Chapter 1

Energy Harvesting in Nanonetworks
Shahram Mohrehkesh, Michele C. Weigle, Sajal K. Das

Abstract The goal of this chapter is to review the process, issues, and challenges
of energy harvesting in nanonetworks, composed of nanonodes that are nano to micro meters in size. A nanonode consisting of nan-memory, a nano-processor, nanoharvesters, ultra nano-capacitor, and a nano-transceiver harvests the energy required
for its operations, such as processing and communication. The energy harvesting
process in nanonetworks differs from traditional networks (e.g. wireless sensor networks, RFID) due to their unique characteristics such as nanoscale, communication model, and molecular operating environment. After reviewing the energy harvesting process and sources, we introduce the communication model, which is the
main source of energy consumption for nanonodes. This is followed by a discussion on the models for joint energy harvesting and consumption processes. Finally,
we describe approaches for optimizing the energy consumption process, which includes optimum data packet design, optimal energy utilization, energy consumption
scheduling, and energy-harvesting-aware protocols.

1.1 Introduction
The advancement of nanotechnology promises to provide a significant rise in
small scale communication. Wireless nanonetworks [1], [2] are a next generation
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of networks at nano scale. Nanonodes in such a network are composed of nano
antennas, nano-memory, nano-processor, nano-sensors, nano-sclae energy storage,
and so on. Each nanonode is in the range of nano to micro meters in size. The
nanoscale property of nanonodes opens the door for exciting new applications. For
example, nanosensors could detect chemical compounds at the molecular level or
the presence of different infectious agents, such as viruses or harmful bacteria [2].
Many other applications can also be imagined in the biological, medical, chemical,
environmental, military, and industrial domain [2]. For example, nanosensors could
be used to develop new touch surfaces or be added to standard office products (e.g.,
pens, papers, etc.), thus making the idea of smart offices a reality.
The functionalities of nanonodes are realized only through communication.
Nanosensors will collect useful information that must be sent outside of their sensing environment for storage and additional processing. Nanonodes need to communicate to control or actuate an action, or similarly monitor a phenomena. In other
words, they will need to communicate between themselves as well as with nodes in
other networks, e.g., local area network. Among all possible models of communication in nanonodes (e.g. electrical, molecular, optical, or acoustic), studies [1] show
that electromagnetic communication in the 0.1-10.0 terahertz (THz) frequency band
is a promising approach for communication in nanonetworks. Therefore, we focus
on the THz communication mechanism, in which nanosensors can consume low energy while having connectivity at the nano scale. The energy for communication is
the main part of energy consumption for nanonodes [23].
Due to the size limitation of nanonodes, only a limited energy storage can be
considered, where a nanonode harvests and stores energy from ambient sources.
Various sources, e.g., vibration, heat, and light, exist for energy harvesting. The use
of each type of source corresponds to the particular environment or application. For
example, where light is not available, heat can be used as the source of energy. The
energy availability of most sources follows stochastic processes.
In addition to the size limitation of energy storage and the stochastic energy
harvesting process, the harvester size also needs to be adapted to nanoscale for
integration with nanonodes. For example, piezoelectric nanogenerators enable a
high energy harvesting rate through compress-release cycles of the nanowires on
an ultra-nanocapacitor [23]. Similarly, nano-carbon-based and nano-ceramics-based
photovoltaics show promising light absorption properties and can be integrated with
nanonodes. The use of biofuel cells to harvest energy from various materials such
as blood sugar is another recent advancement in harvesters for nanonodes.
The new communication model, size limitation of nanonodes (which result in
low processing capabilities and low harvest rate), and stochastic properties of energy harvesting process create a paradigm of new challenges (in modeling and optimization of energy consumption) to solve for the realization of nanonetworks. Because the energy is expected to be renewed, it is important to achieve the maximum
utilization of this energy while keeping a nanonode operational. This differs from
traditional energy-saving models (e.g., duty cycles, balancing energy consumption
among all nodes, data compression, data aggregation, etc.) although some of these
may still be applicable to nanonetworks. Because energy harvesting in nanonet-
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works is in its early stage of research, we briefly study the energy harvesting in
wireless sensor and RFID networks with two goals: (I) introducing the ideas in
these networks that may be adapted for nanonetworks; and (II) highlighting both
their limitations that prevent them from being used in nanonetworks, and new approaches that could be taken.
Typically, communication is the most energy-consuming operation for nanonodes, implying that the models should focus on energy harvesting in combination with energy consumption for communication. We introduce some methods
for optimizing the consumption of energy, including finding the optimum packet
size, packet scheduling, and energy harvesting-aware techniques in the realm of
nanonetworks. More importantly, the effect of optimizing energy consumption at
each nanonode on the overall performance of the nanonetwork should be evaluated.
For example, while a nanonode should not be a no-energy state in order to avoid
unsuccessful transmission of packets, it should also not remain in a full energy state
in order to ensure that available energy is harvested and network utilization is maximized.
The remainder of this chapter is organized as follows. In Section 1.2, we give
an overview of the taxonomy and properties of energy harvesting. Moreover, we
introduce various sources of energy as well as nano scale harvesters for nanonodes. Section 1.3 introduces the communication model between nanonodes. Section 1.4 discusses the techniques for modeling energy harvesting and consumption
processes. Section 1.5 analyzes the optimizing factors of energy consumption based
on the properties of the pulse-based communication model. Finally, the chapter is
concluded in Section 1.6 with open research issues in the energy harvesting process
for nanonetworks. Particularly, open questions related to optimum energy consumption and energy harvesting-aware protocols are discussed.

1.2 Energy Harvesting
Research in energy harvesting has attracted attention in recent years due to the
availability of devices that can harvest solar energy. However, solar energy is limited
to specific times and locations. Therefore, researchers have investigated new methods of energy harvesting such as ambient vibration or heat. Independent of the type
of source for energy harvesting, energy sources mainly share a common property:
the availability and quantity of energy follows a stochastic process.
Energy sources are categorized broadly into (I) ambient energy sources such as,
solar, wind, radio frequency (RF), and vibration; and (II) human power [55], which
in turn could be passive (i.e., uncontrollable) such as blood pressure, body heat,
heartbeat and breath, or active (i.e., controllable) such as finger motion, paddling,
and walking. In the following we present a taxonomy of energy harvesting.
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1.2.1 Taxonomy of Energy Harvesting
There are three main metrics for the evaluation of harvesting methods ([4, 10,
55]):
• Conversion Efficiency: This is the amount of energy harvested as compared to
the amount of available energy.
• Energy Harvest Rate: This specifies how fast the energy can be harvested and
depends on the type of energy, among other factors. For example, in the case
of solar energy, the size of the solar panel or weather conditions (e.g., sunny or
cloudy) affect this parameter. On the other hand, in vibrant energy harvesting,
the rate of vibration affects the rate of energy harvesting.
• Power Density: This indicates the amount of power (time rate of energy transfer)
, that a device (harvester or battery) can offer.
per unit volume, measured in Watt
m3
The harvested energy is used in two ways:
• Harvest-Use: In this method when the energy is produced, it is used immediately.
An example of this method is pushing a key/button. Pushing produces some energy that can be used to transfer an electronic signal.
• Harvest-Store-Use: In this method, energy is harvested whenever possible, and
is stored for future use. This method is more useful since there is always some
energy available if it is consumed wisely. The limitation comes only from the
capacity of storage. Most of the studies in the domain of networking use the
harvest-store-use method. In these situations, two approaches are taken: (I) finding the required capacity of storage to meet the application requirements; and/or
(II) trying to optimize usage of this energy.
More detailed studies describing the energy harvesting taxonomy are available
[4, 49, 55]. In the following, we focus on possible energy sources and models of
energy harvesting for nanonetowrks.

