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ABSTRACT

DESIGN AND OPTIMIZATION OF A RATE ADAPTATION ALGORITHM
FOR ENERGY HARVESTING TRANSMITTERS

Kement, Cihan Emre
M.S., Department of Electrical and Electronics Engineering

Supervisor : Prof. Dr. Elif Uysal Biyikoglu

September 2014, [61] pages

The need for energy efficient communication frameworks is growing. Energy
harvesting communication constitutes an important part among such systems.
This thesis aims to design and optimize a rate adaptation algorithm for trans-
mitters of such systems in order to achieve energy efficiency. An optimal offline
rate scheduling problem with battery constraints is solved by using iterative and
heuristic techniques. Furthermore, it is shown that an additional energy saving
is possible by changing the optimization problem to minimize both energy us-
age and energy waste. In addition to this, an online energy-efficient and energy
harvesting-aware routing protocol for energy harvesting ad-hoc wireless sensor
networks is developed. The protocol is observed to achieve a longer lifetime than

some of the most popular current routing methods.

Keywords: Energy Harvesting Wireless Sensor Networks, Transmission Rate



Adaptation, Sequential Unconstrained Minimization Technique, Genetic Algo-

rithm, Energy Efficient Routing
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0z

ENERJI HASATLI VERICILER ICIN HIZ UYARLAMASI ALGORITMASI
TASARIMI VE ENIYILEMESI

Kement, Cihan Emre
Yiiksek Lisans, Elektrik ve Elektronik Miihendisligi Boliimii
Tez Yoneticisi : Prof. Dr. Elif Uysal Biyikoglu

Eyliil 2014 |, [61] sayfa

Her gegen giin, cevreye duyarli ve enerji verimli iletisim sistemlerine olan ihti-
ya¢ artmaktadir. Bu tiir sistemler icerisinde enerji hasath sistemler énemli bir
yer teskil etmektedir. Bu tez enerji harmanlayan vericiler i¢in hiz uyarlamasi
algoritmasi tasarimi ve optimizasyonunu amaglamaktadir. Calisma kapsaminda;
gevrimdisi iletim hiz1 uyarlamasi ile enerji kullanimi enkiigiiltme problemi, pil ki-
sitlar1 goz oniinde bulundurularak, yinelemeli ve sezgisel metodlar kullanilarak
¢oOziilmiigtiir. Ayrica; optimizasyon problemi enerji kullanimi ile birlikte enerji
israfin1 da azaltacak sekilde giincellenerek, ekstra enerji kazanci saglanabilecegi
gosterilmigtir. Bunlara ek olarak; enerji hasat eden kablosuz sensér aglari igin
enerji hasadina duyarh ve enerji verimli ¢evrimici bir iletim algoritmasi geligti-
rilmigtir. Bu algoritmanin giincel ve kabul gérmiis algoritmalarla karsilastirildi-

gida sensor aginin émriini daha ¢ok uzattigl goriilmiigtiir.
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Anahtar Kelimeler: Enerji Hasat Eden Kablosuz Sensor Aglari, {letim Hiz1 Adap-
tasyonu, Ardigik Kisitsiz Optimizasyon Teknigi, Genetik Algoritma, Enerji Ve-

rimli Tletim
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CHAPTER 1

INTRODUCTION

Energy efficiency is an important goal for almost every field in today’s world.
Especially, as one of the most energy consuming sectors, ICT is a key player in
energy efficiency. Energy efficient implementation of ICT infrastructure will be
very important for the future of the technology, as its energy demand increases
continually. Energy efficient networking has a great value due to the exponential
increase in global networking and the amount of data that travels on it. Another
thing that makes energy efficient networking so important is the fact that over
the history of network design, energy efficiency was not taken into consideration
until recently. Emergence of the mobile and battery powered networked devices
with high energy demands during the last two decades has put energy efficiency
among the top priority design aspects. Consequently, starting with [I], [2], [3],
this issue also made an explosive effect on scholarly research in the field of com-
munications and information theory recently. Especially, energy efficiency for
wireless networks, where communication entities tend to be mobile and energy

constrained, has gained much attraction.

Increasing energy demand of communication systems with battery-powered enti-
ties or nodes has forced the scientists to come up with alternative energy sources
for the cases where electrical energy is not ubiquitous. One of the most impor-
tant alternative methods is environmental energy harvesting. This method is
realizable with rechargeable batteries that can generate energy from environ-
mental sources such as solar, vibrational and thermal energy. Energy efficient

networking shares the same purpose with energy harvesting, which is to prolong



network entity’s lifetime. It can be argued that energy efficiency is likely to be
more critical for energy harvesting nodes, because energy harvesting is in general
deployed by nodes which have energy shortage. This study therefore focuses on

energy efficiency in energy harvesting communication systems.

Energy harvesting wireless communication systems consist of transceiver nodes
which use batteries as the primary energy source. These batteries are supplied
by the harvested environmental energy. The reason for such a mechanism is that
the amount and the timing of energy harvests are ruled by the nature and hence
may not follow at a steady state. On the other hand, network entities usually
transmit packets that has to be transmitted before a deadline due to delay
constraints. Therefore, even when the energy arrivals can be predicted to some
extent, it is hard to make the transmission schedule and energy arrival schedule
coincide. Hereby, between the harvested energy and used energy, there is an
energy buffer, i.e. a battery. Although battery seems to be a perfect subsidiary,
it brings its own problems: namely charge/discharge inefficiency and leakage
current. Also, using environmental energy does not automatically guarantee
unlimited lifetime. A certain energy policy should be constructed so that it is

guaranteed for the energy harvesting node to operate perpetually.

Time variability of channel conditions, available energy, required energy and
harvested energy bring complexity into construction of an energy efficient policy.
However, these variations also present some opportunities which, if used wisely,
can result in energy efficient or even perpetual operation. In order to use such
opportunities, resource usage must be tuned according to them. This brings us to
scheduling the transmission rate or power according to present, past, and future
variations so that the resource usage is minimized. This is what was studied at
the first part of this work. Building the solution to the problem of minimizing
energy usage of an energy harvesting node by tuning transmission rate over
the course of the transmission is alternatively called optimum transmission rate
scheduling. As the solution is achieved by using the past,present and future data;
it is called an offline solution. The problem of finding the optimal offline schedule
which minimizes the transmission energy while ensuring perpetual operation

is studied thoroughly. In addition, an online energy harvesting aware energy



efficient method for energy harvesting wireless sensor network is studied.

The thesis consists of 5 chapters, first of which is the introduction chapter. The
following chapter explains the study on optimal offline scheduling. The system
model and problem definition, followed by the solution with SUMT are provided.
Then, the same problem is handled by using a genetic algorithm. The chapter
ends with the solution of a second optimization formulation that places more
emphasis on saving energy. The fourth chapter focuses on the online routing pro-
tocol EMARE. Firstly, energy efficient protocols in general are explained. Then,
the system model that includes energy dissipation, energy harvesting and data
aggregation models is explained. The chapter concludes with performance eval-
uation of the algorithm. Finally, the fifth chapter is conclusion which includes

outcomes of the study and possible future research areas.






CHAPTER 2

LITERATURE REVIEW

In [4], power management in sensor networks that utilize environmental energy
has been studied. The study emphasizes that energy management in battery
powered sensor networks and energy harvesting sensor networks must differ from
each other due to distinct energy characteristics of these two types of networks.
The main difference between these two types of networks was noted such that
while battery powered sensor networks have the limit on the maximum amount
of energy, energy harvesting sensor networks have the limit on the maximum
rate at which the harvested energy can be utilized. According to [4] another
distinctive feature of the energy harvesting sensor networks is the energy avail-
ability which fluctuates over time and is hard to predict exactly. This makes
the characterization of energy metric harder than conventional sensor networks
which operate on battery. In addition to these two, uneven energy harvesting
opportunities of energy harvesting nodes (due to different environmental condi-
tions etc.) makes it a necessity to come up with a characterization of energy

which is coherent with the nature of energy harvesting sensor networks.

Under the light of these arguments, [4] presents the concept of Energy Neutral
Operation: The operation of the network such that the used energy is always
less than the harvested energy. When such energy neutral operation is achieved,
it guarantees that the energy harvesting sensor network stays alive indefinitely.
[4] aims to achieve maximum performance under the condition that energy neu-
trality is always preserved. However; the fact that energy consumption profile,

which is shaped by the activity of the sensor network, is independent from en-



ergy harvesting profile, which is shaped by the environmental energy source,
makes it difficult to achieve energy neutrality. Therefore, according to [4] it
is necessary to utilize an intermediate energy buffer and to modify the energy
consumption profile. By doing so, [4] maximizes the average duty cycle of an
energy harvesting sensor network that scavenges solar energy. It also considers
battery imperfections and proposes a low complexity optimal solution given the

complete future energy harvesting knowledge.

