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Distributed Decision Making Policy for Frequency Band
Selection Boosting RF Energy Harvesting Rate in Wireless

Sensor Nodes

S. J. Darak - Christophe Moy - Jacques Palicot

Abstract Emerging paradigms such as smart cities and
Internet of Things are expected to be an intrinsic part
of next generation communication standards. To bring
these paradigms to life, self-sustainable wireless sensor
network (WSN) nodes capable of seamless and mainte-
nance free operation at remote locations are desired.
Recently, radio frequency energy harvesting (RFEH)
circuits capable of harvesting RF power transmitted
by base stations, TV towers and other ambient RF
sources have been developed. Low power requirements
and architectural compatibility between WSN nodes
and RFEH circuits make RFEH a promising and fea-
sible solution for WSN nodes. In this paper, a novel
multi-stage decision-making policy (DMP) for RFEH
enabled WSN nodes has been proposed. It offers an in-
telligence, via online learning algorithm, for character-
ization and selection of frequency bands based on their
RF potential especially in the dynamic spectrum envi-
ronment. Furthermore, proposed DMP supports multi-
antenna multi-band harvesting capabilities of the RFEH
circuits. The final contribution includes tunable RFEH
duration that leads to significant improvement in the
harvested energy and fewer number of frequency band

switchings (FBS). Derived theoretical performance bounds

and simulation results validate the superiority of pro-
posed DMP in terms of the harvested RF energy and
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throughput of the WSN nodes. Furthermore, the fewer
number of FBS makes the proposed DMP suitable for
resource-constrained WSN nodes.

Keywords RF Energy Harvesting - Decision Making
Policy - Wireless Sensor Nodes - Multi-armed Bandit

1 Introduction

Wireless sensor network (WSN) nodes are small-sized
transceivers, designed to sense and transmit the sensed
information to the desired receiver [1, 2]. WSN nodes
have generated significant interest in the research com-

munity because of their applications in emerging paradigms

such as smart cities, smart grids and Internet of Things
(IoTs) [3, 4]. Expectations from these paradigms are
huge because of their potential to enable data exchange
anywhere and anytime between a wide range of devices.
However, to bring the smart cities, smart grids and IoTs
to life, efficient solutions to the power requirements,
maintenance-free operations and remote deployments
of WSN nodes need to be investigated [3, 4, 6]. One
such solution is an ambient energy harvesting making
WSN nodes self-sustainable and environment-friendly,
i.e., green [5, 6].

Recently, radio frequency energy harvesting (RFEH)
circuits capable of harvesting energy from signals trans-
mitted by RF sources have been developed [3-8]. RF
sources can be dedicated sources or ambient sources
such as cellular base stations, TV towers, and WiFi
access points. This is exciting because, in addition to
enabling the data transmission at farther distances, the
broadcast nature of the RF signals can simultaneously
charge multiple WSN nodes. Since WSN nodes are usu-
ally distributed over a large area and deployed at re-
mote locations, RFEH from the ambient RF sources,
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instead of the dedicated RF sources, seems to be a
promising and practical solution. Recent advances in
the design of reconfigurable antennas (i.e., antennas
with tunable center frequency) also make RFEH from
ambient RF sources feasible [9-12]. However, the lim-
ited bandwidth of reconfigurable antennas, as well as
dynamic spectrum environment, demands RFEH cir-
cuit to be capable of giving higher preference to the
frequency bands having higher RF potential over other
bands [9-16]. Furthermore, recent RFEH circuits offer
RFEH simultaneously from multiple frequency bands
via multiple reconfigurable antennas or single multi-
band reconfigurable antenna [9-16]. Such RFEH cir-
cuits need an intelligence and hence, the decision mak-
ing policy (DMP) to characterize the frequency bands
based on their RF potential and minimize the time
spent on harvesting from sub-optimal bands.

The RF potential of the frequency band is location
dependent which means that an intelligence (i.e. in-
formation about the RF potential of frequency bands)
gained by WSN node may not be useful for other WSN
nodes. In the case of distributed DMPs, no such in-
formation exchange takes place between WSN nodes.
Furthermore, distributed DMPs have the advantages
of robustness to link or node failures and zero commu-
nication overhead. The design and development of such
distributed DMP is the focus of the work presented in
this paper.

In addition to characterization of the frequency band(s)

based on the RF potential, the number of frequency
band switchings (FBS) should be as small as possible.
Here, FBS refers to switching of RFEH circuit from one
frequency band to another in the successive time slot.
Higher the number of FBS, the higher is the penalty
in terms of the dynamic power consumption, RFEH
duration and reconfiguration overhead for antenna ad-
justments and impedance matching circuit. Thus, DMP
should have a fewer number of FBS. Note that reduc-
tion in the number of FBS must be achieved without
compromising on the total harvested RF energy.

In this paper, a new multi-stage DMP for RFEH
enabled WSN nodes has been proposed. The proposed
work is an extension of [17] and significantly novel due
to following contributions.

1. The first contribution is to offer an intelligence to
WSN nodes for the characterization and selection
of the frequency bands based on their RF potential.
This is a non-trivial task due to the dynamic nature
of RF potential of the different frequency bands oc-
cupied by ambient sources. We have formulated such
characterization and selection problem in a multi-
armed bandit (MAB) framework and the solution is

obtained using online learning based Bayes Upper
Confidence Bound (BUCB) algorithm.

2. The second contribution is to improve the harvested
RF energy by minimizing the time spent on the sub-
optimal frequency bands by exploiting multiple re-
configurable antennas of the RFEH circuits.

3. Third contribution includes the tunable RFEH du-
ration that leads to significant improvement in the
harvested energy as well as a number of FBS.

4. Final contribution deals with the derivation of the-
oretical performance bounds as well as simulation
results to compare the performance of the proposed
DMP over existing DMPs in terms of average har-
vested RF energy, the number of FBS and data
throughput.