1.2.2 Sources of Energy for Nanonodes
Energy harvesting plays a major role in the realization of nanonetworks. Due to
the limited size of nanonodes as well as some of their applications in environments
with no light (e.g. inside body, in liquids), other energy sources are considered.
Mechanical energy (from vibration and motion) and chemical energy are the two
main sources of energy nanonodes, especially in biological environments. Thermal
energy is not efficient and has downsizing limitations. In the following, we discuss
the state-of-art in energy harvesting for nanonodes.
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1.2.2.1 Mechanical-Energy Harvesting
Vibration-based mechanical energy is ubiquitous in environments where solar
and thermal energy are not available or accessible. Mechanical vibrations exist in
a wide range of frequencies, from a few hertz to several kilohertz, which result in
power densities ranging from a few microwatts to milliwatts per cubic centimeter
[48].
The harvesting of mechanical energy by piezoelectric materials is the main approach to directly convert mechanical energy into electricity. Traditionally, lead zirconate titanate, or PZT, has been the material mostly used for mechanical energy
harvesting. However, issues such as the reliability, durability, and safety of these materials limit their usage for long-term operations. Recently, piezoelectric nanowires
(NWs) have shown promise in the harvesting of mechanical energy at nanoscale
[18].
Nano-generators (NGs) based on NWs can be fabricated on various substrates,
including polymers, semiconductors, and metals, and even on unconventional nonplanar substrates, such as fibers [57]. By weaving bundles of such fibers into fabrics,
potential applications such as smart clothes can be imagined. Fiber NGs based on
similar configurations have been developed to harvest low-frequency vibrations induced by air, liquid flow, exhalation and the heartbeat of a human body [32]. The
human body contains other significant mechanical energy induced by continuous activities, such as breathing and the beating of the heart, and discontinuous motions,
such as walking and muscle stretching.
Mechanical energy from vibration and motion is available in many other environments, which makes it an invaluable source of energy in many medical as well
as indoor industrial applications for nanonetworks. Table 1.1 represents some of the
potential sources for harvest energying from vibration.
Table 1.1: Peak Frequency and Acceleration Amplitude for Various Vibration
Sources [11, 47, 50]

Vibration Source

Refrigerator
Car engine compartment
Door frame just after door closes
Kitchen blender casing
Clothes dryer machine
Small microwave oven
Washing machine
External windows next to a busy street
Second story of wood frame office building
HVAC in office buildings
Vehicles
Person nervously tapping their heel

Peak Frequency (Hz)

240
200
125
121
121
121
109
100
100
60
5-2000
1

Acceleration Amplitude ( sm2 )

0.1
12
3
6.4
3.5
2.25
0.5
0.7
0.2
0.2-1.5
0.5-110
3
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New generations of piezoelectric-nanowire are sensitive to very low acceleration
[59]. Therefore, the main parameter that affects the amount of energy harvesting
is the frequency. This means that the variation in the vibration rate will result in a
stochastic model for available energy for a nanonode at different times and different
locations. Moreover, energy storage in ultra nano-capacitors is a non-linear process.
Therefore, the first issue is to understand and model the energy harvesting process
where the stochastic and nonlinear behavior of harvesting is included.
In [23], an energy harvesting model has been proposed for storing energy process
in an ultra-nanocapacitor by piezoelectric nanogenerators, as shown in Figure 1.1. In

Fig. 1.1: Energy Harvesting Model [23]
this model, energy is harvested through vibrations, which produce compress-release
cycles of the nanowires on a nano-capacitor. For a specific ultra nano-capacitor,
the stored energy is specified by the number of cycles. The energy-harvesting rate
(Joules/second) is defined as
λ (Ecur , ∆ E) =

∆E
1
·
tcycle ncycle (Ecur + ∆ E) − ncycle (Ecur )

(1.1)

where tcycle is the time between cycles, ncycle (E) is the number of cycles required to
generate E Joules, Ecur is the current energy level, and ∆ E is the amount of energy
increase. We note that if every vibration generates one cycle, then the inverse of
tcycle is the vibration rate.
The amount of power that can be harvested through vibration is compared with
other sources of energy in Table 1.2 in terms of power density. Power density is
the amount of power (energy transfer per unit time) per unit volume or surface.
Depending on the power source, the power is measured [49] for volume or surface,
respectively called volume power density, which is expressed as W /m3 , and surface
power density, which is expressed as W /m2 .
As can be seen, piezoeletric nanowire provides a significant amount of power
density. The limitations in harvesting the energy comes from size limitations for
nanonodes (scale of nano to micro meters) as well as the availability of the vibration

1 Energy Harvesting in Nanonetworks

7

Table 1.2: Comparison of Power Density for Various Harvesting Sources and Technologies [50, 59, 61], * = µW /cm2
Source/Technology
Solar (outdoor)
Solar (indoor)
Vibration (piezoelectric conversion)
Vibration (electrostatic conversion)
Acoustic noise
Temperature gradient
Shoe inserts (pizoelectric vibration)
Vibration (small microwave oven)
Batteries (non-rechargeable lithium)
Batteries (rechargeable lithium)
Arm motion
Piezoelectric-nanowire [59]
Running
Walking
Light
RF

Power density (µW /cm3 )
15,000 Direct sun, 150 Cloudy day
6 Office desk
250
50
0.003 at 75 dB, 0.96 at 100 dB
10-60 *, depends on temperatures and difference,
known as Carnot efficiency
330 [53, 54]
116
45
7
330
2800
Max from kinetic 300 [38]
Max from kinetic 30 [38]
outdoor at night 25, indoor 100* [12]
0.02 -40 *, depends on source and distance

source. For example, as can be seen from arm motion, power density up to 330
µW /cm3 can be extracted.

1.2.2.2 Biofuel Cells (BFCs) for the Harvesting of Chemical and Biochemical
Energy
A fuel cell converts the chemical energy of a fuel, such as hydrogen or methanol,
into electricity through a chemical reaction with an oxidizing agent, such as oxygen
or air [16]. In contrast to batteries, in which chemical materials are used to store
electrical energy, fuel cells extract chemical energy from reactants and convert the
extracted chemical energy into electricity as long as the reactants are available. Although it is a mature technology that has been used extensively at macroscale applications, conventional fuel cell technology has several inherent disadvantages such
as the materials used, the fabrication cost, and size restrictions, for the cost-effective
solution at the micro and nano scale applications such as implanted biomedical sensors. Therefore, a biofuel cell (BFC) is introduced where it simply uses biological
enzymatic substances, rather than metals, to catalyze the anode and/or cathode reactions.
BFCs can be classified into two categories: (I) microbial fuel cells (MFCs), where
the catalytic enzymes involved are in living cells; and (II) enzymatic BFCs, where
the catalytic enzymes involved are located outside of living cells [19]. MFCs demonstrate unique features such as long-term stability and fuel efficiency. However, the
power densities associated with MFCs are typically lower than BFCs [19]. Thus, the
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application of MFCs at the micro and nano scale is limited. On one hand, enzymatic
BFCs are biocompatible and can provide efficient power on order of sub-mWcm−2 ,
which makes them applicable in micro and nanoscale applications such as in vivo
biochemical/biomedical applications through the harvesting of biochemical energy
directly from the human body. On the other hand, current enzymatic BFCs normally
suffer poor stability. Table 1.3 summarizes the two main approaches of energy harvesting in biological environments.
Table 1.3: Comparison of energy-harvesting techniques for biological environments
Energy
Harvesting
Power
Source
Principle
Density
mechanical piezoelectric 1-10
mWcm−2

Advantages

Disadvantages

ubiquitous and abundant

low efficiency, stochastic
availability

biochemical chemical
reactant

biocompatible, inexpensive, abundant in biological environment

low power output, poor
reliability, limited lifetime

0.1-1
mWcm−2

1.2.2.3 Hybrid Cells for the Harvesting of Biomechanical and Biochemical
Energy
Most energy harvesting methods, e.g., biomechanical or biochemical, are developed based on the existence of a certain type of energy source, while the other
types of energy were wasted. Moreover, as illustrated in Table 1.3, the properties
of biomechanical and biochemical energy harvesting methods are complements of
each other. Therefore, new research directions try to develop innovative approaches
for concurrent harvesting of energy from multiple types of sources through the use
of integrated structures/materials [57]. This will help the energy harvesting process
because at nano scale, the temporal/spatial distribution and availability of energy
sources vary drastically [57].
Mechanical and biochemical energy are abundant in the biological environment
due to body motion, muscle stretching, and metabolic processes. Therefore, hybrid
solutions of these two energy sources are emerging as a new approach for energy
supply in biological environments. A hybrid energy scavenger [15] was developed
recently, which consists of a piezoelectric nanofiber NG for harvesting mechanical
energy, such as from respiration and blood flow in the vessels, integrated with a
flexible enzymatic BFC for harvesting the biochemical energy from the chemical
processes between glucose and O2 in biofluids. These two energy harvesting approaches, integrated within one single device, can work individually as well. Studies [15, 43] have demonstrated the feasibility of applying these energy harvesters
in building self-powered nanodevices for in vivo biomedical applications to power
nanosensors.
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1.2.3 Future
More advancement in energy harvesting downscaling is required to integrate the
harvesters from sources such as solar, light and thermal into nanonodes. Currently,
energy harvesting from mechanical or biochemical sources are the main approaches
to supply energy for nanodevices. These are also applicable for in vivo medical applications. New sources of energy for biochemical energy harvesting are emerging
every day. For example, energy harvesting from blood sugar by biofuel cells [36]
or from electrical differences in the inner ear [37] are new sources of energy. Moreover, advancements in nanodevices can be helpful in the production of nanoscale
RF energy harvesters. Currently, RF energy harvesters are widely used for wireless
sensor or RFID networks [44]. With the help of nanotechnology, this could be a significant source of energy, which is also controllable. Moreover, inductive charging
[6], which is currently deployed for many medical applications in body area networks, could be investigated. Again, the size limitation is likely the main barrier for
its usage at nanoscale.