[5] builds upon [4] and tries to maximize the throughput as well as to minimize
the transmission time of a point-to-point communication in a wireless fading
channel. The transmitter is an energy harvesting node and has limited bat-
tery capacity. It is assumed that energy harvesting occurs at random times by
random amounts. [5] also considers that the battery has to have enough space
for each energy harvesting period in order not to waste energy. Throughput
maximization is achieved using an optimal offline algorithm called directional
water-filling. The transmission time minimization objective is solved by using

its relation with the throughput maximization problem.

[6] considers a system of communication that has an energy harvesting trans-
mitter. Assuming that the energy harvesting process is known beforehand by
the transmitter, it maximizes the amount of data transmitted within a certain
transmission time. The battery leakage and imperfections are taken into account

in addition to battery size constraints.

The study in [7] utilizes different advantages of batteries and super-capacitors
by using both in an energy harvesting transmitter. The transmitter is assumed
to be capable of selecting where the harvested energy is going to be stored.
The offline throughput maximization objective is analyzed for a point-to-point
communication. The two constraints coming from the battery and the super-
capacitor are reduced to one constraint and the problem is solved by utilizing

the directional water-filling algorithm.

[8] extends previous studies on throughput maximization by examining an energy
harvesting two-hop communication system for which optimal power usage and

scheduling are studied. In this work, both source node and the relay node harvest



energy from the environment. The harvested energy is assumed to arrive at
the source node twice (N = 2), whereas harvested energy arrives at the relay
node multiple times (N > 2). [8] shows that the multiple energy arrival at the
relay node can equivalently be represented as two energy arrivals and thus the
optimal transmission policy can be found by using previous work [9] which finds

the optimal policy for the case of two energy arrivals at the relay.

One of the recent works about optimal transmission protocols for energy harvest-
ing wireless transmitters is [I0] which is concerned with rechargeable batteries’
inability to charge and discharge simultaneously. Building upon this constraint,
a protocol named save-then-transmit (ST) is introduced. This protocol saves a
fracture of time p to energy harvesting and reserves the remaining (1 — p) frac-
tion to data transmission. Energy harvesting transmitters are assumed to have
2 energy storage units, one being a battery and one being a super-capacitor.
Therefore, energy storage inefficiency of batteries is also taken into account.
The study minimizes the system outage performance by finding the optimal

save-ratio under Rayleigh fading channel.

[11] considers an energy harvesting communication system under AWGN Broad-
cast Channel and the transmission completion minimization problem is studied.
All of the data is assumed to be available at the beginning of the transmis-
sion. Also, steady channel gain is assumed. The study states that the optimal
schedule saves energy from each energy harvest, in order to use it at the later
part of the transmissiion. A modified version of the iterative offline algorithm
FlowRight [2] is shown to solve the problem. It was observed that the optimal

schedule’s power allocation is non-decreasing in time.

The study in [12] seeks optimal solutions to transmission time minimization
and transmission energy minimization problems of both AWGN broadcast and
point-to-point fading channels. Certain variables such as energy harvests, data
arrivals and channel state changes are assumed to be known beforehand. An
important outcome of the study is that in an optimal schedule, transmission
rate remains constant within certain time intervals. One thing to note about

this study is that it assumes perfect battery for energy harvesters, which is not



applicable in reality. The study also includes an online scheduling algorithm
TriMod [12], which takes energy harvesting into account and outperforms tra-

ditional scheduling algorithms in terms of energy efficiency.

In [I3] authors study the transmission completion time minimization problem
of an energy harvesting transmitter with multiple (M) receivers. The paper
analyzes the single receiver case and proves that the optimal strategy is the
same for the single receiver and multiple receiver cases. The transmission power
allocated for the closest receiver is based on a cut-off level. If the available power
for transmission is higher than this cut-off level, the remaining power is used
for transmission to the second closest receiver. If this remaining power is more
than a second cut-off level, the remaining power is allocated for the third closest
receiver and so on. Based on this structure, a method deriving the optimal

offline transmission policy which minimizes the transmission time is developed.

Another study by Kansal et al. [14] investigates key points of designing a solar
energy harvesting wireless network. Several important aspects such as battery
inefficiency, energy leakage, solar cell characteristics, energy harvesting hardware
design as well as power management regarding energy harvesting are studied.
Authors consider solar cell characteristics, different energy storage techniques,
harvesting circuits and energy measurement capabilities to come up with an
energy harvesting framework. This framework is implemented by using He-
liomote energy harvesting sensor nodes and by evaluating its performance; it
has been shown that the efficiency of the sensor network is improved by energy

harvesting-aware design.

The study in [I5] presents information about various energy harvesting tech-
niques, current commercial products that harvest energy from various sources
as well as design considerations regarding energy harvesting hardware. Exist-
ing commercial energy harvesting products exemplified here include thermo-
generators, piezoelectric harvesters, a combination of solar and piezoelectric
harvesters and electromagnetic energy harvesters. Voltage and current char-
acteristics of such harvesters, as well as power consumption and energy storage

issues are investigated. It is concluded that Voltage and Current levels of elec-



trical circuits must be lowered in energy harvesting devices so that the limited
energy harvested from the environment can be enough to power them. In ad-
dition, energy harvesting transducers must have different operation modes in
order to minimize energy consumption. Lastly, leakage currents must be han-

dled carefully in order to increase energy efficiency.

A comprehensive survey of wireless sensor neworks (WSNs), which also con-
tains a comparison of energy efficient routing protocols in terms of parameters
including cost, scalability and power consumption is [16]. The study mentions
well-known methods such as Flooding and Gossiping, as well as other popu-
lar methods like SPIN[17] and LEACH[I8]. Although protocols presented here
intend to achieve energy efficiency, they do not take energy harvesting into ac-
count while constructing routes. It is deduced in this study that the surveyed
protocols need to be improved, or new methods should be developed, in order
to meet the requirements imposed by topology changes, power consumption and

scalability.

One of the benchmarks of power-aware routing schemes is LEACH, which has
first been presented in [I§]. This protocol aims to prolong a wireless sensor
network’s lifetime by constructing clusters within which a cluster head collects
all the data, aggregates it, and sends it to the sink. With this technique, only
cluster heads establish a long-range communication with the sink, enabling the
other nodes to save energy. For uniform dissipation of energy, cluster heads are
chosen randomly amongst sensor nodes. Only a certain fraction P (0 < P < 1)
of nodes can be cluster heads at the same time, and once a node becomes a
cluster head, it cannot be a cluster head again for the next 1/P rounds of
communication. These measures are claimed to help LEACH to outperform
direct transmission scheme "by as much as 8x"[I8]. The performance of LEACH,
along with the simple energy dissipation model used for simulating LEACH,
which is called First Order Radio Model, has made the protocol a benchmark

for its successors.

PEGASIS [19] is one of the methods that are compared with LEACH in terms

of sensor network lifetime. It is declared to perform up to 3 times better than



LEACH by reducing the number of nodes that communicate with the sink down
to 1. This one cluster head sends all the data collected from other sensor nodes
after aggregating them. Therefore, only 1 node makes a long-distance transmis-
sion that demands a high amount of energy. The other nodes form a chain by
linking up with their closest unlinked neighbor, and pass their data to the next
node in the chain. The routing structure (chain) is built by passing a token
among sensor nodes. As in LEACH, in order to achieve uniform energy usage,
sensor nodes become cluster heads in turn. Downsides of the method are; as-
suming that all nodes (including the cluster head) send a data packet of the
same size (see Complete Redundancy in Section , not taking energy har-
vesting into account, and building the chain such that it minimizes individual
transmission distances instead of minimizing the total transmission distance as

in the traveling salesman problem.

A survey of more recent power-aware routing protocols is provided in [20]. Many
protocols including LEACH and PEGASIS have been mentioned in this study.
There, an energy-efficient and distributed cluster-based routing protocol, namely
HEED [21], stood out amongst others. HEED is a distributed cluster-based
routing algorithm which takes two metrics into account while selecting cluster
heads: Residual energy and a secondary parameter such as proximity or node
degree. It claims to achieve uniform energy distribution, low message overhead
and termination in O(1) iterations [21]. Similar with LEACH, HEED randomly
elects cluster heads. However, instead of using a fixed election probability, it
sets the probability depending on node’s residual energy. Therefore, a node
with small residual energy has a small chance of being a cluster head. The
second parameter is used to “break ties”[2I] when a node is in the range of two
cluster heads. HEED is compared with methods such as LEACH and Generic
Clustering (GC) in [21], and it is claimed to outperform those protocols under

certain network conditions.
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CHAPTER 3

OPTIMUM OFFLINE TRANSMISSION SCHEDULING
FOR ENERGY HARVESTING TRANSMITTERS WITH
BATTERY CONSTRAINTS

Energy harvesting transmitters are used primarily in applications where energy
is not abundant. Battery-powered communication systems constitute most of
such transmitters. As the available energy is limited in such applications, power
management becomes critical. Especially for applications such as energy har-
vesting sensor networks, where the performance of the system is dependent on
the life of individual nodes, energy dissipation should be minimized in order
to maximize the efficiency of the network. It is widely known that the wire-
less transmission is the most energy demanding process in a wireless transceiver
[22]. Therefore, minimizing the transmission energy is critical for such devices.
One of the most common practices to minimize transmission energy is to adjust
the transmission rate for certain time intervals (i.e epochs) so that a certain
amount of data is transmitted with minimum energy within a specified trans-
mission time. This practice is commonly called as transmission rate adaptation

or scheduling [1][2][23].

