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Abstract: Exponential growth in computing, wireless
communication, and energy storage efficiency is key
to allowing smaller and scalable IoT solutions. These
advancements have made it possible to power devices
from energy harvesters (EH) and explore other energy
storage solutions that can increase the lifetime and
robustness of IoT devices. We summarize current trends
and limits for the current paradigm as the basis of our
forecast. The trend shows that conventional ceramic capa-
citors are sufficient for energy storage for today’s EH
powered wireless IoT devices and that in the future, IoT
devices can either performmore advanced tasks with their
current volume or be shrunk in size.

Keywords: energy harvesting, energy storage, IoT, trends,
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1 Introduction
One of the challenges for long-life wireless Internet of
Things (IoT) devices is that of energy supply. IoT devices,
with only non-chargeable battery cells, have a limited life-
time based on the total battery energy provided, which
makes the battery volume necessary. The available energy
also limits the IoT performance in terms of, e.g. , the
number of measurements, data analysis, and data com-
munication. For IoT devices with an energy harvester, the
situation changes. Many of the performance limitations
will disappear or be greatly reduced. The design chal-
lenge turns into balancing energy harvesting and storage
against the energy usage schedule. The energy cost for
unit operations such as data sampling, computation and
communication and the harvesting and storage capacity
of different technologies then become important.
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This paper discusses forecasts of IoT energy usage in
relation to energy harvesting and storage while also
considering aspect such as temperature and cycling
degradation.

Energy harvesting technologies have improved over
the last couple of decades. In particular, photo-voltaic
harvesters have made significant progress. Other techno-
logies more suitable for enclosed locations, such as those
harvesting vibration and heat, are less mature. Recent
reviews on these technologies are included in Shaikh and
Zeadally (2016)

The alternatives for energy storage include rechar-
geable battery cells, supercapacitors, and capacitors.
Here, cycling degradation and temperature place certain
limits on the battery cells and supercapacitors. For battery
cells, cyclic degradation phenomena will limit lifetimes. A
survey provided by Hu et al. (2017) indicates a cyclic cap-
ability ranging from 200 to 12000 cycles depending on the
battery technology, where there is also a trade off between
self-discharge, power density, cost, etc. With respect to
operating temperature ranges, both secondary cells and
supercapacitors have limited high-temperature storage
solutions. For temperatures above 100 ○C, the supercapa-
citors currently available exhibit increased leakage that
would consume a large part of the harvested power. As
Shaikh et al. discuss in (2016), other storage devices
apart from batteries and supercapacitors should be
investigated.

For computational energy consumption, Koomey’s
law Denning and Lewis (2016) predicts that power con-
sumption per computation will be reduced and approach
the Landauer limit, which is approximately 1000 times
lower than today’s level Bérut et al. (2012). With the cur-
rent rate of irreversible computing, thermal noise at room
temperature will become a hindrance close to the year
2030 according to Frank (2002).

With respect to data sampling, the trends in energy
cost for A/D conversion are nicely summarized by Mur-
mann. The data indicate that for low-frequency A/D con-
verters, the figure of merit (FoMS) trend increased from
162 dB to 182 dB between 2004 and 2017. A well-accepted
limit on A/D conversion efficiency is derived from a class-
B switched capacitor circuit, which yields a theoretical
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(FoMS) limit of 192 dB. This small gap between the state
of the art and the theoretical limit indicates that there will
not be any significant progress in the future, just a delay
until designs have been commercialized.

Inmost cases, it is not the sampling or computation of
data that is themost energy-demanding task for a wireless
IoT device; rather, it is the transmission and reception of
data over the wireless link. To minimize the energy cost
of wireless transmissions, strategies have been developed
to reduce the active time during which a sensor needs to
listen and synchronize its transmission time slot to match
the rest of the network Narendra, Duquennoy, and Voigt
(2015). Time synchronization has dramatically reduced
the energy spent on wireless communication; further-
more, transceivers have also become more efficient over
time.

Based on available data for radio frequency (RF)
transceivers, we present here the current trend for trans-
ceivers available on themarket, showing how their energy
cost to transport data has reduced over time with refer-
ence to the theoretical limits.

In this paper, the above data are combined to provide
a forecast for IoT. We combine the RF chip trend with data
on the energy cost for computation and data sampling and
the energy storage efficiency for various storage technolo-
gies.

2 IoT Energy Usage and Storage
In thiswork, we assume that the power output from the EH
is several times lower than the peak power used by the IoT
device, which is the case for most of today’s EH-powered
IoT devices: PEH << Pmax.