1.3 Communication
As the energy for communication is the main part of energy consumption for
nanonodes, in this section, we briefly describe the communication model for nanonodes. Two major possible mechanisms are envisioned [1] for communications
among nanonodes: molecular communication and electromagnetic communication.
The molecular communication is mainly based on the chemical and physical interactions, which have different consumption models and are not yet known completely
[45]. Therefore, we focus only on the electromagnetic communication.

1.3.1 Electromagnetic Communication
Electromagnetic (EM) communication has been proposed [1, 2] as a communication method for nanonetworks. More specifically, pulse based communication in the
0.1-10 THz has been studied. There are several limitations in existing silicon-based
manufacturing techniques (e.g., silicon atom size, heating and current leakage) that
make the downscaling of existing EM transceivers infeasible [35]. Alternatively,
nanomaterials are envisioned to solve part of building a new generation of electronic
components that overcome shortcomings of current technology [3]. Carbon Nanotubes (CNTs) and Graphene Nanoribbons (GNRs) among other graphene based
materials are expected to be the silicon of the 21st century [30]. The EM properties
on these nanomaterials should be evaluated in terms of bandwidth for EM emission,
the time lag of the emission, and the magnitude of the emitted power for a given
input energy, among others. Ongoing research on the EM emission on graphene are
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indicating the 0.1-10 Terahertz band (Figure 1.2) as the expected frequency range
of operation of future nano EM transceivers [24, 51]. In particular, it is determined
that a 1µm long graphene-based nano-antenna can only efficiently radiate in the
Terahertz range. This matches the initial predictions for the operation frequency of
graphene-based RF transistors [33].

Radio Waves

10 6

Micro Waves

10 9

10 12

TeraHertz

Infrared

3*10 12

Visible

UltraViolet

10 14

10 16

X-rays

Gamma
Rays

10 18

10 20

Suggested Frequency Band
for Nanonetworks

Fig. 1.2: Frequency Bands- 0.1-10 THz is suggested for nanonetworks
Communication in terahertz is very sensitive to communication distance. Figure 1.3 illustrates the path loss at various distances in the THz band. For distances
larger than one meter in a gaseous environment with 10% water vapor, path loss
exceeds 100 dB. The path loss for 1 cm distance is around 50 dB. As can be seen,
the path loss depends significantly on both the distance and frequency. Therefore,
the power requirement for various distance and frequencies would vary significantly
and should be considered in any communication design scheme.

Fig. 1.3: Path Loss in Terahertz [21]
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1.3.2 Pulse-Based Communication Model for Nanonetworks
Pulse-based communication [8] is a known method in Ultra-Wide-Band (UWB)
networks as Impulse Radio Ultra-Wide-Band (IR-UWB) systems. The pulse-based
communication model for nanonodes, based on the model proposed in [2, 23], operates in the 0.1-10 THz frequency band, which results in a micro to millimeter
communication range [2, 20]. The main reason for this frequency selection is due
to the limitation in antenna size that a nanonode can afford, e.g., 1 µm. Communication in the THz band presents new channel properties: molecular absorption,
thermal effects, and so on [20].
Nanonodes use the pulse-based communication and Rate Division Time Spread
On-Off Keying (RD TS-OOK) [25] as the modulation mechanism (Figure 1.4). A
logical 1 is transmitted as a femto-second long pulse, and a logical 0 is transmitted
as silence. RD TS-OOK is a simple modulations, but it is envisioned because more
complex modulation (e.g., pulse amplitude, pulse width, pulse rate) used in IRUWB are not applicable in nanonodes due to the capabilities limitations of nanonodes [25].

Symbol

Symbol

Silence

Inter-symbol
duration

Inter-symbol
duration

Symbol

Inter-symbol
duration

Time(ps)

Inter-symbol duration: on order of pico-seconds
Symbol duration: on order of femto-seconds

Fig. 1.4: RD TS-OOK modulation for transfer of 1011
The duration of each pulse is Tp and the time between two symbols is Ts , producing a symbol rate of β = TTps . The selection of optimal β is still an open question.
It certainly will depend on the hardware capabilities of the transmitter and receiver.
Assuming there is no limitation in hardware capabilities, the existence of several
flows of symbols from neighbor nanonodes will result in the collision of symbols.
Moreover, energy availability is another factor that can affect the design of β . Currently, it is assumed that β takes values on the order of thousands.
In OOK modulation, since silence does not consume energy, any scheme that
could produce fewer 1s is preferred. For example, using code weight [22] has been
proposed [23] to reduce energy consumption. The code weight basically reduces the
number of 1s by adding extra bits so that data is coded in a way that a fewer number
of 1s are present in the coded bits. This results in less energy in transmission and
higher energy in reception. Reception of either a 0 or 1 costs the same energy, so
sending more bits results in higher energy consumption for the receiver. Energy
savings could happen only if the energy for reception is lower than transmission,
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which is the typical case in wireless transmission and has been shown in [23, 25].
Moreover, the code weight will not necessarily save energy in broadcast or multicast
scenarios. Not only should the optimum value for this trade-off be identified, but
other methods of coding information regarding the limitation of nanonodes are also
of interest.
Since the transmission of 0s in RD TS-OOK pulse-based modulation is equal to
silences which do not consume energy, the lower code weight can reduce the energy
consumption. Moreover, the code weight can lower the collisions since fewer 1s,
which are the only pulses that can face collision, are transmitted. A code weight of
0.5 means that, on average, there are an equal number of 1s and 0s in the packets. A
lower weight, such as 0.4, means that there are fewer 1s. However, it also means that
more bits should be used to send the same of amount of information. For example,
Table 1.4 shows how the number of 1s for sending two bits of information could be
reduced by using three bits. The code weight in this example is decreased from 0.5
to 0.25.
Table 1.4: Code Weight Example
Information
value
0
1
2
3

Coding with 2 bits
(weight = 0.5)
00
01
10
11

Coding with 3 bits
(weight = 0.25)
000
001
010
100

As a more realistic example, for sending n = 64 bits of information with a code
weight of 0.4, at least a = 6 more bits will be added to each packet. In this case, the
total number of encoded bits would be m = 70 and the number of 1s, denoted as u,
is less than or equal to 28.
To make sure that, for a target code weight, there are at most u 1s independent
m!
of the original bit values, for n bits of information, the (m−u)!u!
≥ 2n condition must
be satisfied [22], where m is the total number of bits, a is the number of additional
bits, and m = n + a.
The method to determine the additional number of required bits is as follows.
First, for a specific code weight W , u is specified as
u = dW · me

(1.2)

and the following condition must be satisfied with the minimum a, where m = n + a.
m!
≥ 2n
(m − u)!u!

(1.3)

Note that sending fewer 1s consumes less energy in the sender while it consumes
more energy in the receiver. Energy is consumed when receiving any bit, 0s or 1s.
Decreasing the code weight necessarily increases the packet size, increasing the
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cost to the receiver. Depending on the packet length and the ratio of energy required
for reception to that for transmission of a pulse, named as α, the code weight may
or may not save energy in total. Here, the assumption is that α is small, say 0.1;
therefore, the aim is to find the optimum values for packet length and code weight,
which we address in Section 1.5.
The probability of collision between symbols is extremely low due to the fact that
there can be no collisions for 0 symbols (silences) and that the length of Ts is much
longer than Tp (typically 1000 times larger). However, unlike other frequency ranges
of electromagnetic signals, there is molecular absorption noise, for example 10−4
bit error rate (BER) for 10% water vapor. To mitigate the effect of these problems,
repetition and code weight techniques have been proposed in [22] and [23].
Repetition is a simple mechanism for error detection and correction. In this
method, the sender simply repeats the symbol several times, typically 1 to 9 times.
For example, in 3-repetition, a 1 would be transmitted as 111. In this case, if one or
two of these 1s were not received, the problem could be detected at the receiver, and
the information (i.e., a bit of 1) would still be received. Although it is not the most
efficient method, it is the simplest. Other methods for coding and error detection
and correction are being investigated [5, 31].