5. This paper is a significant extension of conference
paper in [17]. In [17], the DMP for single antenna
RFEH circuit is presented with a focus on the for-
mulation of RFEH problem in MAB framework. The
work presented in this paper deals with the design
of the DMP for advanced RFEH circuits with multi-
ple fixed antennas. For such RFEH circuits, DMP in
[17] is sub-optimal. In addition, we have derived the
performance bounds for the proposed DMP along
with extensive simulation results including the com-
parisons of various DMPs with respect to the pa-
rameters such as harvested RF energy, FBS as well
as data throughput of the WSN nodes.

The paper is organized as follows. The literature
review of the recent advances in RFEH is done in Sec-
tion 2. The detailed design of the proposed DMP is pre-
sented in Section 3 followed by the simulation results
in Section 4. Section 5 concludes the paper.

2 Literature Review

Recently, there has been a significant surge of interests
in the RFEH enabled WSN nodes from the academia
as well as industry [3, 4, 6-8, 13-15]. For example, re-
searchers successfully demonstrated the RFEH using
WiF1i signal (referred to as PoWi-Fi) [15]. In PoWi-
Fi, WSN nodes and even small cameras, are designed
to harvest the RF energy transmitted by WiFi access
points. This is achieved with simple modifications to ex-
isting access point architecture and data transmission
protocol without compromising on the quality of service
for WiFi users. Similarly, WSN nodes capable of har-
vesting ambient RF energy have been demonstrated by
Drayson Technologies and Intel [7]. Furthermore, expo-
nential increase in the data traffic and number of cellu-
lar users guarantee the availability of sufficient ambient
RF energy in the environment at any time of the day.



From an architecture perspective, RFEH circuit has
advantages of smaller dimensions and easier integra-
tion with the analog front-end of WSN node terminals
thereby making it a preferred choice for WSN nodes
compared to solar, thermal, vibrational etc. based en-
ergy harvesting approaches [14]. These examples signify
the feasibility and commercial interests in RFEH capa-
ble WSN nodes.

Research efforts relevant to the RFEH in WSN nodes
mainly deal with the design of RFEH circuits and DMPs.
Discussion on the former which includes the design of
multi-band reconfigurable antenna based RFEH circuit,
multiple fixed antennas based RFEH circuit, impedance
matching and multi-stage RFEH circuits is out of the
scope of this paper and reader may refer to [9-12, 14—
16] for more information. To summarize, an efficiency
of the RFEH circuits depend on the amount of inci-
dent RF power and hence, harvesting bandwidth. The
higher the received RF power or the bandwidth, the
higher is the harvested RF energy but the relation-
ship is non-linear [12, 14-16]. Furthermore, though ex-
isting commercial RFEH circuits have a single fixed
antenna, it is expected that the RFEH circuits with
multiple reconfigurable antennas or single multi-band
reconfigurable antenna capable of harvesting from mul-
tiple non-contiguous frequency bands will be available
in near future. The harvesting bandwidth of such cir-
cuit is expected to be narrow (i.e. few MHz) making
wideband RFEH infeasible. Hence, RFEH circuits need
intelligence to characterize the frequency bands based
on their RF potential and tune the RFEH circuit to the
optimum frequency bands for faster RFEH.

Comprehensive reviews of the recent advances in
wireless communication network design related to RFEH
are given in [6, 13]. In [18, 19], DMPs for scheduling
dedicated RF sources to serve multiple WSN nodes has
been proposed while the focus of the proposed work is
on RFEH from ambient RF sources.

In [14], relay-based cooperative RFEH using the
dedicated RF source with the possibility of ambient
RF harvesting has been discussed. The DMPs in [6, 15]
deal with the switching actions between data commu-
nication and RFEH modes and the goal is to maximize
the total network throughput. However, it is assumed
that the frequency band statistics are known and only
single band with fixed bandwidth is considered. This
means that the challenge of frequency band selection
for the decentralized networks has not been consid-
ered in [6, 15]. The optimization, as well as learning
based DMPs for RFEH, enabled the secondary user
in the cognitive radio network has been proposed in
[6] and later extended to the multiuser cognitive radio
network in [20, 21]. An optimization based DMPs are

computationally complex and may not be feasible for
the battery-operated resource-constrained WSN nodes.
Hence, online learning access based DMPs need to be
investigated.

The DMPs for frequency band selection in RFEH
enabled secondary users have been recently proposed
in [22, 23]. In [22, 23], we have introduced RFEH in the
context of D2D communications for the cognitive ra-
dio network. The DMP in [22, 23] improves the average
spectrum utilization by minimizing collisions between
users and dynamically switching between the D2D and
RFEH modes. However, the usefulness and performance
analysis of Bayesian online learning algorithms for fre-
quency band characterization has not been explored yet
in the literature. Furthermore, the design of DMP for
RFEH circuits with multiple antennas and/or multi-
band reconfigurable antenna has not been discussed in
the literature yet. In the next section, the design of the
proposed DMP for such RFEH circuits is presented.

3 Proposed Decision Making Policy

Existing DMPs [13-15, 17-23] consider RFEH from sin-
gle RF source which uninterruptedly transmits in a
fixed and known frequency band. In dynamic spectrum
environment consisting of multiple ambient RF sources
and limited bandwidth RFEH circuits, WSN nodes need
intelligence, i.e. DMP, to characterize frequency bands
based on their RF potential. The design of the DMP
which exploits multiple antennas of RFEH circuit to
increase the energy harvested as well as data through-
put of WSN nodes is presented in this section. To begin
with, the network model considered for the proposed
DMP is discussed in the next sub-section 3.1 followed
by the proposed decision-making framework in 3.2.