We can express the IoT device’s average power con-
sumption as

Pavg =
Pcomtcom + Pcomptcomp + Pacqtacq + Psleeptsleep

tcom + tcomp + tacq + tsleep
, (1)

where P is power (watt) and t is time (s) for communica-
tion, computation, acquisition and sleep.

If each of the tasks in eq. (1) is considered unin-
terpretable, then the maximum product between power
and time will determine the most energy expensive task.
Therefore, assuming PEH << Pmax, it is the energy storage
that sets the limit onwhat types of tasks such a system can
execute.

The power output from the EH then determines how
often the tasks can be performed. The interval in which
to perform tasks has to be set so that the average power

consumption is lower than the power output from the
EH: Pavg < PEH .

Before starting a task, especially an uninterpretable
one, the IoT has to know that enough energy is available
for the task to be completed. It has to create a dynamic
schedule based on power input and communication time
slots.

Below, an analysis of technology development trends
together with currently known theoretical limits is used to
predict a timeline for when no or only marginal improve-
ment can be expected regarding data transport, computa-
tion, data acquisition and energy storage.

2.1 Wireless data Transport

Themost power-intensive task for most of today’s wireless
IoT devices is wireless communication. In general, it is
energy efficient in that a packet transmission is completed
without any interruptions. Internet packet sizes vary from
50–1500 depending on the application and the radio pro-
tocol used. Thus, ensuring that enough energy is available
for transmitting a complete package is important.

2.1.1 RF Transceivers

For more than two decades, vendors have produced com-
mercially available RF modules/chips that can transmit
(TX) and receive (RX) digital data from one point to
another. We have investigated datasheets for RF chips
from various vendors and compared them over time. All
chips have been compared using their highest sensitiv-
ity setting, highest data rate and a power output to the
antenna of 1mW (0dBm).

In Figure 1, we summarize some of the common
transceivers and compare their power consumption while
receiving and transmitting data. Each transceiver’s power
is registered according to the year that its first version was
released.

Figure 1 does not indicate any clear trend in power
reduction over time, neither in TX nor in RX.

2.1.2 Energy Per Bit

Taking data rate into consideration, one can examine how
many joules per bit,Q (J/bit), is required for a full data link
between two RF chips of the same kind:

Q =
PTX + PRX

C
, (2)
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Figure 1: Power consumption for RF modules/chips while receiving/transmitting and when they were commercially available. RX power is
taken from when the transceiver is set to its highest sensitivity state, and TX power is taken from when the transceiver outputs 1 mW (0 dbm)
to the antenna.

where PTX (watt) is the transmitter’s power consumption,
PRX (watt) is the receiver’s power consumption and C is
the data rate (bit/s).

Figure 2 shows how many joules per bit is required to
transmit and receive data. From 1995 to 2007, a progress in
efficiency can be observed; however, after 2007, one can
not distinguish any noticeable advancements.

2.1.3 Receiver Sensitivity

Receivers have become more sensitive, meaning that the
incoming signal can be weaker and the receiver can still
interpret the wirelessly sent data. This advancement has
made it possible to either lower the power output to
reach the same distance or use the same output power to
transfer data over a longer range.

To express sensitivity as the maximum distance that
two transceivers can communicate with each other in free
space, excluding antenna gains and noise, one can use the
free space path loss

FSPL(dB) = 10 log10

((
40df
c

)2
)
, (3)

where d is distance in meters, f is carrier frequency in
Hz and c is the speed of light. The free space path loss
describes how much the signal is attenuated due to the
distance between the transmitter and receiver. Hence, the
requirement for two devices to communicate is depend-
ent on having the distance between them not attenuate
the signal below the sensitivity of the receiver.

The difference between the transmitter’s antenna out-
put, Pt (watt), and the receiver’s sensitivity, Pr (watt), is
called the link budget L0.

L0(dB) = Pt(dB) – Pr(dB). (4)

Hence, the required link budget L0 has to be greater than
or equal to the FSPL to successfully transmit data between
two devices. Substituting FSPL for L0 and solving eq. (3)
for d to obtain the maximum distance two devices can
communicate yields

d =
c
√
10L0(dB)/10
40f . (5)

Using the data from Figure 2 and dividing it by the max-
imum distance, obtained by eq. (5), two transceivers of
the same model can communicate with the yields shown
in Figure 3. The units in Figure 3 are joules per bit
and meter (J/(bit m)) or newtons per bit (N/bit). New-
tons per bit can be interpreted as describing how much
effort (force) an RF chip has to exert to transfer a bit a
certain distance through a medium with friction. Lower
values mean that the RF chip transmits and receives more
efficiently.