1.4 Modeling of Energy Harvesting and Consumption
Modeling of energy harvesting and consumption has been the topic of research
in other networks such as sensor and RFID networks. In this section, we first give
an overview of existing models. Then we discuss the lack of models for nanonetworks. A recent model for nanonetworks that incorporates some of the properties of
nanonetworks is introduced at the end of this section.

1.4.1 Models for Other Networks
There has been much previous works on modeling energy harvesting (see for
example [12], [52]). In [52], energy harvesting and energy consumption is modeled
as a queuing system, and based on stationary analysis, a transmission strategy is
proposed to optimize the throughput of a sensor node. This model considers only
one node and the energy required for transmission. It also assumes that the data
buffer and energy storage are infinite, which may not be the case in many situations
such as nanoscale nodes. In [12], the best spending rate of energy consumption
for a node/link is derived through optimization and lexicographic frameworks. The
authors developed an algorithm for predictable energy inputs as well as stochastic
models. The model has been evaluated in a network of RFID active tags.
Models and algorithms for energy harvesting and consumption could be categorized in various aspects as follows [12]:
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• energy model profile: Several parameters such as energy source (e.g., solar, vibration, RF) and environment (e.g., indoor/outdoor, vibration rate, temperature)
can produce different energy model profiles. Predictable, partially predictable,
stochastic, and model free are known categories that have been identified and
studied [4, 55].
• ratio of energy storage capacity to energy harvested: This parameter specifies
how fast the energy storage is filled. It depends both on the capacity of energy
storage and the availability of energy. In other words, it connects the energy harvesting rate to power density.
• time granularity: This specifies the timescale of decision making and design
schemes, algorithms, and protocols. The timescale can be in the range of seconds to days. It is related to the storage-harvesting ratio as well as the energy
profile model. The higher the time granularity, the more accuracy is required of
a design. This is important in applications where there are QoS requirements for
data transfer.
• problem size: When solving any problem for efficient energy harvesting, the design can be evaluated in the domain of a node, pairwise nodes (link), or network
wide (e.g., routing).
In the following, we describe some literature that model the energy harvesting
process. Table 1.5 compares the works based on various design aspects. These models can be categorized into two general types: lexicographic and stochastic.
Lexicographic1 : In [12] a solar power model for active tag RFID nodes is proposed, which operates based on various time fair energy allocations for both predictable energy inputs as well as stochastic inputs. Here, the authors provide some
real environment measurements, and develop a prediction model for energy arrival.
Next, they use the lexicographic maximization and utility maximization framework
for modeling the energy spending rate, and achieve fair allocation of resources
among nodes over a one day duration. Considering a stochastic energy arrival, the
authors claim that, based on a developed Markov Decision Process, an optimal energy spending policy can be achieved for a single node or link. In [34], a fair and
high throughput data extraction as well as a routing path solution among all nodes
is designed, where the energy model is developed for solar power. They develop a
centralized solution and two distributed solutions. The main idea is to adapt the extraction rate (sensing and sending rate of information) based on the available energy.
A rate assignment for data transfer is found through lexicographical optimization.
Even though the strength of the scheme is that it is independent of the energy arrival
profile, the optimization solution works only on a large time scale, i.e., a day.

1

Lexicographic optimization is a form of multi-criteria (multi-objective) optimization in which the
various objectives under consideration cannot be quantitatively traded off between each other, at
least not in a meaningful and numerically tractable way. The lexicographic method assumes that the
objectives can be ranked in the order of importance. It can be assumed, without loss of generality,
that the k objective functions are in the order of importance so that f1 is the most important and
fk the least important to the decision maker. Then, the lexicographic method consists of solving a
sequence of single objective optimization problems [46].
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Stochastic: The energy arrival and consumption as a G/G/1 queue is modeled in
[52]. After finding the stationary state of the model in some specific conditions, this
model attempts to find the optimum throughput (largest possible data rate of packets) based on energy management policy, and also minimizes the delay of packets
in the buffer. The optimization model is called α-discount optimal and is developed
based on the stationary state of Markov model. The main weakness of this model
is that it assumes that the energy buffer and the data buffer are infinite. The goal of
the scheme developed in [29] is to achieve the highest data rate that results in a long
term optimal solution. The advantage of the scheme is that it requires no explicit
knowledge of the energy harvesting profile or traffic generation process. In fact, it
is a learning system that adapts itself based on the environment (i.e., available energy) and network circumstances. This scheme works at the node level as well as
at the network layer. This work is limited to analysis, with no simulation or testbed results. In [60], on the other hand, an optimized training model is developed
for a transmission policy that specifies the energy spending based on channel state
information (CSI). This model also assumes an infinite buffer level. Finally, in [58],
a model is proposed for evaluating the stochastic properties of energy harvesting
while evaluating the network performance, such as satisfying a soft QoS. However,
it is not clear how efficient the model would be.
Table 1.5: Comparison of Energy Harvesting and Consumption Modeling
Ref.

[12]

[34]
[52]

[29]

[58]

Energy
Model
Profile
predictable
and stochastic
almost independent
independent
(General
arrival)
almost independent
(General
arrival)
independent

Time Gran- Problem Size
ularity

Solution
Method

Network

day

node, link

lexicographical RFID

day

node, network

Energy
Source
light

lexicographical sensor
network
node, partially queueing
sensor
network
network

solar

secondsminutes

node, network

time discrete

any

seconds

network

stochastic net- N/A
work calculus

secondsminutes

sensor
network

any

N/A

There is additional works in the literature involving stochastic modeling of energy consumption that focus on other aspects of energy harvesting. For example,
a stochastic optimization framework is proposed in [9] for modeling the stochastic
behavior of the channel while achieving the best policy on transmission and energy consumption. In [28] the duty cycle of sensor nodes is modeled, assuming that
nodes cannot harvest energy and communicate simultaneously. Therefore, nodes
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are switched between active and passive states. The goal is to optimize the timing
of sleep/awake to maximize a utility function, such as throughput.

1.4.2 Model for Nanonetworks
As discussed in Section 1.4.1, many models have been developed for energy
harvesting and consumption in other networks. However, there are special characteristics of nanonetworks that necessitate the development of new models for the
evaluation of energy consumption and harvesting processes. More specifically, unlike other networks, the granularity of the energy harvesting rate in nanonetworks
is slower than the energy consumption rate (Figure 1.5). In other words, it means
that the energy that it takes a couple of seconds to harvest can be consumed in a
couple of picosconds. For example, it can take up to 5 minutes to harvest energy
to transmit only a small packet [23]. Moreover, new harvester elements such as
nanowires present different behaviors than previously studied models, such as photovoltaic or electrostatic cells. In addition, new sources of energy are emerging. For
example, energy harvesting from blood sugar by biofuel cells [36] or from electrical
difference in the inner ear [37] are new sources of energy with unique properties.
Furthermore, nanocapacitors represent a nonlinear behavior as compared to most
battery-based models. All such properties mandate the need for novel models of
energy harvesting and consumption for nanonodes.

Energy
units

Time to harvest a couple of energy units
(on the order of seconds)
Energy
harvested

…...
Time to transmit or receive a packet (on the order of picoseconds)

time

Fig. 1.5: Comparison of Timescales Between Harvesting and Consumption of Energy
A model for the joint evaluation of energy consumption and harvesting in
nanonetworks has been proposed in [23]. The model can be used to determine
the energy status of nanonodes, and consequently, to evaluate the performance of
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nanonetworks. A continuous time Markov process, as illustrated in Figure 1.6, is
developed, where states represent the level of energy, λi s represent the harvesting
rates, and µi s represent the consumption rates. In the first state, the nanonode does
not have any energy to receive or transmit a packet, and in the last state, the nanonode’s energy storage is full. The model considers Poisson models for the energy
arrival and consumption. Energy is harvested by a nanogenerator through the vibrations of nanowires and is stored in an ultra nano-capacitor with a nonlinear storage
behavior.