3.1 Network Model

Consider wideband spectrum consisting of N frequency
bands of uniform bandwidth, Bs; (=1/N) and n denotes
the frequency band index, i.e., n € {1,2,.., N}. Here-
after, frequency specifications are normalized with re-
spect to half the sampling frequency. The RF potential
of the nt" frequency band is denoted as {2, and equal
to fin - Xn Where p, is the probability of the band n be-
ing occupied and x,, is the average normalized incident
RF energy when the frequency band n is chosen for
RFEH. It assumed that (2, evolves as an independent
and identically distributed (i.i.d.) random process with
variance o2, stationary and unknown to WSN nodes.
The RFEH circuit, consisting of L reconfigurable
antennas, harvests RF energy from the frequency bands
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chosen by the DMP in each time slot. Each time slot
duration is fixed and equal to At and k denotes the
time slot index with horizon, K, ie., k € {1,2,..,K}.
The k' time slot begins at [At - (k — 1)] units and we
have

fl,k = At — Ml,k . El,k (1)

where M, ;, denotes the number of stages of frequency
band selection for antenna | € {1,2,..,L}, #; is the
time required for frequency band selection, front-end
reconfiguration and antenna adjustments and fl,k is the
time available for RFEH or idle time depending on the
status of the chosen frequency band. The value of M,
depends on the status of the chosen frequency band.
For example, M; =2 indicates that the first frequency
band chosen by antenna [ in time slot k does not meet
required RF energy constraints and hence, the second
frequency band is chosen in the same time slot.

In any given time slot, DMP decides the bandwidth
and center frequency of the frequency band(s) which are
then filtered by the analog front-end of WSN node. Due
to the reconfigurability constraints of the analog front-
end, the bandwidth of the chosen frequency band(s) is
assumed as fixed and equal to B,y.. Here, B,y is the
bandwidth of the analog front-end of WSN nodes and is
assumed to be an integer multiple of By for simplicity of
analysis. Then, the number of frequency band choices,
N,y, of bandwidth By, are given by
Ny=N+1- Bage (2)

B;

Let the actual harvested power from the [** antenna
of RFEH circuit in the k** time slot be puk. Let Py
and P, denote the total RF power harvested using the
genie-aided DMP (i.e. the DMP where the frequency
band statistics i.e., pn and xz,Vn € {1,2,..N,s}, are
known a priori) and the distributed DMP, respectively.
Then, the total expected loss in terms of harvested RF
energy, Uy, is given by

) K:Lﬁj L
Ut:Pt—Pt:\‘AtJ'L'p - ; ;E[pl’k] (3)

In Eq. 3, p* denotes the RF energy harvested by
using single antenna in one time slot using genie-aided
DMP and is given by,

P" = X e (Xar) - At (4)
Here n,4(-) is the efficiency of the RFEH circuit for a
given incident RF power and n* denotes the frequency
band index having maximum RF potential i.e.,

n*= argmax X /g (5)
ne{l,2,..,N.f}

Similarly, in Eq. 3, p; ; denotes the RF energy har-
vested by antenna [ in the k' time slot over the fre-
quency band chosen by the DMP and is given by,

Pk = Xasar ,  rf Xienn, ) - (A = Myg - tie) - (6)

where 7 k,m, , denotes the frequency band chosen by
the ['" antenna in the stage, my , of the k** time slot,
Ny kmy, € {1,2,..., Nrf} and my 1, € {1,2, ~-Ml,k}~ Total
number of FBS of the DMP, FBS;, is given by

K L
FBS, = Z Z H ]E[l{ﬁl,k,l?éﬁl’,k—l,leyk_l}]+
k=2 -

M=
(]

[1{'ﬁl,k,mlvk¢ﬁl,k,mlﬁk71}] (7)

where the first term indicates the FBS from the one-
time slot to another while the second term indicates the
FBS in a given time slot due to multi-stage DMP. An
indicator function! is used in the calculation of FBS,.
From Eq. 3-7, it can be observed that the harvest-
ing time in the distributed DMP is lower compared to
the genie-aided DMP. This is because distributed DMP
needs to explore various frequency bands before set-
tling down to the optimum band in addition to the
time required for hardware reconfiguration when fre-
quency band switching occurs. In genie-aided DMP,
such switching does not exist since it has prior knowl-
edge of optimum frequency bands. Hence, the main ob-
jective of the proposed DMP is to have a lower loss in
terms of harvested RF energy, i.e. Uy, and minimize the
number of FBS by minimizing the number of selections
of sub-optimal bands. In Table 1, all the notations used
in this paper are given along with their definitions.

3.2 Proposed Decision Making Framework

The proposed decision-making framework enumerating
the different decision-making stages in each time slot is
shown in Fig. 1. The first decision to be taken at the
beginning of each time slot, say k(> 1), is whether to
continue RFEH over the frequency band chosen for the
last time slot, i.e., (k-1). The advantage of an affirma-
tive decision (i.e., skip_BS = 1) is that the total time
available for the RFEH is same as genie-aided DMP
since M ;, = 0 thereby leading to the zero penalties in
terms of RFEH time and FBS. However, if the same
frequency band is chosen each time, DMP may not be
able to characterize the frequency bands accurately due

L Indicator function:1{jogical expressiony=1 if logical ex-
pression=true; else 0.



Table 1 Notations and definitions

Notations Definitions

N No. of frequency bands of bandwidth By

Bs Minimum frequency band bandwidth

n Vacancy statistics of the nt" band of bandwidth B

Xn Average RF energy of the nt"? band when occupied

Bate Bandwidth of the analog front-end of WSN nodes

N,.s No. of bands of bandwidth B, ¢.