Figure 3 shows a decreasing trend for energy spent
on transmitting and receiving data a certain distance over
time. The most efficient transceivers show a trend that
is halved every sixth year; this trend is mostly driven
by increased sensitivity and secondarily by the increased
data rate.

2.1.4 RF Limitations

To address if the current trend can continue, we used
Shannon-Hartley’s theorem to analyze what a theoretical
limit could be. The Shannon-Hartley theorem states the
maximum data capacity in the presence of noise that can
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Figure 2: Energy per bit for a data link. Includes energy to both send and receive data.

Figure 3: Energy per bit and meter to transfer data between two RF modules. Maximum distances between RF modules were calculated using
the free space path loss eq. (5). The red line shows a trend for the top performing RF modules; it halves every sixth year.

be transmittedwirelessly for a given signal strength, noise
and bandwidth Shannon (1949):

C = W log2
(
1 +

Pr
Nr

)
, (6)

where C is the channel capacity (bits/s), W is the band-
width (Hz), Pr is the received signal strength (watt or volt2)
and Nr is noise (watt or volt2). Solving eq. (6) for the
required signal strength yields

Pr = Nr(2C/W – 1). (7)

Equation (7) in eq. (4) yields the required link budget
Ln in the presence of noise for a specific channel capacity
and bandwidth.

Ln(dB) = Pt(dB) – Nr(dB) – dB(2C/W – 1)). (8)

Substituting the link budget, L0, for the required link
budget in the presence of noise, Ln, in eq. (5) yields

d =
c

40f
√
10Ln(dB)/10, (9)

and substituting eq. (8) into eq. (9) yields

d =
c

40f

√
10(Pt(dB)–Nr(dB))/10

2C/W – 1
(10)

or

d =
c

40f

√
Pt

(2C/W – 1)Nr
. (11)

By studying eq. (11), one can observe that an increase in
frequency and data rate will reduce the distance, while
an increase in transmission power and bandwidth will
increase the distance. However, an increase in bandwidth
will also increase the received noise. Therefore, with the
assumption of white noise, eq. (11) can be written as
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d =
c

40f

√
Pt

(2C/W – 1)N0W
, (12)

where N0 is the noise spectral density and N0 = kT, where
k (J/K) is Boltzmann’s constant and T (K) is the system
noise temperature.

2.1.5 Theoretical Limit

With the assumption of 100% transmission efficiency,
1 mW to the transmitter will generate 1 mW (0 dBm) of
antenna output, Pt = 0 dBm, and the receiver is assumed
to require 1 mW to interpret the data. Using a data rate
and a bandwidth of, e.g., IEEE 802.11a/g and a receiver
noise floor of –96 dBm yields a theoretical limit of 1.4 ∗
10–13 J/(bit meter). Figure 4 shows that it is likely that the
trend will continue in the coming decade. However, as
with the Landauer limit for computing, it will most likely
never be reached, creating an asymptotic trend toward the
limit according to the current knowledge.

2.2 Data Acquisition

It is common that an IoT device samples a low number
of data points, e.g., a temperature measurement. Since
temperaturemeasurements are seldomperformed consec-
utively in long high frequency series, the measurement
tasks can be performed rapidly with sleeping periods in
between. However, in cases where the task is to capture
a waveform, it can be considered an interruptible task,
where the acquisition (Pacqtacq) can be the dominating
task in eq. (1). Thus, it determines the lower limit for
energy storage.

Murmann et al. have summarized data for analog to
digital converters (ADC) over two decades in Murmann.
The data in Figure 5 indicate an increasing trend in the
figure of merit (FoMS) and thus a reduction in energy
per sample. For low-frequency A/D converters, the well-
accepted limit of the FoMS is 192 dB, which is only 10 dB
from today’s converters. Most likely, the limit of 192 dB
will never be reached for room temperature devices due to
the implications of thermal noise. Therefore, one cannot
expect any great advancement in data acquisitionwith the
current knowledge, just a delay until the state of the art is
commercialized. Thus, this result indicates no significant
advancement beyond 2025.

2.3 Computation

Considering the different operations, data acquisition
and data packet transmission can be regarded as non-
interruptible, while data computation might be interrup-
ted (provided that the processor and memory state is pre-
served during sleep mode). If the IoT device requires, e.g.,
extensive computing on acquired data, the computation
can be divided into several tasks. In between these tasks,
the IoT device can enter a lower power mode such that the
energy storage can be sufficiently recharged by the energy
harvester. Therefore, computation is seldom the limiting
factor for energy storage.