To calculate the optimum transmission rate schedule, future occurrences such
as channel gain change and the amount of energy harvested over transmission
time need to be known in advance. Therefore, transmission rate scheduling is
an offline [I] process. The benefit of calculating the optimal offline schedule is
that it gives insight about the attributes of a decent online power management

scheme. It also provides the upper boundary on the achievable performance

11



level. Furthermore, in applications where variables such as channel state and
energy harvests are predictable, optimal offline schedules can be used to achieve
energy efficient transmissions. However, in order for the optimal offline schedule
to be realistic, it should also include battery constraints such as charge /discharge
inefficiency and leakage [24], which are covered in this study. More specifically,
energy neutral operation, which is presented in [4], is adapted in order to for-

mulize optimization problems solved throughout this chapter.

3.1 System Model

A point-to-point communication over a wireless fading channel is considered.
Transmitter runs on battery and is supplied by energy harvests occurring at ar-
bitrary times and arbitrary amounts. A zero-mean (white) unit-variance Gaus-
sian noise is assumed. Over any time interval (epoch), the baseband equivalent

of received signal is given by [5][10]
y = Vha +n (3.1)

where y is the received signal, x is the transmitted signal, h is the squared
channel gain and n is the zero-mean unit-variance Gaussian noise. Data packets
and Energy packets arrive at arbitrary times and arbitrary amounts. All energy
and data arrivals are assumed to be known beforehand. Energy storage unit
(battery) of the transmitter is assumed to be non-ideal with charge/discharge

efficiency n and constant leakage power Pq.

Changes in the channel gain, energy arrivals and data arrivals are called as
events, and the time interval between two successive events is defined as an
epoch [1]. Therefore, the epoch i is the time interval [t;, ¢;1) where ¢; and t;,4
are the times when " and (i + 1) events take place. Note that during an
epoch i, the squared channel gain h; remains constant. The length of epoch 7 is

represented by T; = ;11 — t;.

Following the Gaussian channel capacity formula, at time ¢ the maximum rate at

which a reliable communication is achievable with a arbitrarily small probability

12



of error is known as:

r(t) = %log(l + h(t)p(t))bit/s/channel use (3.2)

From eq. (3.2), during i"* epoch of length T;, the number of bits transmitted by
T; -

sending the signal x with power p; is 5 log(1 + h;p;). Similarly, the power p;

required to transmit data at a rate r; is:

221“1- -1
pilrs) = = (3:3)

3.2 Problem Definition by Adopting Energy Neutrality

Energy Neutral Operation is defined in [4] as to "operate such that the energy
used is always less than the energy harvested". This is analogous with the
energy causality concept, i.e. a device cannot use the energy that has not been
available yet. Consider an energy harvesting transmitter with an ideal energy
storage. Then, energy neutrality imposes that for all non-negative values of T
[4]:
T T

/O P(t)dt < /0 P(t)dt+ By WT € [0,00) (3.4)
where P,.(t) is the consumed power, P;(t) is the stored power and By is the
initial energy stored in the ideal battery. The case in (3.4]) is not sufficient
to model the real-life battery-powered systems, as current energy storage units
have charge/discharge efficiency strictly less than 1 and they lose energy through

leakage [24]. Therefore, a more realistic energy neutrality constraint can be

stated as follows: [4]

By + n/T[Ps(t) — P.(t)]dt — /T[Pc(t) — P,(t)]"dt — /T Prear(t)dt >0
VT € [0, 00)
(3.5)

The inequality in (3.5)) can be modified into discrete-time as follows:

By S (B (i) = Eu)[ =S [Eui) = B = PeanTi 2 0 Yk € 1,2, K

=1 =1 i=1
(3.6)
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Where FEj (i) is the energy harvested at the beginning of epoch i, E,(i) is the
energy used during epoch ¢, K is the minimum number of epochs in which
the transmission can be completed and 7; is the length of epoch i. Note that
this inequality should hold for all k, meaning that energy causality is preserved
during each epoch. Note that energy arrival is an event, therefore (i) is the
harvested energy at the beginning of epoch ¢. Therefore, this model assumes

that only the excess energy is stored in the battery with efficiency 7.

Contemporary energy harvesting transmitters need an intermediate energy buffer
in order to regulate the energy in accordance with the voltage and current need
of the transmitter [24]. In order to avoid immediate energy loss due to ineffi-
ciency of the batteries, supercapacitors which have efficiency close to 1 are used.
However, energy capacities of current supercapacitors are lower than batteries of
comparable dimension. In addition, supercapacitors have typically higher leak-
age current than batteries. Therefore, a good system design may call for combin-
ing supercapacitors(high efficiency, small capacity, high leakage), and batteries
(lower efficiency, larger capacity, smaller leakage) together. Equation (3.6|) repre-
sents energy causality for such a transmitter. In case when FEj, (i) is smaller than
E, (i), all of E}(7) is immediately used via the supercapacitor without losing any
energy to inefficiency. Using harvested energy immediately also prevents losing
energy to leakage. Similarly, when Fj (i) is larger than E,(i), the harvested
energy is immediately used and the remaining is stored in the battery. This in-
dicates that the supercapacitor and the battery are the primary and secondary

energy supplier, respectively.

In this energy causality model, the excess of energy harvested at the beginning of
epoch i is sent to the battery at the end of the same epoch. Hence, inefficiency
of the battery is preferred over leakage power of the supercapacitor. if the
supercapacitor had bigger capacity and smaller leakage, it could be more efficient
to store energy at the supercapacitor for longer durations. However, today’s
supercapacitors have small capacities and high leakage currents compared with
batteries [25], leaving a small room for trade-off analysis. Hence, this discussion

is left for further studies.
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In addition to energy, data to be transmitted should be available before it was

transmitted. This is called data causality, which is represented as follows:

k
d nTi<) D) Vkel2, . K (3.7)

Where r; is the transmission rate adopted during epoch i and the D(7) is the
data arrived at the beginning of epoch i. One thing to notice is that the rate r;
is constant throughout the epoch. It was proven in [I1] that the transmission
completion time minimization of an energy harvesting broadcast system yields
a solution at which the power levels stay constant during epochs. Similarly,
in [I2], the same is shown to be true for a point-to-point communication time
minimization problem. It was also stated in [12] that the solution of the time
minimization problem (7,,;) yields the same schedule with the energy minimiza-
tion problem with time constraint 7,,. Thus, it was proven that the power (or
rate) levels remain constant on an optimal schedule that minimizes energy us-
age. It can also be deduced from the convexity of the power function given in
(3-3). Another condition that the optimal schedule must meet is transmitting
the data completely, which is stated below:

Combining these constraints, a constrained optimization problem which mini-
mizes the energy usage while preserving energy and data causality can be stated

as follows:

Minimize:

ZEU(Z’) = Z pi(ri) T} (3.9)



subject to:

r; >0 (3.9a)
U Z[Eh(i) — E(0)]" - Z[Eu(i) — Ep(i)]" - Z BiearTi 2 0 (3.9b)

> T <) D) (3.9¢)

>_rili=)_D() (3.9d)

The constraint (3.9a)) comes from the fact that the transmission power cannot be
negative. Equation (3.2) directly deduces that transmission rate should also be

nonnegative. Equations (3.9b]) to (3.9d) follow from energy and data causality

constraints.

Lemma 3.2.1. Problem (@ s a convexr optimization problem.

Proof. see Appendix A. n

3.3 Solution of Problem (3.9) by Using SUMT

Sequential Unconstrained Minimization Technique [26] [27] is used to solve com-
putationally complex constrained minimization problems by converting them
into a sequence of unconstrained minimization problems. Penalty and barrier

functions are in general used to replace the constraints.

Suppose that the problem is to minimize f(z) : R/ — R subject to z € C.
In order to replace this problem with an unconstrained one, a penalty function
f» : R” — R is introduced such that f, > 0 and f, =0 <= z € C. Then, this
penalty function is added to the objective function with a coefficient & resulting

in the unconstrained minimization problem:
minimize gx(z) = f(z) + kf,(x) (3.10)

which is solved for each positive integer k. If the constrained problem is convex,
as k — oo the sequence of solutions {z*} converges to x* € C which solves the

constrained problem.
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Problem (3.9) is converted into an unconstrained minimization problem by

adding the constraints (3.9a)), (3.9b)), (3.9¢|), (3.9d) into the objective function

as a penalty function. The resulting minimization problem is as follows:

Minimize: G(r) = Z pi(r) T} + L (r), (3.11)
where: I'(r) = Zmax((), r;)?
+ 3 max (0,= () = ] = [Buli) = Ea()] = PeaT:))

K k K

=1 =1 i=1

It has been proven in [26] that, the sequence of unconstrained minimization
problems converge to the solution z* of the original constrained problem if the
solution space is convex; or failing that, converge to the constrained minimum.
As the original problem is convex, SUMT results in a sequence which

converges to the solution of the original problem.