L No. of antennas

ot Time slot duration

k Time slot index

i Reconfiguration time for antenna [ in slot k

fl,k Time available for RFEH for antenna [ in slot k

Mk No. of stages of frequency band selection for antenna [ in slot k
Di,k Actual harvested power from the I** antenna in the k' time slot
Py Total RF power harvested using the genie-aided DMP

P Total RF power harvested using the distributed DMP

U, Total expected harvested RF energy loss of the distributed DMP
skip_BS Flag to decide whether to skip decision making or not
ms_RFEH Flag to decide whether another stage of RFEH is possible or not
Nrf(-) Efficiency of the RFEH circuit for a given incident RF power

n Frequency band index having maximum RF potential

lth

Nk, my g, Frequency band chosen by the antenna in the stage, m; , of the k*" time slot

FBS, Total number of FBS of the DMP

Th,k Number of time slots up to k slots in which the band # is chosen by WSN node

Xa,k Average normalized harvested RF energy from the frequency band 7 till slots k

1 Learning algorithm specific constant

K(p,q) Kullback-Leibler divergence factor

Q(z) Probability that normal random variable gets a value larger than x standard deviations above the mean
Beta Complete beta function

@ RF thereshold for ms_RFEH

2, = ptn, - Xn | RF potential of the n** band of bandwidth B,

25 Observed RF potential of the #*" band

X7 Estimated value of x5

i Estimated value of pun

i,k Learned occupancy statistic of the nt" frequency band till the kt" time slot

X,k Learned normalized RF potential statistic of the Aat" frequency band till the k" time slot
ow (k) Average difference between learned occupancy statistics during a window period W

Ow (k) Average difference between learned normalized RF potentials during a window period W
Sw (k) Cumulative moving average of dw ., (k)

Sw (k) Cumulative moving average of dy y (k)

€ Error between the actual and learned frequency band statistic

€ Online algorithm convergence threshold

to exploration-exploitation trade-off and this may lead
to high loss, U, due to the selection of sub-optimal
bands. Thus, skip_BS needs to be chosen wisely and
is one of the important contributions of the proposed
DMP. When skip_BS = 0, the frequency band is chosen
using a MAB algorithm.

After the frequency band selection, short time RFEH
is carried out. If the harvested RF energy is above
a certain threshold, harvesting is continued over the
same band for the rest of the time slot. Else, if multi-
stage sensing is possible, i.e., ms_.RFEH = 1, another
band is chosen followed by the short time RFEH. If
ms_RFEH = 0, the RFEH circuit remains idle until
the beginning of the next time slot. Note that the feed-

back about the RF potential of the chosen frequency
band is given by RFEH circuit or battery unit and there
is no need of additional spectrum detector.

At the end, the parameters of an online learning
algorithm are updated based on the feedback received
from the RFEH circuit. Similar decision making needs
to be carried out L times i.e. for each antenna or each
band of a reconfigurable antenna. One of the contribu-
tions of the proposed DMP is to exploit the feedback
received from L antennas or L bands of a reconfigurable
antenna to quickly and accurately characterize the fre-
quency bands. This means that the frequency band se-
lection is not carried out independently. Instead, all L
feedbacks are taken while selecting the frequency band
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Section I11.G

Chose another sub-band
using BUCB algorithm
(Sections I11.D and I11.E1)

¥

Perform short time
RFEH over the chosen
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RFEH over the same
sub-band

Chose another sub-
band as discussed in
Section I11.E2

Perform RFEH
over the chosen
sub-band for the
rest of time slot

| Update BUCB parameters (Section 111.D) |

End

Fig. 1 Proposed decision making framework

for a given antenna or any band of a reconfigurable an-
tenna.

3.3 Harvesting Bandwidth Constraints

Ideally, the harvesting bandwidth of RFEH circuit should
be as high as possible. This is because:

1. Total harvested RF power increases with an increase
in the harvesting bandwidth.

2. Efficiency of the RFEH circuit increases with an in-
crease in the RF input power which in turn depends
on the harvesting bandwidth.

3. From the frequency band characterization perspec-
tive, the number of frequency band choices increases
with the decrease in harvesting bandwidth [6, 14].
This, in turn, leads to the higher amount of time
spent on the sub-optimal bands.

For example, when N = 4, the number of frequency
band choices are 4 for harvesting bandwidth equal to
B, compared to 2 and 1 for harvesting bandwidth equal
to 3B and 4B;, respectively. The higher the number
of choices, the higher is the time spent on the sub-
optimal frequency bands which lead to the penalty in
terms of the harvested RF power. Also, the number of
FBS increases with the increase in the number of fre-
quency bands. Thus, for the proposed DMP, the har-
vesting bandwidth is fixed and equal to the maximum
that RFEH circuit can have i.e. Byye.

For a given B,f., the number of frequency bands,
N,¢, are given by Eq. 2. Ideally, the RFEH circuit
should be able to harvest from the entire wideband
input signal of bandwidth, i.e., Bafe = N - Bs. To
have Byfe = N - Bs, wideband reconfigurable anten-
nas are desired. The design of such antennas is a chal-
lenging and non-trivial problem and hence, in practice,
we have narrow but multi-band reconfigurable antenna
with Bgfe < N - Bs [9-12, 14-16]. The frequency band
characterization is discussed next.

3.4 Frequency Band Characterization

The size and power constraints of WNS nodes limit the
value of L for RFEH circuits. For instance, in existing
RFEH circuits with reconfigurable antenna, it can be
safely assumed that N,s > L [9-12]. As a result, RFEH
enabled WSN nodes need an intelligence to choose fre-
quency bands for RFEH in each time slot to minimize
the loss given by Eq. 3. Random selection approach
would lead to a linear increase in the loss while the
greedy approach may not guarantee accurate character-
ization and hence, convergence to the optimal frequency
bands leading to inferior performance.

In the proposed DMP, we have formulated the fre-
quency band characterization and selection problem into
parallel MAB framework [24-26]. Here, each arm is
analogous to frequency bands and L arms are chosen
in each time slot out of N, arms. Selection of bands
in each time slot is done by online learning algorithm
which needs to balance between exploration of NV, s bands
and exploitation of top L bands. For instance, online
learning algorithm should meet following criteria [26]

E[Tﬁ’k] . I

lim inf _ _
where
n*= argmax Xm-Hn 9)

fe{1,2,..,N,s}

Here T} denotes the number of time slots up to
k slots in which the band 7 is chosen by WSN node
and I is algorithm specific constant. Also, K(p,q) de-
notes the Kullback-Leibler divergence factor and is the
measure of the difference between the probabilities, p
and ¢. Eq. 8 guarantees accurate characterization of the
frequency bands via Kullback-Leibler divergence factor
and the algorithm for which I=1 is said to be optimal
as it guarantees the high value of Tj- j, which is the
number of times the optimal frequency band has been
selected.