Out of
Energy State
λ1

1

Harvesting Energy
λ2

2

µ1

λ3

λi-1

3

µ2

λi-2

i

µ3

µi-1

λi+1

λN-2

i+1

µi

λN-1
N-1

µi+1

µN-1

Full Energy
State
λN

N

µN-1

N+1

µN

Consuming Energy for Communication

Fig. 1.6: Markov Model for the Joint Process of Energy Harvesting and Consumption

The nanonodes are assumed to be in a grid, and transmit the received packets
from their neighbors in addition to their own generated packets. The authors model
the joint process as a continuous time Markov process, where the steady states of
the system represent the energy level probability distribution of each nanonode. This
metric is later used to evaluate the delay, throughput, and the probability of successful delivery of packets. However, this model does not evaluate the effect of various
parameters to find the optimal performance. To be specific, several parameters are
introduced in the modeling of energy harvesting and consumption that can affect
the optimum energy utilization of a nanonode. The authors in [23] argue that using
code weight can save energy in transmission since the lower the code weight, the
lower the energy for transmission. However, a deeper look shows that the selection
of optimal code weight depends on the energy ratio of reception to transmission
of pulses as well as topology (i.e., number of neighbors). Moreover, the optimum
packet size is dependent on code weight. Finally, the effect of code weight and
repetition on communication reliability in combination with energy consumption
needs to be considered. Section 1.5 shows how to find an optimum combination of
these variables through solving an optimization problem. Moreover, the scheduling
of packet transmission, which is assumed to be Poisson, can be modified to utilize
the energy more efficiently. We describe this in more detail in Section 1.6.
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1.4.3 Summary
To summarize, most energy harvesting models, developed so far in other domains
such as sensor networks, are not applicable for many reasons. First of all, each
of the stochastic-based models has assumptions such as unlimited energy buffer
that cannot be used in nanonetwork scenarios. Second, they mainly assume a linear
model for charging their energy storage, while energy storage for nanonodes follows
non-linear models. Third, new energy sources such as ambient vibration are less
studied. Also, models that are independent of energy sources are not applicable due
to their very generic modeling. Moreover, most models do not include consumption
and harvesting at the same time. Even if they do, they are not built on pulse-based
communication characteristics. Therefore, it is not possible to evaluate the model for
different parameters such as packet length, traffic model, etc. Table 1.6 summarizes
the differences between previous work and the two models for nanonetworks [23,
40]. As can be viewed, the model in [23] has many limitations in the stochastic
energy arrival model and network traffic model, among others. The model in [40]
is a more general model and addresses optimization issues also. This model will be
discussed in more details in Section 1.6.
Table 1.6: Comparison of Energy Harvesting and Consumption Models - Y = Yes,
N = No
Paper

[34]
[12]
[52]
[58]
[23]
[40]

Stochastic
Energy Arrival Model
N
N
Y- Generic
Y- Generic
Only Poisson
Y- Generic

Energy
Source
Solar
Light
General
General
Vibration
General

Nonlinear
Energy
Storage
N
Y
N
N
Y
Y

Network
Traffic
Model
Y
N
N
Y
partially
Y

Pulse based
Communication
N
Y
Y
N
Y
Y

Optimum
Packet
Design
N
N
N
N
partially
Y

1.5 Optimizing Energy Consumption Factors
As described in Section 1.4, various parameters can affect the model of energy
harvesting and consumption. Particularly, the packet size, code weight, and repetition can affect the amount of energy consumed. Repetition and code weight should
be selected in a way that provides an efficient bit rate. Therefore, finding the optimum design point between the energy usage efficiency and bit rate efficiency is the
challenge that is addressed in this section. We first provide an overview of a model,
previously developed in [39], that can find the best combination of these parameters.
Then, we show how the best answer could be selected among a list of candidates
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when traffic load and utilization are taken into account. More details about the model
and results can be found in [39].

1.5.1 Optimization Model
Multi-Objective Combinatorial Optimization (MOCO) is a special form of MultiObjective Optimization (MOP) [7], where variables can take discrete values. In a
MOP/MOCO problem, several functions need to be optimized at the same time. In
our problem, the functions to be optimized at the same time for the packet size (N),
repetition (R), and code weight (W ) variables are defined as follows.
Minv [ f1 (v), f2 (v), f3 (v), f4 (v), f5 (v)]
s.t.
g1 (v) ≤ 0,
g2 (v) ≤ 0,
v = [N, R,W ],
W ∈ (0.15 : 0.05 : 0.5),
R ∈ (1, 3, 5),
1 ≤ N ≤ 2500 .
The first function is energy consumption, that is, the energy consumed for transmission (E packet−tx ) plus reception of a packet (E packet−rx ) by all the G neighbors
with N bits data.
f1 =

E packet−tx + G · E packet−rx
.
N

(1.4)

The energy required for the transmission and reception of a packet can be computed as follows [23]. For a packet of size N bits, the energy consumed when transmitting and receiving a packet with code weight W are respectively given by
E packet−tx = N ·W · E pulse−tx ,

(1.5)

E packet−rx = N · E pulse−rx ,

(1.6)

where E pulse−tx and E pulse−rx are the energy consumed in the transmission and in
the reception of a pulse, respectively.
After substituting (1.5) and (1.6) in (1.4), we can write:
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E packet−tx + G · E packet−rx
m0 ·W · E pulse−tx + G · m0 · α · E pulse−tx
=
N
N
m0 · E pulse−tx
· (W + G · α),
=
N

f1 =

where α is the ratio of energy for pulse reception to transmission, G is the number
of neighbors, W is the code weigh. The value of m0 is equal to N + a, where a is the
number of additional bits added to N that enables coding with code weight W .
The value of E pulse−tx is set to 1 picoJoule (pJ). We developed the model in the
general form that there are G neighbors. Therefore, it would cover most unicast or
broadcast scenarios where the packet will be received by one, some, or all of the
neighbors. Moreover, a preamble or handshake method could be deployed to avoid
reception of packets by all neighbors when it is not targeted for them. This objective
function is set to be minimized, which means that the total energy that is consumed
for transmission and reception per bit of information should be minimized.
The second objective function concerns delay. Since N is larger than the information generation rate, the packet would contain several pieces of information together
to avoid the overhead of packet transmission. However, this increases the delay in
transmission of information. For example, if information is generated at 10 bits per
second and the packet size is 1000 bits, it means that it will take 100 seconds to
prepare a packet. This may be acceptable for non-real time applications, or when
the rest of the packet can be filled with neighbors’ forwarding data, or can just be
left empty. However, in our model, we are assuming that packets only contain information generated from one node. The simplest way to define the delay function is
to model it in a linear relation with packet length, N. However, if delay has higher
importance, the function could be modeled as a higher degree polynomial function
of N.
f2 = N .

(1.7)

This function is set to be minimized.
The third objective function associates the chance of bit error rate with code
weight. A lower code weight means the transmission of fewer 1s, which results in a
lower probability of absorption as well as collision between 1s.
f3 = W .

(1.8)

This function is set to be minimized.
The optimization problem can be formulated with only the f1 , f2 and f3 functions, if repetition is not required to be considered as a variable. This could be the
case if it is known that the environment would not affect the pulses significantly
and it is better to repeat the entire packet in case of error rather than consume energy with the repetition of symbols. However, we define two objective functions for
repetition in order to have a comprehensive model.
The following function shows the effect of repetition. The higher the repetition,
the higher the chance of error detection and recovery.
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f4 = b

R−1
2

R

c.

(1.9)

On the other hand, lower repetition means fewer bits and less energy consumption.
f5 =

N
.
R

(1.10)

The function f5 shows the efficient bit rate when repetition is used, and it should
be maximized.
The constraint functions would be
g1 = m0 ·W · E pulse−tx − Emax ≤ 0 ,
g2 = m0 · E pulse−rx − Emax ≤ 0.
This means that the energy for transmission or reception of one packet cannot exceed the maximum energy capacity of the node, Emax .
As stated earlier, the bounds on the variables of the problem are defined as follows:
W ∈ (0.15 : 0.05 : 0.5) ,
R ∈ (1, 3, 5) and
1 ≤ N ≤ 2500 .
Since this is a combinatorial problem, the bounds are actually the set of valid values
that can be assigned to variables, i.e., W and R. For N, in addition to the bounds, the
values should be discrete.
The output of a MOCO would be a set of Pareto optimal points. Typically, the
selection of one point depends on the application and context that a decision maker
is facing.