Note that I'(r) is equal to zero if and only if all of the constraints in Problem
are satisfied. The vector r is of size K and it represents the transmission
rate schedule. The SUMT algorithm to solve is initialized with a random
Tinit, ignoring the constraints. An unconstrained search technique is called at
each iteration in order to find the r that minimizes . Depending on which
constraints this r violates, some of the addends in I'(r) becomes zero and hence
the objective function G(r) changes. Therefore, the unconstrained search is
repeated with an updated objective function and updated p at the next iteration.
The coefficient p is initialized as i, and increased by a factor ¢ > 1 at each
iteration. Thus, the penalty function gets bigger at each iteration, pushing the
sequence of solutions towards the constrained region. The violating terms in
I'(r) are squared in order to penalize violating terms more harshly so that the
solution converges into the constrained region more quickly. Normally, when

1 — oo the optimal solution is reached. In this study, however, due to practical
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reasons the iterations stop when p reaches a certain large fiyqz-

The SUMT algorithm used for problem (3.11]) can be summarized as follows:

Algorithm 1 Sequential Unconstrained Minimization Technique
I' < Tinit

M Minit

repeat
r <+ Newton(r)
P op

until y > fmaes

Note that in Algorithm [I, Newton’s Method is used to find the unconstrained
minimum at each iteration. Hence Newton’s Method itself is an iterative method,
Newton’s iterations are called inner iterations. At inner iteration i, r;,; is cal-

culated as follows:

iy, =1-; — [HG(I‘Z>]_IVG(I'1) (312)

where V represents the gradient vector and H represents the Hessian matrix.
The stopping criteria for inner iterations is the Newton decrement A(r;) =
(VG(rZ-)T[HG(ri)]*1VG(rZ-))1/2 being smaller than a certain ez, which is a typ-

ical stopping condition for Newton’s method.

3.4 Numerical Results

Consider the sample event sequence in Figure [3.1] The initial energy the trans-
mitter have is 15J. It can also be considered as the energy harvested at first
epoch. Harvested energies arrive at T = {7,8,11, 12,14, 17} The bandwidth is
W =1kHz.

The first case is when charge/discharge efficiency n = 1 and P, = 0, i.e. the
ideal case. The squared channel gain h is also kept constant at 1 (no attenuation)

to see the result under ideal conditions. The resulting optimal schedule is given
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Figure 3.1: Sample event sequence

as in Figure [3.2] Note that the sum of consumed energy and remaining energy
add up to 75J which is the sum of F}’s of first six epochs.

Transmission Rate vs. Time Transmit Power vs. Time
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) 2 4 g 0 12 [t} 2 4

TimEe (s)
Total energy consumption: 38.2052 Joules

Remaining energy: 36.7948 Joules
Total data transmitted: 11 kbits

Figure 3.2: Optimal Offline Schedule: Ideal case

During the 6th epoch (7" = [11, 12)), 2kbits arrive at the transmitter and subse-
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quently the transmission rate increases to 2kbps. As the transmission power in-
creases exponentially with transmission rate (see Equation (3.3)), a high amount
of energy (15.J) is spent only at the last epoch. Those 2kbits could be trans-
mitted with less energy by increasing transmission time (i.e. using 7 or more
epochs). However, K is defined in as the minimum number of epochs dur-
ing which the transmission can be completed. Such a constraint is necessary
while finding the optimal solution, because theoretically without a time con-
straint any amount of finite data can be transmitted with infinitesimal amount

of energy over an infinite duration.

Next, the channel gain is reduced strictly below 1, which corresponds to more
signal attenuation. The resulting schedule is given in Figure [3.3] The optimal
schedule takes advantage of epochs with higher channel gain and increases trans-
mission rate accordingly. Note that the total energy consumption increases as
the decreased channel gain demands more energy to be spent on transmission.

In this case, the battery efficiency 7 is equal to 1 and P, is OW.
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Total energy consumption: 51.9205 Joules
Remaining energy: 23.0795 Joules
Total data transmitted: 11 kbits

Figure 3.3: Optimal Offline Schedule: Variable Channel Gain

Now let us relax the ideal battery assumption and increase P to 1W. Al-
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though it is a high value for leakage, it makes the observation of the effects of

leakage easier. The optimal schedule with Py, = 1W is given in Figure (3.4}
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Total transmission energy: 53.5769 Joules
Remaining energy: 9.4231 Joules
Total data transmitted: 11 kbits

Figure 3.4: Optimal Offline Schedule: Battery with Leakage

The effect of the leakage can be seen especially during the first two epochs. The
available energy at that time is 15.J and 5.J is lost to the leakage, which in return
results in reduced transmission rate. In order to compensate for it, transmission
rates at following three epochs are increased. These changes in the schedule

cause an increase in total transmission energy.

The next case is when the battery efficiency is reduced to 0.8, a typical value for
Li-ion batteries [28]. Leakage power is ignored so that the sole effect of battery
inefficiency on optimal schedule can be seen. The result in Figure is obtained
for n = 0.8, Pear = 0.

The optimal schedule again changes due to the imperfection of the battery. Note
that although total transmission energy changes slightly, the remaining energy
decreases significantly. How the behavior of the optimal schedule changes when
efficiency is further reduced to 0.5 can be seen on Figure [3.6, Note that as the

efficiency decreases, the optimal schedule is inclined to spend the arrived energy
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Figure 3.5: Optimal Offline Schedule: Battery with n = 0.8
immediately. This is because if the energy is not spent at the same epoch, it is

stored in the battery which loses a significant amount of energy in vain.
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Figure 3.6: Optimal Offline Schedule: Battery with n = 0.5
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3.5 Evolutionary Optimization Approach to Obtain the Optimal Of-
fline Schedule

Evolutionary Algorithm is a heuristic optimization scheme which adopts tech-
niques inspired from biological evolution such as crossover, mutation, selection
and reproduction [29]. Among numerous Evolutionary algorithms, Genetic Al-
gorithm [30] is one of the most popular ones. It pursues the solution in the form
of chromosomes, i.e. string of numbers, which it derives from a certain popu-
lation by simulating biological phenomena such as crossover and mutation. A

typical Genetic Algorithm follows the steps given in Algorithm [2

For the problem , the array of transmission rates are adopted as chromo-
somes without any alteration. For example; a transmission rate schedule r; =
{1,3,0.2,2,1.4,1.8}kbps is represented as chromosome ¢; = [1,3,0.2,2,1.4,1.8].
Note that r; has 7 elements and hence it represents a schedule that spans 7
epochs. The length of the schedule is the same for each schedule/chromosome
and it is determined as the least number of epochs during which the transmission

can be completed.

An initial population of n = 100 chromosomes are created in accordance with
Algorithm [2 The transmission rate in epoch k is constrained between:

(0, min {% log (1 -+ hy P (K)), Zk%f@ }) (3.13)

where P, (k) = zf%fh(l), D(i) is the data arrived at the beginning of epoch
k, Ty and hy are the duration and channel gain of epoch k, respectively. This
constraint is due to the energy and data causality constraints of the problem.
Note that charge/discharge inefficiency and energy leakage are not taken into
account. This means that some elements of the chromosomes will violate energy
neutrality constraints. Those energy neutrality constraints are later dictated by
the fitness function. Therefore, the aim of this constraint on the transmission
rate is not to meet the constraints in , but rather to have a head start by

creating an initial population that does not contain chromosomes with irrelevant

elements.
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Algorithm 2 Genetic Algorithm

1:

10:

A population of randomly generated n chromosomes is created. Each chro-
mosome represents a possible solution to the optimization problem. In other
words, any solution candidate is encoded into a chromosome, which is a
string of numbers.

According to an application specific fitness function Fy;, fitness of each
chromosome is calculated. The fitness function is specified such that the
fitness of a chromosome is proportional to the proximity of the corresponding
solution to the optimal solution.

If the fitness of a chromosome is greater than a certain threshold 6y, stop.
The solution corresponding to this chromosome is in the proximity of the
optimal solution. Else, continue.

repeat following steps:

Select two chromosomes from the population. The probability of
a chromosome being selected is proportional with its fitness.

Perform a crossover with a probability p.. The crossover can be
single point or multiple point. In case of single point crossover, chromosomes
are broken into two at a specific point and a new chromosome is formed by
taking the first and the second parts from the first and the second parent
chromosomes, respectively.

Perform a mutation on the new chromosome with a probability
Pm. Mutation is the change in random elements (numbers) of the chro-
mosome. It is generally performed, when chromosomes are made of binary
numbers, by replacing zeros with ones and vice versa.
until n offspring are produced.

Replace the current population with the new generation of n chromosomes.

Go to state 2
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A resolution of 0.001 is used while determining the elements of the chromo-

somes. Therefore, the k*" element of the chromosome can take one of the values

0,0.001,0.002,- - ,min ¢ = log (1 + hyPeym (K)), = ([ Using such a
k

resolution in this problem makes calculations simpler. In addition, contemporary
transmitters can adjust their transmission rates in a discrete fashion. Therefore,

discrete transmission rates are more useful in real-life applications.