Koomey’s law Denning and Lewis (2016) is satisfied
almost only by graphic cards today. However, the energy
cost trend in computing is still declining. With the current
rate of irreversible computing, thermal noise at room tem-
perature will become a hindrance close to the year 2030
according to Frank (2002).

Figure 4: Energy per bit and meter for RF modules marked with blue markers. The red solid line shows the trend of the most efficient
transceivers, and the dashed green line shows the theoretical limit for an IEEE 802.11a/g, 1 mW for TX and RX, carrier frequency 2.45 GHz,
bandwidth 20 MHz, data rate 54 Mbit and noise floor -96 dBm.
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Figure 5: Figure of merit for A/D converters and year of publication. The dashed green line shows the theoretical limit (192 dB) for a low
speed A/D converter.

2.4 Sleep

To minimize power usage, a wireless device can enter
a state called sleep. Different sleep modes can be used
depending on operation and what types of sleep modes
are available on the device. If the device has a lower
power usage during sleep than the harvester is generat-
ing, Psleep < PEH , it can recharge its energy storage during
sleep. The device can wake up in intervals and check if
it has enough energy to perform the scheduled task and
execute it or be interrupted and driven when a desired
voltage level in the storage device is reached. Thus, with
the same power input, a more energy demanding task
needs to be accommodated by a longer sleep period.

Dynamic power has been reduced in microprocessors
owing to technologies that allow for smaller feature sizes
and lower operating voltages, which can be observed in
Denning and Lewis (2016). However, as Kim et al. show in
2003, current leakage and static power will be a large part
of the total power consumption for microprocessors as the
feature size shrinks.

High-* dielectrics can lower the gate-oxide leakage
significantly for processes shorter than 45 nm. To min-
imize static power, especially in sleep modes, the supply
voltage can be turned off for parts of the microprocessor.
However, to achieve information retention in, e.g., ran-
dom access memory or for keeping track of time, it cannot
be turned off completely. Therefore, static power becomes
an obstacle that will limit the need for smaller feature
sizes in ultra-low power applications; e.g., today, ARM
accommodates the cortex-M0 architecture down to 40 nm,
but their ultra-low power platform is built on 180 nm tech-
nology ARM (2009). According to ITRS (2015), deep sleep
current leakage will drop from 52 nA in 2019 to 10 nA in
year 2029, roughly halving every fourth year.

2.5 Energy Storage

Here, we present and analyze the most common storage
devices on the market.

2.5.1 Batteries

Batteries, both primary and secondary cells, have high
energy densities and are the most common storage
medium for wireless sensors today. Despite their high
storage capacities, they are not well suited for long-life
(up to 20 years) IoT devices. Primary cells cannot be
recharged, and secondary cells suffer from cyclic degrad-
ation. They also have reduced capabilities at both higher
and lower temperatures Shaikh and Zeadally (2016).
Hence, battery-powered IoT devices require maintenance,
which is not a desired feature.

2.5.2 Supercapacitors

Supercapacitors have lower energy density than batter-
ies; however, they do not suffer from cyclic degradation
to as great an extent as secondary cells do Sedlakova
et al. (2016). Researchers are pushing new limits with
exotic materials such as carbon nanotubes and graphene,
e.g., Liu et al. (2010); El-Kady and Kaner (2013). Regard-
less, supercapacitors do suffer from energy losses due
to internal energy distribution and current leakage, as
Merrett et al. show in 2012. The internal current leakage
alone can consume as much power as a microprocessor
in a low power running state. All commercially avail-
able supercapacitors known to the authors knowledge
cannot operate above 85○C, limiting the use of supercapa-
citors in many industrial applications. Researchers have
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developed high-temperature supercapacitors, e.g., Hibino
et al. (2015); Kim et al. (2015); Borges et al. (2013). The
ones that have reported on their current leakage show
higher leakage currents than the conventional supercapa-
citors. Current leakage loss is a problem if it is in the same
order of magnitude as the power output from the energy
harvester.

2.5.3 Capacitors

Electrolytic capacitors also suffer from degradation; how-
ever, many electrolytic capacitor failure modes and
degradation are due to high ripple currents, core heat-
ing and vaporization of the electrolyte Kulkarni, Biswas,
and Koutsoukos (2009), which is unlikely for a wireless
IoT device under consumer and most industrial operating
conditions.