1.5.2 Simulation
We solved the above MOCO problem with the optimization toolbox of MATLAB. We ran the optimization with different values for α, G and repetition to show
the effect of these parameters on the points that are selected as optimum. The results
for two scenarios are presented in the following subsections. The results of additional scenarios can be found in [39]. Note that Pareto optimal points are not unique
and can even be different in several runs. However, the results that are presented
here have a similar pattern for all runs, and different runs give only non-significant
bit differences in packet size.
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1.5.3 Scenario 1 (G=1, α =0.1, repetition =1)
In this scenario, we set G to 1 and use no repetition. This scenario will evaluate
the case of transmission between two adjacent nodes when broadcast will result only
in reception by one neighbor. The value of α is set to 0.1, based on the numerical
values in [25] and modeling in [23].
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Fig. 1.7: Pareto Point and Function Values for Scenario 1
Figure 1.7 shows the Pareto optimal points that are selected. This scatter plot
represents the value of first and second objective functions for each of the Pareto
points. The code weight and the packet length for each of the points is presented in
the legend. Recall that the first objective function tries to minimize the amount of
consumed energy per bit, and, the second function, minimizing delay, is related to
the packet length. Each of these points dominates another in one of the two objective functions. Therefore, depending on design priority, any of these points can be
selected as the optimal solution. For example, if the priority is energy consumption,
one of the points in lower-right of the chart could be selected. If delay has priority,
one of the points in the left side of the chart would be the choice.
Figure 1.7 illustrates that various packet lengths are selected. A deeper look at
the selected code weight for these points shows that all of them are equal to 0.15,
which is the minimum code weight. It means that with this setting for G and α, it is
better to choose the minimum code weight that is available.
Figure 1.7 also shows that the difference in terms of efficient energy per actual
information bit, f1 , is not significantly different among all the optimal points. This
observation can be confirmed by the fact that for a selected code weight, usually the
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ratio of additional bit rate to actual bits, i.e. Na , illustrated in Figure 1.8, is almost
the same for each code weight independent of N.
3

Additional bit overhead
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Fig. 1.8: Additional Bit Overhead for Various Code Weights
Figure 1.8 also shows that the overhead from code weight generally does not depend on the length of data. The figure illustrates data lengths that are in the range
[1..1000] bits. Outliers occur when the number of original bits are very small, i.e.,
less than 10 bits, but these short data lengths are not applicable for packet transmission.

1.5.4 Scenario 2 (G=4, α =0.1, repetition =5)
This scenario evaluates the effect of repetition in combination with a higher number of neighbors (from one to four). The maximum repetition and α are set to 5 and
0.1, respectively. In this scenario, the optimal points, as illustrated in Figure 1.9,
are selected from almost all ranges of code weight and repetition. However, packet
length values are mainly chosen from very short or very large packet sizes. The
reason is that when a short packet size is selected, the energy bit efficiency and delay will be the dominant functions. On the other hand, for large packet sizes, code
weight will be the dominant factor that leads to lower average energy per bit.

1.6 Open Issues and Challenges
As the harvester’s size is reduced, and possibly energy is harvested from new
sources, there are other issues and challenges to be investigated in the domain of
energy harvesting for nanonetworks. First of all, as shown in Section 1.4, there is
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Fig. 1.9: Pareto Point and Function Values for Scenario 2

a need for new models of energy harvesting and consumption, based on the characteristics of nanonetworks. In addition, the optimization of energy consumption
remains an open issue in several aspects. Furthermore, protocol design in an energy
harvesting context and with nano scale properties is an open question. We describe
these issues in the following subsections.

1.6.1 Optimization of Energy Consumption
The optimum usage of harvested energy is a main challenge to be addressed
in nanonetworks. The optimum usage of energy can be related to increasing the
throughput, decreasing delay, or increasing reliability.
The goal of optimization is to develop energy-harvesting-aware [17] rather than
energy-efficient methods. We should emphasize that energy harvesting-aware is different from energy-efficient. In energy-efficient methods, the energy budget is limited and the available energy over the total period of problem modeling should be
optimized. However, in energy harvesting-aware methods, the decision about the
situation depends on the amount of available energy at the moment, and the prediction of energy arrival. Therefore, the optimum use of energy needs a different
model.
In an initial effort on optimization of harvested energy in wireless sensor networks, Energy-Neutral Operation (ENO) [17, 27] is defined as how to operate such
that the amount of energy used is always less than the amount of energy harvested.
This concept estimates battery size based on an average approach for the rates of
energy harvesting and consumption, where energy storage is not 100% efficient and
there is energy leakage. Also a power management system is developed to optimize
the harvested energy. An exponentially weighted moving-average (EWMA) filter is
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used to predict the arrival of energy at each time slot based on previous time slots,
and then compute the consumption rate based on the prediction. In the next time
slot, the prediction is adjusted based on real values.
Additional literature in wireless sensor networks and RFID networks (e.g.,
[12, 13, 34, 42]) follow the idea that the optimization of energy consumption in
perpetual networks is different from typical battery-based networks. However, they
do not address the problem in a way that is suitable for nanonetworks. In [34], the
authors focus on consumption for data collection, not energy consumption for communication. In [42] the problem of optimization is described, when energy arrivals
are stochastic. However, the authors develop their solution based on a historical
prediction model of energy arrival, not an exact probability distribution function.
In [12, 13], a stochastic model is considered which maximizes the data rate and
smoothing consumption for a discrete distribution of energy arrival. Moreover, the
model does not behave based on the stochastic arrival of energy. Therefore, nodes
can be out of energy for unknown amount of time. Therefore, these methods are not
applicable for nanonetworks.
A model for optimum energy consumption for nanonetworks has been proposed
in [40]. Knowing the model for energy harvesting, the problem of finding the optimal usage of the harvested energy can be investigated. In fact, with optimum rates, a
better data rate can be achieved as compared to fixed consumption rates. Intuitively,
it is better to consume more if more energy is harvested and vice versa. Energy
should be always available in order to avoid node failure and consequently lack
of communication. In this case, the question is: what are the optimal rates of energy consumption? If the harvested energy is not consumed optimally, a node will
miss some energy that it could have harvested. This, for example, can occur if a
conservative policy (i.e., minimum consumption rate) is used. On the other hand, an
aggressive strategy will create nodes with low energy levels which will lead to many
failures in packet transmission. A comparison of various strategies can be found in
[40]. Moreover, an optimal model is defined. The current amount of energy and the
harvesting model determine the optimal energy consumption policy. It is a challenging problem since energy arrival follows a stochastic process. Moreover, finding the
packet size and/or the feasible transmission rates to satisfy the optimal rates make
the problem more difficult. Using a variable packet size, which has some overhead,
is another option that can be investigated.
An optimal energy allocation policy should consider these requirements. First,
the energy that is consumed cannot be more than the harvested energy. Since the
amount of harvested energy follows a stochastic process, the consumption process
should consider it when the optimal policy is designed. Second, a conservative policy is not an optimal policy since it is not acceptable to have energy harvested that
cannot be stored due to a full battery. Therefore, it is more important to make the
best use of harvested energy rather than to minimize the energy consumption.
In the current state-of-the-art for energy harvesting at nanoscale, the rate of energy consumption is much higher than the rate of energy harvesting. Moreover,
limited energy storage (ultra-nanocapacitor/nanobattery) capacity as well as limited
queuing space for packets makes the problem more challenging. Thus, these con-
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straints should be taken into account for modeling and optimization of the energy
harvesting processes.
Given that nanonodes may be in unknown environments, at least in terms of available energy for harvesting, they need to understand their environment. Moreover,
optimization models to maximize the utilization of harvested energy typically result
in computationally expensive schemes. Since the processing and memory resources
are limited at nanonodes, the optimum solutions should be designed as offline solutions. Another approach to consider is to develop light-weight heuristic methods
with near-optimal performance [40].