After the initial population is generated, chromosomes are evaluated by using a
fitness function F; such that the fitness of the chromosome is a weighted sum

of Heaviside (step) functions of constraints and total energy usage as below:

k k

K k
Fru(e) =o [ [H0 Y _[Bu(0) = Eu@] = 3 [Bu(i) = Ba()]" = D PrearTh)

i=1 i=1
k

+a [[HO D) — 1/T)

i=1

+a3 Y H(e—|D(i) — riT}))

(3.14)

where H is the unit step function and x; are coefficients with x; + x5 + x5 = 1.
Note that the 4th addend is negative. This is because the chromosome which
spends less energy should be more fit. One should also note that the coefficient
x4 is kept small compared with the other three, so that the first three addends
remain dominant. As a solution must meet the constraints in , the first
three addends in accounts for most of the fitness. Therefore, according
to , a schedule that uses a small amount of energy is represented by a
chromosome which has fitness close to 1. The constraint is ignored as it

is automatically met by allowing nonnegative transmission rate values only.

After all chromosomes are assigned with their fitness values, two chromosomes
are randomly selected and with a probability p. single-point crossover is applied
between these chromosomes. The resulting chromosomes are added to the new

generation chromosomes. The probability that a chromosome is selected is ad-
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justed to be proportional with its fitness value. The point where the crossover
takes place is also chosen randomly. After the crossover, all elements of new
chromosomes are mutated with probability p,,. The mutation process is crit-
ical in acquiring the optimal solution, because the population consists of only
100 chromosomes and it is highly unlikely that the optimal rates correspond-
ing to each epoch is chosen in the initial population. The process of selection,
crossover and mutation continues until a new population of n chromosomes are
generated. This cycle of assigning fitness and creating a new population con-
tinues until a generation with average fitness higher than a certain threshold is

obtained. Among this group, the fittest chromosome is chosen as the solution.

Example 3.5.1. Crossover at 3rd element

¢ =[6,2.2,3,8,5.4,2,0.2,3.3] ¢ =[6,2.2,3,9,4,1.5,8.1, 5]

¢y =[6.3,1,2.7,9,4,1.5,8.1, 5] cy =[6.3,1,2.7,8,5.4,2,0.2,3.3]
Example 3.5.2. Mutation

¢ =[6,2.2,3,9,4,1.5,8.1,5] i =[6.01,2.2,3,9.02,4,1.5,8.1, 5]

mutation

¢, =[6.3,1,2.7,8,5.4,2,0.2,3.3] ), =[6.3,0.9,2.7,8,5.4,2.4,0.2, 3.3]

In order to evaluate the effectiveness of this heuristic, it is compared with the
optimal offline solution found earlier. A sequence of events as in Figure is as-
sumed and for that sequence, both SUMT and GA methods are run. The battery

efficiency n and leakage power P, are assumed as 0.8 and 1mW, respectively.

The resulting schedule with SUMT and GA can be compared in Figure [3.§
Note that the schedule produced by GA is very close to the schedule produced
by SUMT. This is expected as the Genetic Algorithm converges to the the global
optimum. On the other hand, normally SUMT method converges to the local
optima along with the other gradient-based methods. Here, however, SUMT too
reaches the global minimum due to the convexity of the optimization problem.

The energy used by the optimal schedule is 52.1664.J whereas the GA schedule
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Figure 3.7: Another sample event sequence

spends 52.168.J for transmitting the same amount of data. The small difference

of transmission energy can be linked with the discrete set of rate values that

a chromosome is allowed to take. This comparison shows that SUMT method

indeed reaches the optimum solution. It should be noted that the convergence

time of GA in this case is much longer than that of SUMT method.
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Figure 3.8: Offline Schedules: SUMT vs. GA
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3.6 Maximization of Saved Energy by Using SUMT

It was observed in Section that the change in the transmission energy and
the remaining energy are not commensurate. At some cases, the transmission
energy increases slightly while the remaining energy decreases rapidly. Likewise,
the transmission energy can change immensely while the remaining energy is
not affected as much. A further tweaking with the numbers showed that it
was possible to increase remaining energy by changing the optimal transmission
schedule, i.e. by increasing transmission energy. What was the problem? It
turns out that, in the presence of battery imperfections, the algorithm that
only focuses on minimizing transmission energy does not fully compile with the
aim of energy saving. The optimization problem in such a case should try to
maximize the energy that remains after the transmission. In other words, it
should minimize the sum of transmission energy and the energy that is wasted.

Therefore, the optimization problem (3.11]) should be re-written as follows:

Minimize: G(r) = Z (pi(r)T; + Ey(i)) + pl(r), (3.15)

i=1

FE,, stands for energy wasted, and it can be seen that it is a constant when
(En, — E,) < 0, and a linearly increasing function of (Ej — E,) when (Ej —
E,) > 0, therefore it can be seen that as long as n > 0, the convexity is not
affected. Also, note that under ideal conditions (7 = 1,Peqr = 0), E, = 0
and the problem becomes identical with problem . When this new

optimization problem is solved and compared with the old one, the result is
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Total transmission energy: 42.4501 Joules (old), 42.6845 Joules (new)
Remaining energy: 22.8906 Joules (old), 23.0991 Joules (new)
Total data transmitted: 11 kbits (old, new)

Figure 3.9: Offline Schedules: Old vs. New

obtained as in Figure |3.9,

The event sequence in Figure is used in the comparison. Battery efficiency
n and leakage power P are taken as 0.8 and 1mW , respectively. Note that the
new optimal schedule is more aggressive during epochs at which energy arrival
occurs. At the first (Fj, = 15J) and third (E, = 40J) epochs, the transmission
rates are increased. This is due to the fact that if the harvested energy is not
used at the same epoch, then it is stored at the battery and hence lose energy to
charge/discharge inefficiency. Consequently, during the second, fourth and fifth
epochs where there is a small energy harvest or no harvest at all, the transmission
rate is reduced. It turns out that although the transmission energy is increased

by the new schedule, the remaining energy is also increased.
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Figure 3.10: An event sequence

The comparison in Figure [3.9] is made with stable channel gain assumption.

To relax that, optimal offline schedules for a sequence as in Figure are

calculated.
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Figure 3.11: Another sample event sequence

Battery efficiency n and leakage power P are kept the same (0.8 and 1mWW),
and the resulting schedules in Figure [3.12 show that the new optimal schedule
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Total transmission energy: 69.4093 Joules (old), 69.5295 Joules (new)
Remaining energy: 43.9325 Joules (old), 44.0386 Joules (new)
Total data transmitted: 13 kbits (old, new)

Figure 3.12: Offline Schedules: Old vs. New

does not completely differ from the old one. In this case, the new schedule is
increased at the first epoch, consequently decreased at the second, and remained
the same with the old schedule for the rest of the epochs. This minor change
saved 0.1J of energy.

For the same event sequence in Figure , the solution of problem for
different 7 values, as well as the solution of problem for n = 1 are plotted
in Figure [3.13] The first thing to be noticed is that both of the problems
and yield the same result for n = 1. This had been algebraically
explained earlier. In addition, Figure reveals the behavior of the optimal

offline schedule against decreasing battery efficiency.

The leakage power Py was 1mW during the simulations in Figure [3.13] Al-
though when the value of P, is significant it changes the outcome of problem
(3.15)), it gives the same result as problem . This is expected as Py is
added as a constant to E,, in , therefore a change in P, does not alter
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Figure 3.13: Optimal offline schedules under various battery efficiencies (7)

the optimal solution.

Main outcomes of this chapter can be divided into three. Firstly, it was observed
that the battery imperfections affect the outcome of the optimal offline schedule
that minimizes energy consumption. Especially, a high charge/discharge inef-
ficiency causes the optimal schedule to be more aggressive in terms of using
energy. This is due to the fact that if the harvested energy is not used immedi-
ately, it is stored in the battery which causes a certain percentage of the stored
energy to be lost. Secondly, it was observed that this problem is suitable for
evolutionary heuristics. By using Genetic Algorithm, the optimal solution can
be obtained at the cost of processing power and time. The solution with Genetic
Algorithm verified that SUMT successfully reaches the global minimum. Lastly,
it was shown that by changing the optimization problem such that it minimizes
energy usage and energy waste, more energy can be saved. In other words,
optimal schedules that minimize transmission energy and maximize remaining
energy slightly differ from each other. Increased battery inefficiency is observed

to enhance the difference between these schedules.
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CHAPTER 4

EMARE: ENERGY AND MOBILITY-AWARE
ROUTING SCHEME FOR ENERGY HARVESTING
WIRELESS SENSOR NETWORKS

Adapting transmission power is merely one of the methods that increase energy
efficiency in an energy harvesting network. Techniques such as data reduction,
protocol overhead reduction, energy efficient routing, duty cycling and topology
control are some examples on alternative methods [31]. Although such practices
are well studied for regular battery-powered networks, a few research has been
made for energy harvesting systems. The absence of such studies encouraged us
to come up with an energy efficient routing algorithm which differs from others

by taking energy harvesting into account.

