2104

IEEE TRANSACTIONS ON GREEN COMMUNICATIONS AND NETWORKING, VOL. 5, NO. 4, DECEMBER 2021

Steady-State Rate-Optimal Power Adaptation in
Energy Harvesting Opportunistic Cognitive
Radios With Spectrum Sensing and
Channel Estimation Errors

Hassan Yazdani

Abstract—We consider an uplink opportunistic cognitive radio
network, operating in frequency division duplexing (FDD) mode
and consisting of Ny, secondary users (SUs) and an access point
(AP), that can access a spectrum band licensed to a primary user.
Each SU is capable of harvesting energy, and is equipped with
a finite size battery, for energy storage. The SUs operate under
a time-slotted scheme, where each time slot consists of three
non-overlapping phases: 1) spectrum sensing phase; 2) channel
probing phase; and 3) data transmission phase. The AP feeds
back its estimates of fading coefficients of SUs—AP link to SUs.
To strike a balance between the energy harvesting and the energy
consumption, we propose a parametrized power control strategy
that allows each SU to adapt its power, according to the feedback
information and its stored energy. We establish a lower bound
on the achievable uplink sum-rate of SUs—AP links, in the pres-
ence of both spectrum sensing and channel estimation errors. We
optimize the parameters of the proposed power control strategy,
such that the derived uplink sum-rate lower bound is maxi-
mized, subject to an interference constraint. Via simulations, we
corroborate our analysis and explore spectrum sensing-channel
probing-data transmission trade-offs.

Index Terms—Opportunistic cognitive radio, energy harvest-
ing, imperfect spectrum sensing, channel estimation, constrained
sum-rate maximization, average interference power constraint,
finite-size battery, steady-state battery operation, adaptive trans-
mission power.

I. INTRODUCTION
A. Literature Review

HE EXPLOSIVE rise in demand for high data rate wire-

less applications has turned the spectrum into a scarce
resource. Cognitive radio (CR) technology is a promising
solution which alleviates spectrum scarcity problem by allow-
ing an unlicensed secondary user (SU) to access licensed
frequency bands in a such way that its imposed interference
on primary users (PUs) is limited [1]-[3]. Therefore, CR
systems can increase spectrum efficiency significantly. CR
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systems are mainly classified as underlay CR and opportunis-
tic CR systems. In underlay CR systems, SUs use a licensed
frequency band simultaneously with PUs, conditioned that
the interference power cuased by SUs and imposed on PUs
remains below a pre-determined level. In opportunistic CR
systems, SUs use a licensed frequency band as long as the
frequency band is not used by PUs. While opportunistic CR
systems do not require coordination between PUs and SUs
to acquire channel state information (CSI) corresponding to
SU-PU link, they necessitate spectrum sensing to monitor
and detect PUs’ activities and protect PUs against harmful
interference caused by SUs [4]-[6]. In these systems, the sta-
tus of PUs’ activities (i.e., whether or not PUs are busy or
idle) and the duration of spectrum sensing affect the system
performance [5]-[9]. Spectrum sensing is prone to errors.
These errors can be characterized in terms of mis-detection
and false alarm probabilities and need to be considered in
the system design. Another important factor that impacts
the performance of opportunistic CR systems is the level of
assumption made regarding the availability of CSI. In oppor-
tunistic CR systems, although CSI corresponding to SU-PU
link is not required, still CSI corresponding to SU transmitter—
SU receiver (SUx—SUrx) link is needed for properly adapting
the data transmission.

In addition to spectral efficiency, energy efficiency is
another important metric to consider when designing com-
munication systems [10]-[16]. Energy harvesting (EH) has
been recognized as an effective approach for improving the
energy efficiency. EH-powered devices can operate without
the need for external power cables or periodic battery replace-
ments [17], [18]. EH-enabled CR systems have received
substantial attention as a promising solution for increasing
both energy efficiency and spectral efficiency [19]-[21]. EH-
enabled communication systems can harvest energy from
ambient energy sources (e.g., solar, wind, thermal, vibra-
tion) or radio frequency (RF) signals. For instance, in an
ambient RF EH-enabled CR system, the energy of emit-
ted RF signals from TV/radio broadcast towers, cellular
base stations, and Wi-Fi access points (APs) is captured by
SUix antenna and stored in its battery [22]-[26]. A dedicated
RF signal source can be utilized for energy harvesting and
enabling simultaneous wireless information and power transfer
(SWIPT) [27], [28].
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The body of research on EH-enabled communication
systems can be grouped into two main categories, depend-
ing on the adopted energy arrival model [10], [29]: in the
first model, the energy arrival is deterministic and the trans-
mitter has a causal or non-causal knowledge of the energy
arrival at the beginning of transmission [30]. In the second
model, the energy arrival is stochastic [10]. In practice, the
energy arrival of ambient energy sources, including ambient
RF signal sources, is intrinsically time-variant and often spo-
radic. This natural factor degrades the performance of the
battery-free EH-enabled communication systems in which a
“harvest-then-transmit” strategy is adopted, i.e., users can only
transmit when the energy harvested in one time slot is suffi-
cient for data transmission [31]. To flatten the randomness of
the energy arrival, the harvested energy is stored in a battery,
to balance the energy arrival and the energy consumption [10].
In practice, the capacity of the batteries is limited, and this can
result in an energy overflow.