Online learning algorithms include frequentist ap-
proach based Upper Confidence Bound (UCB) algo-
rithm and its extensions [24], optimization based KL-

UCB [25] algorithm, Bayes-UCB (BUCB) [27] and Thomp-

son Sampling (TS) algorithms. Though all these algo-
rithms are asymptotically optimal, it has been recently
proved that the parameter I of the BUCB and TS al-
gorithms is lower than others [26, 27]. Also, both of
them have lower computational complexity than oth-
ers [26, 27]. Empirically, we observed that the BUCB
algorithm offers slightly better performance than TS
algorithm and more importantly, it leads to a fewer
number of the FBS. These advantages make the BUCB
algorithm a preferred choice for the proposed DMP.
The main idea behind BUCB algorithm is to as-
sume some prior distribution on the probability statis-
tics of each band (e.g. uniform prior) and at any time
slot, sample the frequency bands according to its poste-
rior probability of being optimum [27]. In the proposed
DMP, BUCB algorithm is employed to rank the fre-
quency bands based on their RF potential as follows

1
G(n, k) = Q{l - %; Beta[Xnp +1,Thr — Xar + 1]}

(10)

where Xj i, is the average normalized harvested RF en-
ergy from the frequency band 7 which is chosen for
T5 r time slots out of k time slots, Q(x) is the prob-
ability that any normal random variable gets a value
larger than z standard deviations above the mean and
Beta represents the complete beta function, i.e., Eu-
ler integral of the first kind. The higher the value of
G(n, k), the higher is the RF potential of the corre-
sponding band, n. To the best of our knowledge, the
usefulness of the BUCB algorithm for RFEH applica-
tion has not been studied yet in the literature. Further-
more, existing BUCB algorithm, designed for conven-
tional sequential MAB framework, needs to be adapted
for the multi-stage multi-band RFEH circuits via par-
allel MAB framework. After characterization, next step
is frequency band selection which is discussed below.

3.5 Frequency Band Selection for Multi-stage DMP

In the proposed DMP, frequency band selection de-
pends on the values of skip_BS and ms_RF EH. When
skip_-BS=1, the frequency band is same as that of the
previous time slot. The frequency band selection when
skip_BS=0 is discussed next.

8.5.1 First stage frequency band selection

When skip_BS=0, the proposed DMP calculates the
quality index of all frequency bands using BUCB algo-
rithm given by Eq. 10 and selects the frequency band
with highest quality index. The chosen frequency band
is denoted as 7k m,, (i.e., 7y k,1) where my denotes
the frequency band selection stage for antenna [ in time
slot k& and hence, it is equal to 1 in the first stage. Af-
ter short time RFEH on the chosen frequency band, if
harvested RF energy is above the threshold, ¢, RFEH
is continued over the same band for the rest of time
slot as shown in Fig. 1. In this case, ms_ RFEH=0 and
M, =1 where M} is the number of frequency band
selection stages for antenna [ in time slot k.

The value of the threshold, ¢, affects the number of
FBS since high value of ¢ makes the DMP greedy to-
wards optimal action leading to higher number of FBS.
Small ¢ may even lead to drainage of battery power
if harvested energy is not sufficient to support RFEH
operations. However, the threshold, ¢, depends on the
sensitivity of the RFEH circuit and is equal to the min-
imum input RF power for which the harvested energy
is non-zero. The value of ¢ is taken from the product
specification or data sheet of the RFEH circuit.

8.5.2 Subsequent frequency band selection

If the harvested RF power from the frequency band
Nyk,1 is below ¢, then the proposed DMP starts the
multi-stage frequency band selection process. In each
stage, the feasibility of RFEH, i.e., whether available
time i.e. (At — myy - k), is more than the wake-
up time of the RFEH circuit is checked. If yes, then
ms_RFEH=1 and m; is incremented by 1. When
ms_RFEH=1, short term RFEH over the chosen fre-
quency band is carried out. If the harvested RF energy
is above ¢, the RFEH is continued over the same band
for the rest of time slot as shown in Fig. 1. Otherwise,
the above process of feasibility check and subsequent
RFEH is repeated. When ms_RFEH=0, the RFEH
circuit remains idle until the beginning of next time
slot.

One possible drawback of the multi-stage approach
is that it may lead to battery drainage if poor bands
are chosen for m;; > 1. Such probability is very high
in BUCB algorithm as frequency band ranking is not
accurate except optimal band since it was originally
designed for sequential MAB framework. Hence, pro-
posed DMP follows greedy frequency band selection
when m;, > 1. This means that, instead of calculat-
ing quality index again, the frequency bands are cho-
sen based on their observed RF potential, {25, which is
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given by
o Xk
_Q.;L = Xn - Hn = Tn’ (11)
.k

Here, x5 and [in indicate the estimated values of x5
and py, respectively. For example, when m;, = 2 and
my, = 3, frequency bands with the highest and second
highest {2; values are chosen, respectively. Another ad-
vantage of greedy approach is fewer number of FBS due
to lower Ml,k-

3.6 Multi-antenna RFEH Circuit

Multi-antenna or multi-band RFEH circuits can har-
vest higher RF energy than single antenna RFEH cir-
cuit at the expense of increased circuit complexity. Note
that the conversion efficiency remains the same and is
independent of the number of antennas, L. Our ex-
isting DMP in [17] was designed for single antenna
RFEH circuit and its direct extension for multi-antenna
RFEH circuit leads to sub-optimal DMP since all anten-
nas must be tuned to the same frequency band. Such
approach is suited only for genie-aided DMP since it
has prior knowledge of the frequency band statistics.
In the proposed DMP, antennas are tuned to L fre-
quency bands chosen in each time slot by the decision-
making framework discussed in previous sub-sections.
After the convergence of the learning algorithm, i.e. ac-
curate characterization of RF energy potential and oc-
cupancy statistics of all the frequency bands, all anten-
nas are tuned to the same band chosen by the proposed
decision-making framework.