4.1 Energy Efficient Routing in Wireless Sensor Networks

Wireless sensor nodes are often small and minimal in design. As they are usually
deployed abundantly over large areas, the cost of a single sensor node should
be insignificant in order for the network to be feasible. This implies many con-
straints on wireless sensor nodes such as limited computational power, limited
energy storage and so on. In addition to this, wireless sensor nodes are expected
to last for a long time without maintenance. These constraints motivate re-
searchers to come up with methods that can prolong wireless sensor networks’
lifetime. Energy efficient routing protocols deal with it by finding the most

efficient route from the transmitter sensor node to the sink node.
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Consider a wireless sensor network of n nodes. Depending on the use of the
sensor network, these nodes transmit data either periodically or when they are
triggered by an external source which is generally the sensed phenomenon itself.
In any case, for an operational network these nodes have to convey their data to
the sink. Studies indicate that data transmission is very expensive in terms of
energy when compared with other operations of a sensor node such as sensing
and data processing [22]. Therefore, minimizing the transmission cost of a sensor
node is essential for an energy efficient operation. Let the following (used in [32],

[33]) roughly govern the energy spent for sending a packet over a distance d:

where E, is the energy dissipated per bit by the transmitter circuitry and Egxd™
is the energy per bit spent by the radio amplifier. It is usually considered that
2 < n < 4[34). It can be observed that the transmission energy increases
exponentially with the distance. Therefore, for a wireless sensor node an intuitive
approach would be to shorten the singular transmission distance between the
node and the sink by using other sensor nodes as intermediate nodes, thus
breaking a long distance transmission into multiple short distance transmissions.
In case of wireless Ad-Hoc networks this would work fine as the communication
is many-to-many, i.e. nodes communicate with each other in a uniform manner.
However, in wireless sensor networks communication is many-to-one, where all
sensor nodes communicate with the sink. Therefore, such an approach would
cause the nodes closer to the sink to perform more transmissions, and hence to
lose energy faster. This non-uniform energy drainage acts against the aim of the
sensor networks by causing blackouts at the areas closer to the sink. Therefore,
reducing individual sensor nodes’ transmission energies is usually not sufficient.
An ideal method maximizes the sensor network’s lifetime by minimizing the
overall energy consumption while ensuring that the sensor nodes die (run out of

energy) at random places over the sensor field, preventing blackouts.

As the aim of energy efficient methods is to prolong the wireless sensor network’s
lifetime, their primary objective is to reduce the overall energy consumption of
the network. Energy efficient routing protocols designed to achieve this can

be classified as: data-centric, opportunity-based, geographical and hierarchical
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protocols[31].

Data-centric routing protocols attempt to reduce energy consumption by using
the content of the data to be sent by the sensor node. Data packets are routed
through sensor nodes which are interested with the information within these
packets. These methods assume that the network operates under a query driven
fashion. In a sample case, a node sends an advertisement message indicating
the availability of data and interested nodes send responses for the packet. The
node transmits its data to the interested node(s), which makes it possible to

transmit data to interested nodes with less number of transmissions.

Opportunity based protocols exploit the characteristics of certain wireless sensor
networks in order to reduce energy consumption. These characteristics include
sensor node mobility, sink mobility and network geometry. A routing protocol
designed specifically for wireless sensor networks with mobile nodes can out-
perform other generic routing protocols. However, such protocols have rather
narrow area of use as they require specific features from wireless sensor networks.
For example, [32] develops a routing strategy which outperforms classical rout-
ing protocols and is near-optimal for one-dimensional wireless sensor networks.
As [32] uses the optimal number of hops for a linear wireless sensor network
found in [35] by approximating its number of hops to it, however, [32] provides
energy efficient routing only for networks with sensor nodes aligned over a line.
It is outperformed by other protocols when sensor networks are spread over a

two-dimensional area or a three-dimensional space.

Geographical protocols take advantage of wireless sensor nodes’ location in-
formation in order to calculate energy optimal routes. These methods have
a certain advantage over non-geographical protocols which use flooding based
techniques to calculate routes. Using flooding causes extra messages which add
to the energy consumption, i.e. setup cost, and it is less likely to be as scal-
able as geographical protocols due to connectivity issues. On the other hand,
innate minimalistic wireless sensor nodes are usually not equipped with GPS
modules due to their cost to the system. In addition, GPS modules tend to per-
form poorly in the absence of a line of sight link to GPS satellites. Therefore,
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methods that do not use geographical data span a larger portion of the current

wireless sensor networks.

Wireless sensor networks vary in their number of sensor nodes, whereas there
is usually one sink which collects all the sensors’ data. If the network’s size
is large, this causes a dense data traffic towards the sink. Hierarchical routing
protocols overcome this problem by arranging clusters where cluster heads collect
data, merge it and transmit it to the sink. Thus, the sink receives less number
of transmissions and the multiple access complexity for the sink node at the
link layer is reduced. In addition, hierarchical protocols are shown to reduce the
overall data consumption by having less number of shorter distance transmissions

despite the message overhead caused by cluster construction.

4.2 System Model

Energy efficient routing protocols are often compared by using computer-aided
simulations. In order to conduct these simulations, certain features of wireless
sensor networks need to be mathematically modeled. Among these are Energy

dissipation model, Energy harvesting model and Data aggregation model.

4.2.1 Energy Dissipation Model

Accurate modeling of the energy dissipation is important for a healthy compar-
ison of various protocols’ energy performances. A commonly used model firstly
introduced in [18] is known as the First Order Radio Model. According to this

model; the energy a transmitter spends to send £ bits a distance d is:

ETx(ka d) = Eelechz(k» + Eampr:r(k; d)

(4.2)
= Eaeek + Egmp-k.d?

where Egee_7.(k) is the energy spent by the electrical circuitry of the trans-
mitter, whereas E,,—71.(k,d) is the energy consumed by the amplifier of the

transmitter node. Likewise, at the receiving side the receiver node spends:
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ER:):(k) = Eelechx(k) (43)

= elec-k

where Fe.r:(k) is the energy required by the electrical circuitry to receive the
message. Many studies such as [19] and [36] take E¢e. as 50n.J/bit and E,,,, as
100p.J/bit/m? in accordance with [18§].

Transmitter Receiver
I kbits 1} : : Ik bits |
bmm= =l | | Transmitter Amlifier Receiver | p—
_39' ) ) -
Electronics P Electronics -

Eeleu:-I< Ean‘up-k-drl Eele-:.I<

Figure 4.1: Energy Dissipation Model

more realistic model for the radio hardware energy consumption is presented in
[37], where both free space and the multipath fading channels are considered.

According to this model, the transmission energy is as follows:

[ * Eelec + [ * €fs * dQu if d < dcrossove’r
Er.(l,d) = (4.4)
[ * Eelec + 1% Emp * d4; if d > dcrossover

In this model, depending on the transmission distance d, the energy model of the
transmitter changes. When d is less than a certain threshold d . ossover, the free
space channel model applies. Otherwise, the multipath fading channel model
which has the d* term and therefore is more sensitive to the distance applies.
The reason for using this model instead of the one used in Chapter [3] is that
First Order Radio Model (FORM) is used in methods including LEACH [18] and
PEGASIS [19], with which EMARE is compared. The model in Chapter [3[ and
FORM are quite different from each other. In FORM, modulation and coding
are fixed and only signal amplification is used in order to achieve a certain SNR

at the receiver. On the other hand, in the former model the transmission distance
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was fixed, and the code rate was being adjusted according to the transmit power
level which had been resulted from the optimal scheduling algorithm. In other
words, FORM ignores the effects of parameters such as coding and modulation,
except the received SNR. Despite all, it is used to evaluate EMARE for a fair

comparison with other methods.

4.2.2 Energy Harvesting Model

One of the key features of environmental energy is its unpredictability. Environ-
mental energy depends on the type of the source (solar, wind, vibration etc.) as
well as the geographical location and other environmental factors. This unpre-
dictability necessitates a probabilistic modeling of energy harvesting in order to
be studied accurately. Although these energy sources are available at random
times at random amounts, it is possible to represent them using stochastic pro-
cesses. Some environmental energy sources which are less unpredictable than the
others are easier to be represented as a probabilistic model. One such example
is solar energy, whose daily energy graph is highly correlated with its previous
days’ graphs. As it is also one of the most abundant energy sources, the energy

harvesting model in this study is based on solar energy harvesting.