1.6.2 Energy Harvesting-aware Protocols
After the optimum energy consumption design, energy harvesting-aware protocols need to be developed. Medium access design is the main issue that needs to
be addressed. Not only do the MAC protocols for nanonodes need to be harvestingaware, but they also have to be designed based on other characteristics of nanonodes, e.g., limited capabilities, pulse-based communication, and the large scale of
the nanonetwork. Some pulse-based MAC protocols have been developed for UWB
networks [14] that may have the potential to be used in nanonetworks. However,
characteristics of the THz band, as well as the limited processing capabilities of
nanodevices, are the major factors that can lead to the need for the redesign of protocols for the networking of nanonodes.
Similar to reasoning about the need for new models of energy harvesting in
nanonetworks, energy harvesting-aware protocols need to be customized and may
even be newly created. Pulse-based communication in the THz band, the unique
properties of energy harvesting and consumption for nanonodes, and the capability
limitations due to size constraints are the main factors that mandate the development
of novel energy harvesting-aware protocols.
Recently, some energy harvesting-aware MAC protocols have been proposed for
nanonetworks. One such proposal [26] exploits the benefits of novel low-weight
coding and chooses the optimal value of code weight and repetition. The performance of the proposed protocol is analytically studied in terms of energy consumption, delay, and achievable throughput, using models of the Terahertz channel (pathloss and molecular absorption noise) and interference. However, the feasibility of
the protocol implementation and an energy efficiency evaluation of the method are
still open issues. Later, in [56] an energy harvesting-aware and light-weight MAC
protocol has been proposed. The aim of the protocol is to achieve fair throughput
and optimal channel access among nanosensors which are controlled by a nanocontroller. Towards this end, the critical packet transmission ratio is defined, which
is the maximum allowable ratio between the transmission time and the energy harvesting time, below which a nanosensor can harvest more energy. However, the focus of the work is on the scheduling of packet transmissions by the nanocontroller,
rather than energy aspects.
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An energy harvesting-aware MAC protocol (RIH-MAC) is proposed in [41],
where nanonodes communicate based on a receiver-initiated mechanism. The advantage of the protocol is that through a receiver-initiated mechanism, harvested
energy is utilized more efficiently because the transmitter and receiver spend their
energy wisely to maximize the probability that both the transmitter and receiver will
have energy for communication. RIH-MAC can be used either in a centralized network topology or in an ad hoc formation of nanonodes, i.e., a distributed network
topology. Distributed RIH-MAC protocol exploits a distributed edge-graph coloring
scheme to facilitate a coordination among nanonodes to access the medium. Furthermore, RIH-MAC adapts to various energy harvesting rates. These protocols are
the first steps towards energy harvesting-aware protocols for nanonetworks. More
protocols for the MAC layer as well as upper layers remain open for further investigation.

1.7 Summary
In this chapter, we introduced a taxonomy of energy harvesting. Recent advances
in nanomaterials have enabled the development of nanoscale harvesters such as
nanogenerators. Nanonodes are expected to harvest their required energy mainly
from mechanical and chemical sources. Harvested energy is consumed for communication in the THz band among nanonodes. Modeling the joint process of energy
harvesting and energy consumption is required to understand the special characteristics of this process due to the nanoscale properties of harvesting process, a new
communication model, and limited energy storage. Next, the optimization of the
consumption of the harvested energy needs to be studied. Development of energy
harvesting-aware protocols and maximizing the utilization of energy are the main
approaches to optimize energy consumption.

References
1. Akyildiz, I.F., Brunetti, F., Blazquez, C.: Nanonetworks: A new communication paradigm.
Computer Networks 52(12), 2260–2279 (2008). DOI 10.1016/j.comnet.2008.04.001
2. Akyildiz, I.F., Jornet, J.M.: Electromagnetic wireless nanosensor networks. Nano Comm.
Networks 1(1), 3–19 (2010). DOI 10.1016/j.nancom.2010.04.001
3. Avouris, P.: Carbon nanotube electronics and photonics. Physics Today 62, 3440 (2009)
4. Chalasani, S., Conrad, J.: A survey of energy harvesting sources for embedded systems. In:
IEEE Southeastcon, pp. 442–447 (2008). DOI 10.1109/SECON.2008.4494336
5. Chi, K., Zhu, Y., Jiang, X., Tian, X.: Optimal coding for transmission energy minimization
in wireless nanosensor networks. Nano Communication Networks (2013). DOI 10.1016/j.
nancom.2013.07.001
6. Christ, A., Douglas, M., Roman, J., Cooper, E., Sample, A., Waters, B., Smith, J., Kuster, N.:
Evaluation of wireless resonant power transfer systems with human electromagnetic exposure
limits. IEEE Transactions on Electromagnetic Compatibility 55(2), 265–274 (2013). DOI
10.1109/TEMC.2012.2219870

28

Shahram Mohrehkesh, Michele C. Weigle, Sajal K. Das

7. Deb, K.: Multi-objective optimization. In: E. Burke, G. Kendall (eds.) Search Methodologies,
pp. 273–316. Springer US (2005). DOI 10.1007/0-387-28356-0 10
8. Fontana, R.: Recent system applications of short-pulse ultra-wideband (UWB) technology.
IEEE Transactions on Microwave Theory and Techniques 52(9), 2087–2104 (2004). DOI
10.1109/TMTT.2004.834186
9. Gatzianas, M., Georgiadis, L., Tassiulas, L.: Control of wireless networks with rechargeable
batteries. IEEE Transactions on Wireless Communications 9(2), 581–593 (2010). DOI 10.
1109/TWC.2010.080903
10. Gilbert, J., Balouchi, F.: Comparison of energy harvesting systems for wireless sensor networks. International Journal of Automation and Computing 5, 334–347 (2008).
10.1007/s11633-008-0334-2
11. Gorlatova, M., Sarik, J., Cong, M., Kymissis, I., Zussman, G.: Movers and shakers: Kinetic
energy harvesting for the internet of things. available at : http://arxiv.org/pdf/1307.0044v1.pdf
(2013)
12. Gorlatova, M., Wallwater, A., Zussman, G.: Networking low-power energy harvesting devices:
Measurements and algorithms. In: Proceedings of IEEE INFOCOM, pp. 1602 –1610 (2011).
DOI 10.1109/INFCOM.2011.5934952
13. Gorlatova, M., Wallwater, A., Zussman, G.: Networking low-power energy harvesting devices:
Measurements and algorithms. IEEE Trans. on Mobile Computing 12(9), 1853–1865 (2012).
DOI 10.1109/TMC.2012.154
14. Gupta, A., Mohapatra, P.: A survey on ultra wide band medium access control schemes. Comput. Netw. 51(11), 2976–2993 (2007). DOI 10.1016/j.comnet.2006.12.008
15. Hansen, B.J., Liu, Y., Yang, R., Wang, Z.L.: Hybrid nanogenerator for concurrently harvesting
biomechanical and biochemical energy. ACS Nano 4(7), 3647–3652 (2010)
16. Hoogers, G.: Fuel Cell Technology Handbook. Handbook Series for Mechanical Engineering.
Taylor & Francis (2002)
17. Hsu, J., Zahedi, S., Kansal, A., Srivastava, M., Raghunathan, V.: Adaptive duty cycling for
energy harvesting systems. In: Proceedings of the International Symposium on Low Power
Electronics and Design, pp. 180–185 (2006). DOI 10.1109/LPE.2006.4271832
18. Hu, Y., Zhang, Y., Xu, C., Zhu, G., Wang, Z.L.: High-output nanogenerator by rational unipolar assembly of conical nanowires and its application for driving a small liquid crystal display.
Nano Letters 10(12), 5025–5031 (2010)
19. Ivanov, I., Vidakovi-Koch, T., Sundmacher, K.: Recent advances in enzymatic fuel cells: Experiments and modeling. Energies 3(4), 803–846 (2010)
20. Jornet, J., Akyildiz, I.: Channel capacity of electromagnetic nanonetworks in the Terahertz
band. In: IEEE International Conference on Communications (ICC), pp. 1 –6 (2010). DOI
10.1109/ICC.2010.5501885
21. Jornet, J., Akyildiz, I.: Channel modeling and capacity analysis for electromagnetic wireless
nanonetworks in the Terahertz band. IEEE Transactions on Wireless Communications 10(10),
3211–3221 (2011). DOI 10.1109/TWC.2011.081011.100545
22. Jornet, J., Akyildiz, I.: Low-weight channel coding for interference mitigation in electromagnetic nanonetworks in the Terahertz band. In: IEEE International Conference on Comm.
(ICC), pp. 1–6 (2011). DOI 10.1109/icc.2011.5962987
23. Jornet, J., Akyildiz, I.: Joint energy harvesting and communication analysis for perpetual wireless nanosensor networks in the Terahertz band. IEEE Trans. on Nanotechnology 11(3), 570–
580 (2012). DOI 10.1109/TNANO.2012.2186313
24. Jornet, J.M., Akyildiz, I.F.: Graphene-based nano-antennas for electromagnetic nanocommunications in the terahertz band. In: Proc. of the European Conference on Antennas and Propagation (2010)
25. Jornet, J.M., Akyildiz, I.F.: Information capacity of pulse-based wireless nanosensor networks.
In: Proceedings of IEEE SECON, pp. 80–88 (2011)
26. Jornet, J.M., Pujol, J.C., Pareta, J.S.: PHLAME: A physical layer aware MAC protocol for
electromagnetic nanonetworks in the Terahertz band. Nano Communication Networks 3(1),
74–81 (2012). DOI 10.1016/j.nancom.2012.01.006