The convergence of an online learning algorithm de-
pends on the Eq. 8 which indicates the minimum num-
ber of times each frequency band should be chosen.
Since the frequency band statistics are unknown, a new
approach to calculate desired minimum value of T3, j, Vit
using frequency band statistics estimated based on RFEH
events up to time slots, k as well as recent gradient
changes in these statistics, is presented below.

Let fin.; and Xp i be the occupancy and normalized
RF potential statistics of the a!" frequency band, re-
spectively, learned until the k' time slot. Let dy,, (k)
and dw (k) be the average difference between learned
occupancy probability and normalized RF potentials
during a window period W and is given by

Nep W .
721 21 |fimk — k-l
Swp(k) = === (12)
i Npp-W
Neg W R
0 21 |Xﬁ,k - Xﬁ7k7v|
Sy (k) = P=10= (13)

where oy, (k) and Sy (k) are the positive values less
than or equal to 1 and & > W. As the value of k in-
creases, 6y, (k) and &y, (k) decreases. Let oy, (k) and
Swy (k) be the cumulative moving average of dyw (k)
and 0wy (k), respectively. Then,

i 5Wu(”) i 5WX(U)

Swalk) = S, by (k) = 2

— (14
E—W+1" kE-—W+1 (14)

When vy, (k) and Sy (k) are less than e, algorithm
can be said be close to convergence. For small value ¢,
it can be concluded that the algorithm has converged
and satisfy the property of optimality at time slot k
where following two conditions are satisfied.

in(k) _
Thg > ——F———,0 15
= K (0 s fine) (15)
Swu(k) e, dwy(k) <e (16)

After convergence, all antennas are tuned to the
same frequency band. Based on fi5 5 and Xz i, VR val-
ues at time slot k, each antenna is tuned to the opti-
mum frequency band chosen by the proposed decision-
making framework discussed in previous sub-sections.
The proposed approach leads to at the most L time
faster convergence to the optimum frequency band than
previous approach [17]. Next, the proposed method to
determine the value of skip_B.S is presented.

3.7 Higher RFEH Rate

In the conventional cellular networks, data transmis-
sion and reception are done in a time-slotted manner
due to the hardware and network synchronization con-
straints. The advantage of the ambient RFEH is that
RFEH circuits are not constrained to have perfect syn-
chronization with other entities in the network since
they neither intend to receive error-free data nor they
are worried about the collisions with other WSN nodes
transmitting on the non-orthogonal frequency bands.
The only constraint is that the WSN nodes should be
aware of the start of each time slot for accurate char-
acterization of the frequency bands.

In the proposed DMP, RF potential of each fre-
quency band observed via online learning algorithm is
exploited to skip the need of the decision making stage
in the appropriately chosen time slots. This leads to in-
crease in the RFEH duration by ¢k, in corresponding
time slots leading to higher RFEH rate. Furthermore, it
also leads to the reduction in the number of FBS since
the frequency band remains the same. The selection of
such time slots is discussed below.



According to Chebyshev inequality, there is an up-
per bound on the probability that the difference be-
tween the learned and actual frequency band statistic
is more than some constant, €, and it is given by

2
O

P{’Qﬁ — (Xn.k '/lﬁ,lc)‘ > 6} < (17)

- Tﬁ,k . 62

According Eq. 17, for small €, T} ;, should be suffi-
ciently high. Small € also indicates that the magnitude
change in statistics, Ay, over consecutive time slot is
small where

Ak = Xak * fiak — Xak—1° fbak—1 (18)

In the proposed DMP, if A i, is sufficiently small for
all frequency bands and the frequency band chosen in
the previous time slots has highest observed RF poten-
tial, then skip_BS=1. When skip_BS is set to 1 in time
slot k, it remains 1 for subsequent log(k) number of time
slots. This means that the higher the value of k, the
higher is the number time slots for which skip_BS=1
and hence, higher is the amount of harvesting RF en-
ergy compared to the case where skip_BS is always 0.

3.8 Bounds on Loss, U,

In this section, we derived the upper and lower bounds
on the loss, Uy, of the proposed DMP. For simplicity
of analysis, we assume that the frequency bands are
arranged in the decreasing order of their RF potential,
e, 1 > (2 > (... > (2, ,. To begin with, upper
and lower bounds on the loss, Uy, for single stage DMP
and single antenna RFEH circuit are given by

Nrg
Rat(Nyg, k) = > A1 n) - E[T5 4] (19)

Ny

> ElTn4
n=2

where A(1,2) = (21 — 25). The bounds on the
T5 i for online learning algorithms has been discussed
in the literature and reader may refer to [24, 25, 27]
for more information. Furthermore, it has been shown
that BUCB and TS algorithms have superior bounds
on T5 1 than others. Based on this observation, we can
conclude that proposed DMP using BUCB algorithm
lead to a fewer number of selection of sub-optimal fre-
quency bands and hence, lower loss (and higher amount
of harvested RF energy).

Rst(Nrfak) < -QNM« (20)

Next, the bounds for the proposed multi-stage DMP
for single antenna RFEH circuit, i.e. L=1, are given by

Rmt<Nrf7k) Z Rst(Nrfyk)f

Ny n—1 v—1
Z{(Ql—fzn)-E[Tn,k] ( 11 (1—(25))(2,, }
n=2 v=1 \ s=0,020=15

Rmt<Nrf7k) < Rst(Nrf7k>_

N,y Npp—1 v—1
Z {QN”, E[Tﬁ,k] Z ( H (1_Qs)> Q’u }
n=2 v=1 s:O,Qo:QNTf

(22)

It can be observed that the proposed multi-stage
DMP offers lower loss than single stage DMP when
Ny > 1 and (2 is non-zero for every #n > 1. For
Ny; = 1, the loss of single and multi-stage DMP is
same since L=1.