Markov chain is used by researchers to model previous meteorological data in
order to predict future data [38] [39], as meteorological events tend to have
memory. As solar energy is an outcome of such events, a discrete-time Markov

chain (Figure 4.2)) is used to represent the solar energy harvesting in this study.
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Figure 4.2: DTMC Energy Harvesting Model

In order to obtain the DTMC model, a current data generated by a solar energy
harvester throughout a day is obtained from SensorScope [40] project. Then,
similarly with [39], this data is used to obtain energy versus time graph. The
amount of generated energy which varies from 0 to E,,,, is divided into 10
equal portions, each of which will correspond to a state of the Markov chain.
If the amount of energy produced during a time interval (10 seconds) is within
the same portion as the one from the previous interval, then the state in the
Markov chain is assumed to be the same with the previous one. Otherwise, the
state is changed to the one which corresponds to the portion that contains the
produced energy. Due to the continuous behavior of solar energy, the new state
is either one-up or one-down. If the changes in the amount of harvested solar
energy were major or if the Markov chain had more than 10 states, the changes

in states could be more diverse.

The frequencies of state changes are counted and normalized in order to be repre-
sented as probabilities. The resulting Markov chain with calculated probabilities

is used as the energy harvesting model in this study.
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4.2.3 Data Aggregation Model

Transmission of data from source to the destination in a multi-hop fashion en-
ables the modification of data while being routed by intermediate nodes. As the
intermediate nodes also send their data to the same destination, combining the
node’s own data with the data to be routed can reduce the total traffic of the

network thus reduce the overall energy consumption.

Different types of sensor networks sense and send different types of data. The
correlation of data that runs through the network determines how much aggre-
gation can be done. Therefore, the amount of aggregation depends on the type
of the sensor network. A sensor network generally falls into one of the following

three categories in terms of data correlation [41]:

No Redundancy The information sent by individual sensor nodes completely
differ from the others. In other words, data packets coming from different
sensor nodes have no common attributes which can be merged into a single
attribute. Sensor networks which collect individual temperature data from

all their nodes is an example to this class.

Complete Redundancy Sensor nodes’ messages are identical. This case is
valid for sensor networks where sink sends a query and expects “Yes” or
“No” messages from sensor nodes. An example is a military sensor network
planted over an area to detect vehicles from the vibration they create. In
this case, “Yes” or “No” messages can be merged into a single one, as the
sink is primarily interested in whether there is a sensed phenomenon or

not.

Intermediate Level Redundancy This is the case where two packets from
different nodes can partly be merged. Therefore the resulting packet is
longer than any one of the packets. It is practically the most common
case, because usually some parts of network packets such as headers and

footers are redundant.

Most of the current studies including [I8] and [I9] assume that a sensor node
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can collect any number of packets from other sensor nodes and, after processing
those packets along with its own packet, produces a single packet of the same
size. Although this assumption makes the performance analysis simpler, it is
only valid for sensor networks that have complete redundancy mentioned above.
In general, it is expected that the size of the aggregated packet grows with
the number of packets that are being aggregated. Therefore, a more realistic

aggregation model is needed for an accurate analysis.

The following aggregation model covers all three redundancy cases [42]:
x(z) =mz+c (4.5)

where z is the number of aggregated packets, m is the compression ratio, c is the
aggregation overhead and x(x) is the number of packets after the aggregation. It
is assumed that packets are of the same size, which is feasible as it is generic for
sensor nodes, including TinyOS-operated motes [43] [44]. In addition, assuming
that 0 < m < 1 is reasonable as data aggregation aims to compress the data,

limiting m between 0 and 1.

In an aggregation model, if m = 0 then it is the case when any number of packets
can be reduced into a packet of fixed size c. This is the case used in numerous
researches such as [I8] and [I9] and it corresponds to the complete redundancy
case in real life applications. When m = 1, it means that there is no aggregation.
This can be the case when there is no redundancy between data packets sent
by different nodes. The case 0 < m < 1 is the most realistic one, as in real-life
networks certain parts such as headers can be reduced by aggregating two or

more packets.

4.3 EMARE Algorithm

EMARE is a cluster-based routing protocol, where cluster heads constitute a
backbone that reaches to the base station or the sink. Therefore, the communica-
tion between cluster heads and the sink is multi-hop, whereas intra-cluster com-
munication is single-hop. Cluster head selection and cluster formation phases

are conducted simultaneously in a flooding-like fashion.
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In EMARE, the sink initiates the cluster selection-formation by broadcasting a
beacon message with a certain transmission power. Sensor nodes which receive
this beacon immediately label their route as the sink, therefore constituting the

first cluster which has the sink as its cluster head.

Sensor nodes that had labeled their route are identified as connected nodes as
they are connected to a cluster head. Similar to the sink node, connected nodes
opportunistically broadcast beacon messages to continue the cluster formation.
These beacon messages are dropped by connected nodes and responded by nodes
that have not yet labeled their route. Such nodes are called unconnected for
the obvious reason. By receiving the responses, a connected node learns its
neighbors. If the connected node has any unconnected neighbors, it broadcasts

an info signal which includes the following:

e Transmitter node’s 1D
e [Ds of transmitter node’s unconnected neighbors

e Transmitter node’s energy metric

info signal is received only by connected nodes and dropped by unconnected
nodes and cluster heads. connected nodes which receive the information signal
check if the nodes pointed out in the info signal are covered by themselves; if
one of them finds out that it also covers these nodes and its energy metric is
higher, it immediately broadcasts a notification signal and becomes a cluster
head. Otherwise, the node that had broadcasted the info signal broadcasts
the notification signal (after waiting for a pre-determined time) and becomes
a cluster head. wunconnected nodes which receive notification signal become

connected by labeling their route as the source of the broadcast.

This procedure continues until every connected node checks its unconnected
neighbors. In the end, all nodes become either connected nodes or cluster
heads (assuming that all nodes are inside the transmission radius of at least
one other node). Pseudocodes for unconnected and connected nodes are given in
Algorithms [3] and [4] A sample sensor network connected by PEGASIS, LEACH,
HEED and EMARE is given in Figure [£.3]
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Algorithm 3 EMARE Algorithm, Unconnected Nodes
procedure UNCONNECTEDNODE K

upon receiving a beacon message:
respond with ID: {ID}
upon receiving notification message from node i:
route < ID;
become connected
break

end procedure

One of the novel approaches of this method is the energy metric which affects
the cluster head decision. It is defined as the weighted sum of the sensor node’s
current residual energy and the amount of energy harvested for the last 7 time

intervals:

M(t,7) = aE(t) + (1 — ) Ey(t, 7) (4.6)

Here, M represents the energy metric while E (t) represents the amount of
energy stored by the sensor node at time ¢ and FEj(t,7) represents the amount
of energy harvested during the period [(¢t — 7),t]. Moreover, « is the weight
coefficient which can be tuned according to the type of the sensor network.
As number of rounds replaces the time axis in similar studies, in this setup a
discrete energy metric M([n,i] = aF;[n| + (1 — a)Ep[n,i] n,i € Nt is used. In
accordance with Equation (4.6)), E;[n] is the amount of stored energy at the n'"
round and Ej,[n, ] is the amount of harvested energy during the last ¢ rounds of

communication.

If the availability of ambient energy source is rather continuous (such as solar
energy), this implies that between rounds of communication, amounts of har-
vested energy are highly correlated with each other. In such a case, E} can be
taken as the amount of harvested energy since the last round of communication
(¢ =1). Such an Ej, gives enough insight about the amount of energy that will
be harvested at the next interval. Similarly, a smaller a can be chosen due to the

fact that E), gives significant clues about the potential lifetime of the network.

On the other hand, if the ambient energy source is discrete and sparse (such
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Algorithm 4 EMARE Algorithm, Connected Nodes

procedure CONNECTEDNODE C
broadcast beacon message
upon receiving {ID,} from unconnected node x:
{IDyc.} + {IDyc.} U{ID,}
upon receiving info signal {ID,, IDycy,, M,} from connected node y:
if {IDyc.} # 0 then
if {IDyc.} = {IDycy,} then
if M. > M, then
broadcast surpassing notification message
become cluster head
break
end if
else if {IDyc.} D {[Dycy} then
broadcast surpassing notification message
become cluster head
break
end if
end if
wait for Tpackofs
if {IDyc.} # 0 then
broadcast info signal {ID,, IDyc., M.}
wait for T,
if no surpassing notification message received then
broadcast notification message
become cluster head
break
end if
end if

end procedure
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Figure 4.3: Cluster formation of various methods

as vibrational energy in a car park) Ej, can be taken as the sum or (moving)
average of the amount of energy harvested during the last (i > 1) rounds of
communication. As in such cases the recent energy harvests do not give much
clue about the incoming energy harvests, taking former harvests into account
can give better insight about the frequency and hence the probability of energy
harvests. Again, « can also be adapted according to the correlation between

energy harvests.