Power/energy management in EH-enabled communication
systems with finite size batteries is necessary, in order to adapt
the rate of energy consumption with the rate of energy har-
vesting. If the energy management policy is overly aggressive,
such that the rate of energy consumption is greater than the
rate of energy harvesting, the transmitter may stop function-
ing, due to energy outage. On the other hand, if the energy
management policy is overly conservative, the transmitter may
fail to utilize the excess energy, due to energy overflow, and
the data transmission would become limited in each energy
allocation interval.

Focusing on opportunistic EH-enabled CR systems, we real-
ize that power control strategies, aiming at optimizing the
performance of SUs, should be designed such that spectrum
sensing and its corresponding errors, as well as spectrum
sensing-data transmission trade-offs are incorporated in the
design process. For instance, the authors in [22] considered
a system model, where SUix can perform energy harvest-
ing and spectrum sensing simultaneously. Depending on the
outcome of its spectrum sensing, SU¢x continues to harvest
energy when the spectrum is sensed busy, or transmits data
when the spectrum is sensed idle, and studied maximizing
SUx—SUx channel capacity, via optimizing the threshold of
the energy detector employed for spectrum sensing. Aiming
at a similar goal (i.e., maximizing the SU’s channel capacity),
the authors in [26] considered a modified system model, where
SUyix cannot perform energy harvesting and spectrum sensing
at the same time. The authors investigated the optimal mode
selection policy (i.e., to choose whether to access the spec-
trum or to harvest energy) for CR sensor networks. Targeting
the same goal as [22], [26], the authors in [7], [16] studied
the optimal allocation of energy to be consumed for spectrum
sensing versus data transmission, assuming that SU¢x has a
finite size data buffer. The authors in [8] considered a different
system model, where energy harvesting, spectrum sensing, and
data transmission occur in three non-overlapping time intervals
within a frame. They studied maximizing the SUx—SUx link
throughput, via optimizing the duration of spectrum sensing
and the threshold of the energy detector employed for spec-
trum sensing, and investigated the energy harvesting-spectrum

2105

sensing-data transmission trade-offs. We note that the works
in [7], [8], [16], [22], [26] assume that CSI of SU;x—SU;x link
is perfectly known at both SUx and SU.

In general, the power control strategies designed for oppor-
tunistic EH-enabled CR systems should depend on the level
of assumption made regarding the availability of CSI corre-
sponding to SUx—SU, link, and whether the adapted transmit
power levels are continuous or discrete values. In practice,
only partial CSI can be available at SUyx and SU;x due to
several factors (e.g., channel estimation error and limitation
of feedback channel from SU;y to SUgy). Partial CSI has
deteriorating effects on the performance of communication
systems, including EH-enabled CR systems, and should not
be overlooked. In the following, we reference several works
that consider the effects of partial CSI on the performance of
EH-enabled communication systems, with stochastic energy
arrival model and finite size batteries. Assuming perfect CSI
at the receiver (Rx) and quantized CSI (due to limited feedback
channel) at the transmitter (Tx), the authors in [32] aimed at
maximizing the Tx’s bit rate, via adapting discrete-valued data
transmit power and modulation order, according to the quan-
tized CSI of Tx—Rx link and the Tx battery state. Assuming
perfect CSI at the Rx and single-bit partial CSI at the Tx (due
to severely limited feedback channel), the authors in [30] tar-
geted at maximizing the Tx-Rx link throughput, via optimizing
the threshold of the binary channel quantizer and discrete-
valued data transmit power. Assuming perfect CSI at the Rx
and partial CSI at the Tx (due to channel estimation error),
the authors in [29], [33] analyzed maximizing the TX’s aver-
age throughput, in two asymptotic regimes, where the rate
of energy harvesting is very small or very large, via opti-
mizing continuous-valued data transmit power. We note that,
none of the referenced works in [29], [30], [32], [33] consid-
ered CR systems. Furthermore, these works assume that CSI
is perfectly known at the Rx.

