, without bringing a sufficient income a big investment in
HetNet deployment in earlier years is not profitable in the long run. The study also
shows that the TCO and the NPV do not always exhibit the same trends, e.g., the
technology with the lowest TCO might not be preferable for a long-term investment,
indicating a strong need for a comprehensive techno-economic framework. A more
detailed explanation of the results obtained in this study is presented in Paper
III.





Chapter 5

Conclusions and Future Work

This chapter summarizes the main contributions of the thesis and draws some
concluding remarks. Then, it describes the work that is planned to be done in the
future.

5.1 Conclusions

Next generation wireless networks need a redesign of the backhaul segment to sup-
port capacity, reliability, and availability requirements of emerging wireless services.
Microwave backhauling at high carrier frequencies, such as millimeter-wave bands,
is a promising solution for small cells, particularly in areas where the fiber op-
tion is not available or not feasible. However, random fluctuations of the wireless
channels, especially at the millimeter-wave, pose new challenges to provide high
throughput with high reliability in backhaul network. This thesis addresses this
problem by providing SDN-based solutions for mitigating the disturbances of the
long-term events to trigger the network layer actions such as rerouting. However,
frequent adaptation of the traffic flows to new conditions may disturb the network
and impose extra congestion, which should be considered during rerouting pro-
cess. Therefore, this thesis presents an optimization framework for determining the
sequence of update decisions which minimizes the total data loss due to rain at-
tenuation as well as switching cost. Its’ underlying approach is to wisely select the
best time for applying the update rules by taking into account the switching cost.
Moreover, the introduction of a huge number of small cells affects the design of the
backhaul network. Cost and economic viability of different backhaul solutions are
two essential factors that each operator considers for decision making. We develop
a general techno-economic framework to evaluate the economic viability and the to-
tal cost for different backhaul technologies in both homogenous and heterogeneous
access deployments. The work in this thesis can be divided into two main threads
addressing the mentioned challenges.

The first thread of this thesis focuses on improving the throughput of microwave
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backhaul networks under weather disturbances. We first use the statistical differ-
ence between rain and multipath fading to design a lightweight rain detection al-
gorithm, and show the impact of different design parameters such as the number
of samples taken from the received signal, local decision rule at the base stations,
and the global decision rules of the SDN controller on the performance of our algo-
rithm. This algorithm feeds an intelligent network adaptation protocol that triggers
a network-layer action (e.g., rerouting) when the rain duration is sufficiently long.
We evaluate the impact of the rain detection error, defined as false alarm and mis-
detection error, on the network performance such as throughput and overhead on
the centralized controller. The results show that intelligent adaptation substantially
improves the network throughput while reducing the overhead on the control plane,
due to eliminating unnecessary rerouting actions. We then focus on the problem
of rerouting inconsistency which arises because of asynchrony in updating routing
flow tables of different switches. To address this problem, we develop an optimal
sequence of update decisions to minimize the throughput loss due to rerouting.
Compared to the regular rerouting policy, our proposed approach not only reduces
the throughput loss, but also substantially decreases the number of reconfigurations
by wisely picking the appropriate time to apply the new routes. We validate the
efficiency of our approach on both synthetic and a realistic deployed network.

The second thread of this thesis develops a comprehensive techno-economic
framework to find the best backhaul option for an operator based on the TCO
of the backhaul segment and profitability measured in terms of cash flow and net
present value. The case study carried out in the thesis focuses on (i) a backhaul-
based network using two technologies, i.e., microwave and fiber; and (ii) two types of
wireless network deployments, i.e., heterogeneous and homogeneous. We highlight
the importance of selecting the right backhaul technology in order to keep the cost
savings and benefits brought by heterogeneous deployments, which is particularly
relevant for future 5G mobile networks where a high capacity transport is required.
We show that ultra-dense infrastructure deployments may benefit from fiber back-
hauling in long-run. However, the microwave technology may still be necessary for
mobile backhauling and networks with not very dense small cells. In addition, the
case study results show that deployment solutions with a low TCO do not always
lead to high profits. It is because in a long-term project, the time period when an
investment is made may significantly affect the total project profitability. Hence,
in order to have a profitable solution (i.e., high NPV), the deployment, which does
not request a large investment in the beginning of the project and brings income
as soon as possible is recommended.

Detailed mathematical analysis and discussions of this thesis aim to provide
original and important insights on the design of agile, resilient and cost-efficient
future backhaul networks. We demonstrate the importance of an SDN-based control
architecture to support reliability, high throughput, and availability. Some of the
possible future research directions are explained in the next section.
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5.2 Future Work

As one of possible future directions, we plan to extend the work on mitigation
of rain impact. The forecasted rainfall information can be used to improve the
performance of both the rain detection algorithm and the routing process. Having
the external information about the rain cell movement would help the algorithm to
avoid the most affected links.

We also plan to extend the work on consistency-aware routing. Currently, the
proposed algorithm assumes that all traffic has the same priority and ignores dif-
ferent application requirements. However, as we know the network is shared by
numerous users while simultaneously carrying various kinds of traffic. To make a
universal tool for controllers, updating the flows should be extensible and easy to
adapt to application-specific requirements. In this thesis, we have minimized the
congestion level for a given update flow time α, i.e., update deadline. This conges-
tion level may be still too high for many applications with high reliability require-
ments. In such circumstances, it may be preferable to have a smaller congestion
level but for a longer period. Extending our framework to address the application-
dependent trade-offs between the duration of the update and the amount of imposed
congestion is an interesting future direction.

Some jitter-sensitive traffic may prefer experiencing a constant capacity loss for
a long period (by not updating the routes) to experiencing different capacity losses
in consecutive time periods, which happens by sequentially updating the routes.
In this case, it may be preferred for some traffic flows to keep using their existing
routes (which do not increase the rerouting gain) while others may prefer to switch
to the new ones. Optimizing the sequential route update with such heterogeneous
traffic is another interesting and challenging avenue for future work.

Furthermore, the plan is to extend the evaluation using real topology and data
measurements. The real backhaul deployment is a tree topology which has been
meshed in our study to support alternative routes between nodes and be suitable
to run our algorithm. Making the topology mesh by adding extra links to the orig-
inal tree topology increases the total network throughput and availability during
the weather disturbances at the expense of extra link deployment cost. In order
to provide a comprehensive evaluation of our proposed algorithm, it would be in-
teresting to show the tradeoffs between the cost of a mesh deployment and the
gains that can be achieved by using mesh topology in a real backhaul deployment.
The first step for this comparison is to develop an efficient algorithm for adding
the links to the existing tree topology such that the total cost is minimized, while
assuring the required throughput. Besides microwave technology, it would be also
interesting to consider fiber technology as a possible option for added links. Even
though fiber solution may entail high deployment cost, it provides huge capacity as
well as high reliability against weather-based disturbances, which makes it suitable
for rain mitigation. On the other hand, the microwave solution achieves a lower
throughput with high sensitivity to rain disturbance at a lower deployment cost.
Deciding the location and technology for the extra links to turn a tree topology
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into a mesh requires a general framework that will consider the mentioned tradeoff
between gain and cost of each technology as well as geographical limitations.
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