4.4 Performance Evaluation

A group of 100 sensor nodes are randomly scattered over a (100m x 100m)
area as in Figure . FEelee and E,pp, are taken as 50n.J/bit and 100pJ/bit/m?,

respectively. The coverage radius of nodes are assumed as 20m. Initially, no
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energy harvest and data aggregation is assumed. All nodes are started with
0.1J of initial energy. At each iteration, 2kbits of information is sent to the sink
from every node. The sink is located at (—100, —100), which is at least 140m
away from the closest node, as all the nodes are located between coordinates
(0,0),(0,100), (100, 0), (100, 100). The resulting performance of the network un-
der EMARE, LEACH, PEGASIS, HEED and direct transmission schemes is

given in Figure 4.5]
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Figure 4.4: Coordinates of randomly placed 100 nodes

It can be seen that EMARE outperforms all other protocols at last node to die.
Although the direct transmission has the best performance in terms of first node
to die, it is the first protocol to lose all of its nodes. Note that the network
lifetimes are different from what was claimed in original works [I8][19] which is

due to assumed complete redundancy data aggregation that is described earlier.
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Figure 4.5: Numbers of alive nodes per round when sink is at (—100, —100)

Almost all protocols such as LEACH and PEGASIS assume a sink node that
is far away from the network. The main reason for this is that when the sink
is close, the cost of direct transmission is less than making shorter multi-hop
transmissions according to the first order radio model.

this phenomena, next comparison is made with the sink node at (0,0). Sensor

70
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network lifetimes under that condition is observed as in Figure
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Figure 4.6: Numbers of alive nodes per round when sink is at (0, 0)

As expected, the direct transmission performed best in terms of last node to
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die. It can be seen that a small amount of nodes survive for a very long time.
Those nodes are the ones close to coordinates (0,0). This result indicate that
hierarchical protocols are useful when the sink node is far away. Therefore,
the sink is replaced back to (—100, —100), and this time energy harvesting is

enabled. The resulting performances are given in Figure |4.7]
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Figure 4.7: Numbers of alive nodes per round with energy harvesting

It can be seen that after the networks reach a stable state, EMARE contains the
most alive nodes among the others. The initial fall at the number of alive nodes
is due to the initial energy of 0.1.J per node. The dead nodes become alive again
when they harvest energy from the environment. LEACH is the second after
EMARE in terms of alive nodes at steady state. The superiority of EMARE
over other methods can be linked with the fact that it uses both residual energy
and recent energy harvest information to elect cluster heads. Therefore, it can

select cluster heads with accurately estimated life expectancy.
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CHAPTER 5

CONCLUSIONS

The main purpose of this thesis is to find insight and develop effective ways to
achieve energy efficiency for energy harvesting communication systems. Two of
the many ways to achieve this; namely transmission rate scheduling and energy
efficient routing were investigated. The research led us to study complex offline
optimization problems and energy efficient online routing protocols. While doing
these, imperfections of such real-life systems are taken into consideration in
order to take the research to another level. These studies are resulted in finding
the optimal offline transmission rate schedule for energy harvesting transmitters
with battery imperfections, along with an online energy harvesting and mobility-
aware routing protocol for energy harvesting wireless sensor networks. The

summary of the process and deductions are given below.

The first investigation was on energy efficient transmission for energy harvesting
transmitters. Energy efficiency is aimed to be achieved by scheduling the trans-
mission rate, and hence the transmission power. A point-to-point communica-
tion scheme under fading channel conditions are assumed. Adapting the energy
neutrality definition from [4], a convex constrained optimization problem has
been obtained. In this problem, battery charge/discharge efficiency and leakage
current along with energy causality and data causality are taken into account.
The problem is turned into an unconstrained one by using penalty functions and
solved by using one of the classic iterative methods, namely Sequential Uncon-
strained Minimization Technique (SUMT) [26]. It was shown that the optimal

transmission rate schedule changes when the battery imperfections are taken
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mto account.

One problem of SUMT was that in general, gradient-based optimization meth-
ods converge to the local optima instead of the global optimum. Although the
problem in this study is shown to be convex, a cross-check would ensure the
effectiveness of the SUMT method. Therefore, an alternative method which
converges to the global optimum is investigated. The Genetic Algorithm (GA),
which is a heuristic method that mimics the process of biological evolution was
used to solve the transmission energy minimization problem. Again considering
battery imperfections and energy neutrality, the optimal solution to the mini-
mization problem was achieved with this heuristic. It was observed that the two
solutions are almost identical, proving the accuracy of SUMT method for this

problem.

Later during these studies, it was observed that the earlier optimization prob-
lem which focuses on transmission energy minimization can be upgraded and
schedules with more energy saving can be achieved. This was due to the fact
that battery inefficiency could be taken into consideration not only as a part of
the energy causality constraint, but also an energy waste which should also be
minimized. After re-writing the optimization problem as minimization of energy
usage and energy wastage, and solving it by using SUMT, it was demonstrated

that a little more energy can be saved with the resulting optimal schedule.

The extensive research conducted for the first part of the thesis gave insight
and know-how about energy efficient methods, especially for energy harvesting
communication devices with limited storage and processing capabilities. There-
fore, an additional effort was made in order to come up with an online algorithm
which is simple enough to be used by such devices and is also energy efficient.
Among many ways to achieve this, energy efficient routing protocols for wireless
sensor networks had been shown to be highly effective. However, next to none
studies were there for routing protocols customized for energy harvesting wire-
less sensor networks. Therefore, an energy harvesting aware clustering scheme,
namely EMARE, was developed for energy harvesting wireless sensor nodes.

This protocol constructs a connected backbone between sensor nodes and sink,
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improving connectivity and scalability. In addition, cluster heads are elected
based on their expected lifetime, which does not singularly depend on residual
energy but also depends on recent energy harvests. These traits are shown to be
effective by results depicting that EMARE outperforms other reputed protocols,

in cases with and without energy harvesting.

The next step of these studies can be more implementation-oriented. For the
optimal offline scheduling, theoretical results that has been found can be sought
experimentally. In addition, an online scheduling algorithm that takes battery
inefficiencies into account can be developed and its performance can be com-
pared with the theoretical minimum. As for the genetic algorithm that was
used to solve the optimal scheduling problem, it can be developed further by
including other techniques such as elitism. Thus, the convergence time of the
heuristic can be reduced. There is more to build on about EMARE, as it is
only compared with some other protocols in terms of network lifetime. EMARE
can also be implemented on an energy harvesting sensor network, which has not
been accomplished due to hardware constraints. Thereby, its performance can
be seen on a real-life application. In addition, EMARE can be improved further
by finding the optimal transmission radius for energy harvesting wireless sensor
nodes. Also, the energy metric can be defined not only for solar but also for
other types of energy harvesting. Delay and throughput analysis can also be
made and compared with other popular protocols. The mobility issue can be
expanded by using modeling techniques such as random waypoint model. The
effect of mobility on connectivity, as well as a relation between mobility and

route re-calculation frequency for preserving connectivity can be studied.
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APPENDIX A

PROOF OF LEMMA 1

A standard convex minimization problem is defined as [45]:

minimmize f(zx) (A1)
subject to gi(x) <0,i=1,...,m
hi(z)=0,i=1,...,n

where f,qg1,...,9n are convex, and hq,...,h, are affine. Therefore, to show

that problem (3.9) is convex, the objective function along with constraints
(3.9al),...,(3.9d)) should be convex or linear. Let us start with the convexity

of the objective function:

define r°2 ar®+ (1 —a)r® of length K

K K
—@Zp( )T+ (1 — « Zp
7,;<1 .

=a) ENi)+(1-a) ZEZ O (A.3)

=1

29



In[A.2] the inequality comes from the convexity of the power function which had
been defined in Equation (3.3]). Due to this inequality, the objective function is

convex.

The constraint (3.9al) can be adapted to the definition in as follows:

As g1(r;) is a linear function of r; it is convex (and concave, actually). O

The constraint (3.9b]) also can be represented as follows:

k k k

92(x) = =0 ) _[En(i) = B()F + Y _[EBu(i) = Ba()]" + Y Pear; <0 (A5)

i=1 =1 =1

This function is handled for two different cases due to the rectifier terms inside

the function:

Case 1: Eh()>E()
k k
ﬁg? = —UZ Eh u(l))_’_zo—}_zpleakﬂ
i=1 i=1

= _UZ (En(7) (1)) + 0 + consty

:_anh +nZE ) + consty

= —consty +n Z E. (i) + const;
=1
k

=1 Z E, (i) + constant (A.6)

i=1
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Case 2: E,(1) > Ep(7)

k k k
= ga(r) = 1) 0+ (Eu(i) = Ba(@) + ) PearTs
i=1 i=1 i=1
k
=0+ Z(Eu(z) — Ep(i)) + consty
i=1
k k
= Z E, (i) — Z Ey (i) + consty
i=1 i=1
k
= Z E, (i) — consty + consty
i=1
k
= Z E,(i) + constant (A.7)
i=1

It was shown in that S°F | F,(i) is convex. As in both cases ,

g2(r) is a linear function of Zle E, (i), ga(r) itself is a convex function. [

The next constraint (3.9¢) is represented as:

gs(r) = ZrT - Z D(i) <0 (A.8)

As g3(r) is a linear function of r, it is convex. Similarly, the last constraint

B9d) is:
K K

ha(r) = riTi =) D(i) =0 (A.9)

where hy(r) is affine (linear), hence it satisfies the convexity requirement.

Following the result in along with convexities of [A.4] and linearity
of the optimization problem in (3.9)) is convex. W
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