1 Energy Harvesting in Nanonetworks

29

27. Kansal, A., Hsu, J., Zahedi, S., Srivastava, M.B.: Power management in energy harvesting
sensor networks. ACM Trans. Embed. Comput. Syst. 6(4) (2007). DOI 10.1145/1274858.
1274870
28. Kar, K., Krishnamurthy, A., Jaggi, N.: Dynamic node activation in networks of rechargeable
sensors. IEEE/ACM Trans. Netw. 14(1), 15–26 (2006). DOI 10.1109/TNET.2005.863710
29. Khouzani, M., Sarkar, S., Kar, K.: Optimal routing and scheduling in multihop wireless renewable energy networks. In: Proceedings of Sixth Information Theory and Applications
Workshop (ITA) (2011)
30. Kim, P.: Toward carbon based electronics. In: Proceedings of Device Research Conference,
p. 9 (2008). DOI 10.1109/DRC.2008.4800712
31. Kocaoglu, M., Akan, O.: Minimum energy coding for wireless nanosensor networks. In: Proceedings of IEEE INFOCOM, pp. 2826–2830 (2012). DOI 10.1109/INFCOM.2012.6195709
32. Li, Z., Wang, Z.L.: Air/liquid-pressure and heartbeat-driven flexible fiber nanogenerators as a
micro/nano-power source or diagnostic sensor. Advanced Materials 23(1), 84–89 (2011)
33. Lin, Y.M., et al.: 100-GHz transistors from wafer-scale epitaxial graphene. Science 327, 662
(2010)
34. Liu, R.S., Fan, K.W., Zheng, Z., Sinha, P.: Perpetual and fair data collection for environmental
energy harvesting sensor networks. IEEE/ACM Trans. on Networking 19(4), 947–960 (2011).
DOI 10.1109/TNET.2010.2091280
35. Luryi, S., Xu, J., Zaslavsky, A.: Future Trends in Microelectronics: Up the Nano Creek. John
Wiley & Sons - IEEE (2007)
36. MacVittie, K., Halamek, J., Halamkova, L., Southcott, M., Jemison, W.D., Lobel, R., Katz, E.:
From “cyborg” lobsters to a pacemaker powered by implantable biofuel cells. Energy Environ.
Sci. 6, 81–86 (2013). DOI 10.1039/C2EE23209J
37. Mercier, P.P., Lysaght, A.C., Bandyopadhyay, S., Stankovic, A.P.C.K.M.: Energy extraction
from the biologic battery in the inner ear. Nature Biotechnology (30), 12401243 (2012)
38. Mitcheson, P.: Energy harvesting for human wearable and implantable bio-sensors. In: IEEE
Engineering in Medicine & Biology Society, pp. 3432–3436 (2010)
39. Mohrehkesh, S., Weigle, M.C.: Optimizing communication energy consumption in perpetual
wireless nanosensor networks. In: Proceedings of the IEEE Globecom, pp. 545–550. Atlanta,
GA (2013)
40. Mohrehkesh, S., Weigle, M.C.: Optimizing energy consumption in terahertz band nanonetworks. to appear in IEEE JSAC: Molecular, Biological, and Multi-Scale Communications
Series (2014)
41. Mohrehkesh, S., Weigle, M.C.: RIH-MAC: Receiver-initiated harvesting-aware MAC for
nanonetworks. In: Proceedings of The First ACM Annual International Conference on
Nanoscale Computing and Communication (NANOCOM), pp. 6:1–6:9 (2014)
42. Noh, D.K., Abdelzaher, T.F.: Efficient flow-control algorithm cooperating with energy allocation scheme for solar-powered WSNs. Wireless Communications and Mobile Computing
12(5), 379–392 (2012). DOI 10.1002/wcm.965
43. Pan, C., Li, Z., Guo, W., Zhu, J., Wang, Z.L.: Fiber-based hybrid nanogenerators for/as selfpowered systems in biological liquid. Angewandte Chemie 123(47), 11,388–11,392 (2011)
44. Parks, A., Sample, A., Zhao, Y., Smith, J.: A wireless sensing platform utilizing ambient RF
energy. In: IEEE Topical Conference on Wireless Sensors and Sensor Networks (WiSNet),
pp. 127–129 (2013). DOI 10.1109/WiSNet.2013.6488656
45. Pierobon, M., Akyildiz, I.: Capacity of a diffusion-based molecular communication system
with channel memory and molecular noise. IEEE Transactions on Information Theory 59(2),
942–954 (2013). DOI 10.1109/TIT.2012.2219496
46. Rentmeesters, M., Tsai, W., Lin, K.J.: A theory of lexicographic multi-criteria optimization.
In: Proceedings of Second IEEE International Conference on Engineering of Complex Computer Systems, pp. 76–79 (1996). DOI 10.1109/ICECCS.1996.558386
47. Roundy, S.: On the effectiveness of vibration-based energy harvesting. Journal of Intelligent
Material Systems and Structures 16(10), 809–823 (2005). DOI 10.1177/1045389X05054042

30

Shahram Mohrehkesh, Michele C. Weigle, Sajal K. Das

48. Roundy, S., Leland, E., Baker, J., Carleton, E., Reilly, E., Lai, E., Otis, B., Rabaey, J., Wright,
P., Sundararajan, V.: Improving power output for vibration-based energy scavengers. IEEE
Pervasive Computing 4(1), 28–36 (2005)
49. Roundy, S., Wright, P., Rabaey, J.: Energy Scavenging for Wireless Sensor Networks: With
Special Focus on Vibrations. Kluwer Academic Publishers (2004)
50. Roundy, S., Wright, P.K., Rabaey, J.: A study of low level vibrations as a power source for
wireless sensor nodes. Computer Communications 26(11), 1131–1144 (2003). DOI 10.1016/
S0140-3664(02)00248-7
51. Sensale-Rodriguez, B., Yan, R., Kelly, M.M., Fang, T., Tahy, K., Hwang, W.S., Jena, D., Liu,
L., Xing, H.G.: Broadband graphene terahertz modulators enabled by intraband transitions.
Nature Communications (2012)
52. Sharma, V., Mukherji, U., Joseph, V., Gupta, S.: Optimal energy management policies for
energy harvesting sensor nodes. IEEE Transactions on Wireless Communications 9(4), 1326–
1336 (2010). DOI 10.1109/TWC.2010.04.080749
53. Shenck, N., Paradiso, J.: Energy scavenging with shoe-mounted piezoelectrics. IEEE Micro
21(3), 30–42 (2001). DOI 10.1109/40.928763
54. Starner, T.: Human-powered wearable computing. IBM Systems Journal 35(34), 618–629
(1996). DOI 10.1147/sj.353.0618
55. Sudevalayam, S., Kulkarni, P.: Energy harvesting sensor nodes: Survey and implications.
IEEE Communications Surveys Tutorials 13(3), 443 –461 (2011). DOI 10.1109/SURV.2011.
060710.00094
56. Wang, P., Jornet, J.M., Malik, M.A., Akkari, N., Akyildiz, I.F.: Energy and spectrum-aware
MAC protocol for perpetual wireless nanosensor networks in the terahertz band. Ad Hoc
Networks 11(8), 2541 – 2555 (2013). DOI 10.1016/j.adhoc.2013.07.002
57. Wang, Z.L., Wu, W.: Nanotechnology-enabled energy harvesting for self-powered micro/nanosystems. Angewandte Chemie International Edition 51(47), 11,700–11,721 (2012)
58. Wu, K., Jiang, Y., Marinakis, D.: A stochastic calculus for network systems with renewable energy sources. In: Proceedings of IEEE Conference on Computer Communications Workshops
(INFOCOM Workshops), pp. 109 –114 (2012). DOI 10.1109/INFCOMW.2012.6193470
59. Xu, S., Hansen, B.J., Wang, Z.L.: Piezoelectric-nanowire-enabled power source for driving
wireless microelectronics. Nat Commun 1 (2010)
60. Y. Luo, J.Z., Letaief, K.B.: Training optimization for energy harvesting communication systems. In: Proceedings of IEEE Globecom (2012)
61. Zungeru, A.M., Ang, L.M., Prabaharan, S., Seng, K.P.: Chapter 13. Radio Frequency Energy
Harvesting and Management for Wireless Sensor Networks. CRC Press 2012