B. Knowledge Gap and Our Contributions

We consider an uplink opportunistic EH-enabled CR
network operating in frequency division duplexing (FDD)
mode and, consisting of N, SUs and an access point (AP),
that can access a wideband spectrum licensed to a primary
network. Each SU is capable of harvesting energy from natural
ambient energy sources, and is equipped with a finite size
rechargeable battery, to store the harvested energy. Our main
objectives are 1) to study how the achievable uplink sum-rate
of SUs is impacted by the combined effects of spectrum sens-
ing error and imperfect CSI of SUs—AP links (due to channel
estimation error) and 2) to design an energy management strat-
egy that maximizes the achievable uplink sum-rate of SUs,
subject to a constraint on the average interference power that
SUs can impose on the PU. To the best of our knowledge, our
work is the first to study the impact of these combined effects
on the performance of an uplink opportunistic EH-enabled CR
network.

The importance of our study is evident by the works
in [34]-[39], which demonstrate the significance of consid-
ering the effect of imperfect CSI at the Rx, due to channel
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estimation, on the Tx achievable rate. We note that the Tx
in these works is a primary transmitter (i.e., it is not a sec-
ondary transmitter in a CR system) and has a traditional stable
power supply. One expects that spectrum sensing error, com-
bined with random energy arrival at the Tx, exacerbates the
effect of imperfect CSI on the Tx achievable rate. The chal-
lenges of our study are twofold: first, it requires integration of
energy harvesting, spectrum sensing, and channel estimation.
Successful achievement of this integration entails stochastic
modeling of energy arrival, energy storage, and PU’s activities.
These stochastic models are utilized to establish an achievable
sum-rate of SUs that takes into account both spectrum sens-
ing error and channel estimation error. Second, one needs to
properly design energy control strategies for SUs, that strike
a balance between the energy harvesting and the energy con-
sumption, and adapt transmit power according to the available
CSI and the battery state.

We assume that SUs operate under a time-slotted scheme,
and SUy, is capable of harvesting energy during the entire time
slot. Each time slot consists of three sub-slots corresponding
to (i) spectrum sensing phase, during which SU,, senses the
spectrum, (ii) channel probing phase, during which SU,, sends
pilot symbols to the AP, when the spectrum is sensed idle,
for estimating the fading coefficient corresponding to SU,—
AP link, and (iii) data transmission phase, during which SU,,
sends data symbols to the AP. Assuming that the AP feeds
back its estimate of the fading coefficient to SU,,, SU,, adapts
its transmit power based on this information as well as the
available energy in its battery.

Our main contributions can be summarized as follow:

1) Our system model encompasses the stochastic energy
arrival model for harvesting energy, the stochastic energy stor-
age model for the finite size battery, the stochastic model of
PU’s activities, spectrum sensing error, and channel estimation
error at both SUs and the AP. We model the dynamics of the
battery as a finite state Markov chain.

2) We propose a power adaptation strategy for SU,, that
mimics the behavior of the rate-optimal power adaptation
scheme with respect to the estimated channel power gain g,
available at SU,, and the AP, i.e., when g, is below a cut-off
threshold 6,,, the transmit energy is zero, and when g, exceeds
0, the transmit energy increases monotonically in proportion
to a parameter {2y, as g, increases. The parameters 2, and
0y, play key roles in balancing the energy harvesting and the
energy consumption.

3) Given our system model, we establish a lower bound
on the achievable uplink sum-rate of SUs-AP links, in the
presence of both spectrum sensing error and channel estima-
tion error at both SUs and the AP. We formulate a novel
constrained optimization problem with the optimization vari-
ables {2y, 9n}fz\[;1, aiming at maximizing the derived uplink
sum-rate lower bound, subject to the average interference con-
straint (AIC) imposed on the PU and the causality constraint of
the battery. We solve the formulated constrained optimization
problem assuming that the battery reaches its steady-state.

4) We derive closed form expressions for the battery
outage probability and transmission outage probability and
demonstrate their behaviors, in terms of the average number
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of harvesting energy packets and the AIC. We also study the
existing trade-offs between spectrum sensing-channel probing-
data transmission and how these trade-offs impact the uplink
sum-rate of our CR network.