The loss of conventional multi-stage DMP with L-
antenna RFEH circuit is L times the loss of DMP with
single-antenna multi-stage DMP since the same fre-
quency band is chosen by all antennas. In the case of
proposed DMP, it is hard to find the actual value of such
loss. Instead, we provide the upper bound of difference
between loss of conventional DMP and proposed DMP,
Clyp, which is given by

Cup = er {E[Tz@k]

n=2

(21— £2) (23)

It can be observed that Cy; > 0. Numerically, the
proposed DMP exploits L observations per time slots to
reduce the time spend on sub-optimal bands. Thus, the
number of times the optimal frequency band is chosen
and hence, the total harvested RF energy is higher (i.e.,
lower loss) in the proposed DMP.

4 Simulation Results

In this section, simulation results are presented to eval-
uate the performance of single-stage DMP (ST-DMP),
multi-stage DMP (MT-DMP) and the proposed DMP
with respect to genie-aided DMP. Here, genie-aided DMP
is the DMP which has complete knowledge of the status
of all N frequency bands in each time slot. In ST-DMP,
only one frequency band is chosen in each time slot and
all antennas choose the same band. If the chosen band is
vacant, RFEH circuit remains idle until the beginning
of next time slot. In MT-DMP, antennas can switch to
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another frequency band if the chosen frequency band
is vacant. The difference between the proposed DMP
and MT-DMP are, 1) All antennas choose identical fre-
quency band in MT-DMP which may not true in the
proposed DMP, and 2) In MT-DMP, frequency bands
are always chosen using an underlying online learning
algorithm in each time slot. On the other hand, in the
proposed DMP, frequency bands are chosen using an
online learning algorithm only in the first stage in each
time slot. Three versions of ST-DMP and MT-DMP, de-
signed using UCB algorithm, TS algorithm, and BUCB
algorithm respectively, are considered in order to eval-
uate the performance of these algorithms for RFEH ap-
plication.

Consider WSN node with L-antenna RFEH circuit
capable of harvesting RF energy from wideband spec-
trum consisting of N(=9) frequency bands of band-
width, Bs. The available choices for number of anten-
nas, L, and the harvesting bandwidth, B, y., are {2, 4}
and {Bs, 2B;, 4B}, respectively. For illustration, three
different types of frequency band statistics are consid-
ered which are given below:

Case 1 : £2,=[.05 .08 .10 .15 .25 .40 .50 .65 .85]
Case 2 : 2,=[.01 .08 .85 .05 .25 .40 .15 .65 .10]
Case 3 : 2,= [.46 .47 .48 .49 .50 .51 .52 .53 .54]

For example, §2,(9) =0.85 in Case 1 indicates that
the average normalized RF energy of the 9" frequency
band is 0.85. Case 3 considers approximately identical
RF potential for all frequency bands making charac-
terization challenging for the learning algorithm based
DMPs. Each numerical result reported hereafter is the
average of the values obtained over 50 independent ex-
periments and simulations consider a time horizon of

10000 iterations. All simulations are carried out using
MATLAB.

4.1 Harvesting Throughput

To begin with, we compare total harvested RF energy
in % w.r.t. genie-aided DMP at the end of the hori-
zon, i.e. 10000 time slots, for different values of param-
eters, L and B,f.. The plots are shown in Fig. 2 (a),
Fig. 2 (b), and Fig. 2 (c) for frequency band statistics in
Case 1, Case 2, and Case 3, respectively. Note that we
have considered ST-DMP using three algorithms while
MT-DMP using BUCB algorithm since ST-DMP us-
ing BUCB algorithm is shown to offer superior perfor-
mance over ST-DMPs using UCB and TS algorithms.
MT-DMP leads to the higher amount of harvested RF
energy than ST-DMP which validates bounds given in
Section 3.8. The proposed DMP harvest 10-15% higher
RF energy than that of ST-DMPs and MT-DMP for

Case 1 and Case 2. In addition, the difference between
the performance of the proposed DMP and other DMPs
further increases as the value of B, decreases. This is
because, for smaller B, s, and hence higher N, s, DMP
needs more time to characterize the frequency bands. In
ST-DMPs and MT-DMP, all antennas choose the same
frequency bands leading to slower exploration while the
proposed DMP exploits L antennas using parallel MAB
framework, discussed in Section 3.6, leading to faster
exploration and hence, a higher number of selection of
optimal frequency bands.

In Case 3, the performance of all DMPs is nearly
same since all frequency bands have approximately iden-
tical RF potential. This was as expected since the dif-
ference in the harvested energy when DMP choose op-
timal band and second or third optimal band is quite
less. Even in such case, proposed DMP offers around
2% improvement in the performance since it success-
fully identifies optimal band earlier than other DMPs
because of accurate characterization by the Bayesian
learning algorithm.

Next, Fig. 3 shows total harvested RF energy in %
w.r.t. genie-aided DMPs at different time instants of
the horizon. Each sub-figure in Fig. 3 corresponds to
particular value of L and B, is equal to By .. All plots
in Fig. 3 become flat after some time which indicates
that DMP repetitively chooses optimal frequency band
identified by an underlying learning algorithm. It can be
observed that the proposed DMP offers superior perfor-
mance at all time instants of the horizon. Numerically,
the proposed DMP leads to more than 10% improve-
ment in the harvested RF energy over other DMPs.
Harvesting throughput results in Fig. 2 and Fig. 3 also
show that the BUCB algorithm offers significant im-
provement over UCB and TS algorithms. Since the plots
of various DMPs for Case 3 are overlapping due to iden-
tical RF potential and hence, difficult to distinguish,
they are not shown here.