Ceramic capacitors, on the other hand, experience
little degradation, less than 9% for 7XR Multilayer
Ceramic Capacitors (MLCC) at 100○C for 104 hours, as
Takeshi Nomura et al. show in 1995. After 104 hours,
the ceramic capacitors do not undergo any significant
changes in capacitance, and the capacitance stabilizes
over time.

Ceramic and electrolytic capacitors have substantially
increased in capacity over the past decade, as shown
in Pan and Randall (2010). Commercial ceramic capa-
citors (6 J/cm3) muRata (2018) have surpassed commer-
cial electrolytic aluminum capacitors (0.5 J/cm3) Nichicon
(2017) regarding energy density, and with the current
trend, they will surpass today’s commercial supercapacit-
ors (25 J/cm3) DCN (2017) in the year 2020. The increase in
energy density is mainly due to advancements in produc-
tion technologies that enable smaller features. Thinner
layers with fewer defects and ceramics with higher break-
down voltages have increased the capacity for ceramic
capacitors Pan and Randall (2010). High permittivity
materials could also increase energy densities even fur-
ther, e.g., Tang and Sodano (2013).

The low degradation, low current leakage and pro-
jected energy density increase make ceramic capacitors
a good candidate for intermediate energy storage in com-
binationwith energy harvesting for long-life industrial IoT
devices.

3 Analysis and Discussion
The rapid development of computing, storage and wire-
less communication efficiency will lead to smaller IoT

devices. To show this, we have assumed a scenario of
a wireless IoT device powered by a vibration harvester
with a power density of 250,W/cm3 Roundy, Wright, and
Rabaey (2003). We assume that it receives and transmits
1 MB of data wireless 100 meters from/to another IoT
device each minute. No overhead or extra time spent on
listening/receiving is considered, and its sleep power is
5,W. The device uses MLCC as a storage medium. This
has an evolutionary trend predicted by Pan and Randall
(2010) and an RF efficiency trend shown in this paper.
In the described scenario, we have assumed that it is the
wireless communication that is the most energy demand-
ing task and that it therefore determines the lower limit on
the energy storage. Figure 6 shows the volume required
for the device in the described scenario.

One limit on storage efficiency is discussed by Smith
et al., showing that the theoretical limit on storage effi-
ciency for glass-based ceramic capacitors is 35 J/cm3

Smith et al. (2009). Assuming the same technology limit
for the commercial ceramic capacitors (35 J/cm3), the limit
will be reached in the year 2021 and will cap the devel-
opment rate in this forecast. However, other dielectric
materials can possibly achieve higher energy densities in
the future. The authors have not found any evidence that
35 J/cm3 is the ultimate limit for MLCCs.

With current knowledge, noise levels will limit com-
putational advancements close to 2030 according to Frank
(2002). The limit on the RF communication efficiency cal-
culated in this paper assumes that essentially three lim-
its are reached. First, we assume that Shannon-Hartley’s
limit is realized and we have full channel utilization.
Second, sensitivity in the RF receiver is equal to the noise
floor of the channel. Lastly, the RF transmitter is 100%
efficient, generating 0 dBm output from 1 mW. Consider-
ing that there are three limits connected to the dashed line
in Figure 4, the distance from the practical limit should
be in cubic form. Therefore, we predict that the radio
transceiver efficiency will level out close to the year 2035.

The scenario above describes an ideal case, with no
retransmissions, no energy spent on overhead and listen-
ing, free space path loss and no computation.

The most energy demanding task does not have to
be RF communication. In Figure 7, one can observe
the required volume for a system that samples continu-
ously for 60 sec each hour with a power consumption of
1 mW. As discussed previously, A/D-conversion efficiency
is close to its current known limit. Therefore, no efficiency
progression in sampling is accounted for, only volumetric
storage efficiency.

Both Figures 6 and 7 do not account for any develop-
ment in energy harvesting.
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Figure 6: The required volume for an IoT device that receives and transmits 1 MB of data wirelessly 100 meters from/to another IoT device
each minute.

Figure 7: The required volume for an IoT that samples for 60 seconds each hour.

4 Conclusions
The data and trends here presented and summarized
make it evident that wireless IoT devices will only use
energy harvesting and short term storage such as ceramic
capacitors in the future. The current development trend
indicates that such wireless IoT devices are ready for
today’s market. It is further clear we will not see a further
reduction of energy consumption for IoT devices beyond
2035–2040.

It is expected that this type of data can enable energy
modeling for large system of systems based on the IoT.
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