Simulation results in Fig. 2 and Fig. 3 show that
total harvested energy increases by increasing L and
Bge. To understand the trade-off between L and B, e,
we compare actual number of units of harvested RF
energy in Table I. Note that single antenna can har-
vest at the most one, two and four units of RF en-
ergy from bandwidth, B,, 2B, and 4B, respectively,
in single time slot. Table I shows that the harvested
RF energy do not increase linearly with the harvest-
ing bandwidth unlike the number of antennas, L. This
is because, when harvesting bandwidth is increased,
the RFEH circuit needs to select contiguous frequency
bands which may not be an optimal choice. For exam-
ple, when B,r.=2B, and L=1, RFEH circuit needs to
select two adjacent frequency bands each of bandwidth
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Fig. 2 Average harvested RF power in % w.r.t. genie-aided DMP for frequency band statistics (a) Case 1, (b) Case 2 and (c)

Case 3.

B; (i.e. Bands 2 and 3 in Case 2). On the other hand,
when Bgf.=B, and L=2, RFEH circuit can choose any
two frequency bands each of bandwidth, B (i.e. Bands
8 and 9 in Case 2). Similarly, the harvested energy when
L,B,se = {2,2B;} is much lower than the same when
L,B,se = {4, Bs} though in both the cases, four fre-
quency bands of the bandwidth, By, are chosen. Thus,
increasing the number of antennas is the preferred op-
tion than increasing the bandwidth, B,f.. However,
from the architecture perspective, increasing L leads
to higher implementation complexity due to the need
of L RF chains and multi-band RFEH circuit compared
to the latter where only one RF chain and wide band
RFEH circuit are needed. However, the design of RFEH
circuit with wider harvesting bandwidth is also a chal-
lenging problem.

4.2 Data Throughput of WSN Node

The harvested RF energy is used by WSN nodes for
the data pre-processing and transmission tasks. Thus,
WSN nodes should have sufficient energy every time
they intend to transmit data. This means that the DMP
should not just harvest more energy but it should har-
vest continuously over the horizon in order to avoid the
battery outage. Let 6 denotes the number of units of
the harvested RF energy required for transmission over
the bandwidth, B, using a single antenna. For exam-
ple, RFEH units with two antennas need 20 and 46
units of RF energy, respectively, for transmission over
the bandwidth, B, and 2B,. For simplicity of analy-
sis, it is assumed that all transmissions are successful
and transmission power is fixed. In the case of exist-
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ing RFEH circuits and WSN node architectures, we
can safely assume that 6 > 4. In Fig. 4, we compare
the data throughput, S(¢) in % for different value of
0. It can be observed that the proposed DMP offers
2-13% higher throughput than existing DMPs. This is
because the proposed DMP grantees selection of opti-
mal frequency band with higher RF potential leading
to higher harvested RF energy.

1004
- @ - MT-BUCB (L=4)
90 —e— Proposed (L=4)
80 - 8-MT-BUCB (L=3)
—&— Proposed (L=3)
-© 70 - - ©-MT-BUCB (L=2)
D) —_
= 60) —0— Proposed (L=2)
o) L
1 50
40 D
>
30+ n
h
20 R
2 4 6 8 10 12 14 16 18 20
Parameter, 0
Fig. 4 Throughput of a WSN node, S(t), in % vs. 6.

L=2, and By ¢. = Bs, (d) Case 2, L=4, and Bgf. = Bs.

4.3 Number of FBSs

As discussed in Section 1, the number of FBS should
be as small as possible for energy-efficient WSN nodes.
In Fig. 5, the number of FBS for different values of L
and Bgy. at the end of horizon (i.e.,k=10000) for fre-
quency band statistics in (a) Case 1, (b) Case 2, and (c)
Case 3 are shown. It can be observed that the number
of FBS in MT-BUCB are higher than the ST-DMPs
except for ST-UCB. However, in spite of being multi-
stage DMP, the number of FBS in the proposed DMP
are significantly lower than other DMPs. Such improve-
ment is achieved due to the proposed schemes discussed
in Sections 3.5 and 3.7. For Case 3, we observed that
the proposed DMP offers only 2% improvement in total
harvested RF energy over other DMPs. However, it can
be observed from Fig. 5(c) that proposed DMP offers
significantly fewer number of FBS than others for Case
3 validating the accurate and faster characterization ca-
pability of the proposed DMP compared to others.

As expected, the number of FBS reduces as Bgye
increases. This is because, increase in B¢, leads to de-
crease in N,y which means fewer number of frequency
band choices. It can be observed that the number of
FBS in DMPs using the BUCB and TS algorithms are
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Table 2 Total Harvested RF Energy Units
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Fig. 5 Total no. of FBS for different values of L and B for frequency band statistics in (a) Case 1, (b) Case 2, and (c) Case

3.

lower compared to the DMP using the UCB algorithm. 5 Conclusions and Future Works
This validates the superiority of the Bayesian online

learning algorithms based DMP for wireless communi-

cation applications.

In this paper, a new decision-making policy (DMP) for
the frequency band selection in multi-antenna RF en-
ergy harvesting (RFEH) circuits is presented. The pro-
posed multi-stage DMP, designed using the Bayesian
multi-armed bandit (MAB) algorithm, leads to supe-
rior performance in terms of total harvested RF power
and number of frequency band switchings over existing
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DMPs. Furthermore, the proposed DMP offers higher
data throughput for RFEH based WSN nodes than
other DMPs. To the best of our knowledge, the pro-
posed DMP is the first one which uses MAB framework
for RFEH. Future works include validation of simula-
tion results in real radio environment via integration
of the proposed DMP with the multi-antenna RFEH
circuit from Powercast [28].

The MAB-based DMP have been used for oppor-
tunistic spectrum access in cognitive radio [29-31] and
can be extended further using channel bonding tech-
niques within MAB framework [32]. The proposed MAB-
based DMP can be extended to other applications such
as heterogeneous networks [33], full duplex radios [34],
demand response in smart grid [35], electric vehicle
charging [36] and relay selection in D2D communica-
tions. For instance, full duplex radios in wireless net-
works promise significant improvement in throughput
provided that they transmit over optimal bands and
avoid jammers. Such problem can be formulated in MAB
framework. Similarly, proposed DMP can be used for
scheduling the electric vehicles for charging in order to
avoid overload on charging stations and minimize the
electricity cost for the consumers.
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