Our work is different from [29]-[32]. In particular, these
works view the energy management policy design as a sequen-
tial decision making problem, and hence, they adopt the
Markov decision process (MDP) framework to solve the
problem. In this framework, the goal is typically optimizing a
specific metric over a horizon spanning several time slots. The
obtained solutions using dynamic programming are dependent
across time slots, and also depend on the initial condition
(i.e., the initial state of the battery). Here, we assume that the
battery operates at its steady-state, and hence, our proposed
constrained optimization problem can be solved for each time
slot. Furthermore, the problem can be solved offline and the
optimized transmission parameters {Qn,é)n}fzv;l, which do
not depend on the initial condition of the battery, can become
available apriori at the AP and SUs. During the data transmis-
sion phase, SU,, chooses its symbol power, using its optimized
transmission parameters €2, 6,, and based on its partial CSI
of SU,,-AP link received via the feedback channel as well as
the available energy in its battery.

C. Paper Organization

The remainder of the paper is organized as follows.
Section II explains our system model. Section III describes
the spectrum sensing phase and our binary energy-based detec-
tor for detecting PU activity. Section IV discusses the channel
probing phase. Section V explains the data transmission phase
and derives a lower bound on the achievable uplink sum-rate
of our CR network. Also, it formulates our proposed con-
strained optimization problem. Section VI corroborates our
analysis on the proposed optimization problem with MATLAB
simulations. Section VII concludes the paper.

II. SYSTEM MODEL

We consider an uplink opportunistic EH-enabled CR
network, operating in FDD mode, that can access a wide-
band spectrum band licensed to a primary network, consisting
of M non-overlapping narrowband spectrum bands, each with
a bandwidth of W Hz [3]. The primary network consists of
a primary transmitter (PUgy) and a primary receiver (PU;x).
The secondary network consists of an AP and N, SUs (see
Fig. 1). The AP can serve up to M SUs simultaneously and
we assume that Ny, < M. We also assume that narrowband
spectrum bands are pre-assigned to SUs and thus each SU
knows which band to sense and transmit data over. The SUs
are equipped with identical energy harvesting circuits to har-
vest energy from the ambient environment and identical finite
size batteries for energy storage (see Fig. 2). We consider block
fading channel model and suppose flat fading coefficients from
PUix to SU,,, PU¢x to AP, SU,, to PU,, and, SU,, to AP are
four independent zero-mean complex Gaussian random vari-
ables, which we denote by uy,, ¢, z, and h, with variances
Oup» 0g> 0z, and 7y, respectively.
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Fig. 1. Schematics of the uplink CR network.

Fig. 2. Our CR system model corresponding to SUy, for n =1,..., Ny.
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A. Battery and Energy Harvesting Models

We assume that SUs operate under a time-slotted scheme,
with slot duration of 7% seconds, and they always have data
to transmit. Each time slot is indexed by an integer ¢ for
t =1,2,... The energy harvester at each SU stores randomly
arriving energy packets in a finite size battery and consumes
the stored (harvested) energy for spectrum sensing, channel
probing, and data transmission. Each battery consists of K
cells (units) and the amount of energy stored in each unit is
equal to e, Joules. Thus, the battery can store up to Key, Joules
of energy.

When k cells of the battery is charged (i.e., the amount
of stored energy in the battery is ke, Joules) we say that
the battery is at state k. Let Bnt) € {0,1,..., K} denote the
discrete random process indicating the battery state of SU,, at
the beginning of time slot t. We define the probability mass

function (pmf) of the discrete random variable Bg) as ¢ ko () _
Pr(B( ) = = k), where Zk OC = 1. Note that 87(]) =0 and
(t) = K represent the empty battery and full battery levels,

respectlvely.

Let &St) denote the randomly arriving energy packets at
SU,, during time slot 7, where the energy packet measured

in Joules is e, Joules. The discrete random process Sr(f
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typically modeled as a sequence of independent and identi-
cally distributed (i.i.d.) random variables [16], regardless of
the spectrum occupancy state of PUix. We assume that the
discrete random variables Ent ’s are i.i.d. over time and inde-
pendent across sensors. We model &(Lt)
variable with the pmf f¢ (r) = Pr(€ = r) = e P»
forr=0,1,.
arriving energy packets during one time slot of SU,,.! Let a%

be the number of stored (harvested) energy units in the battery

as a Poisson random

P /7!

, 00, where p,, denotes the average number of

at SU,, during time slot 7. This harvested energy « p,, cannot
be used during time slot ¢. Since the battery has a finite capac-

ity of K cells, we find that agt) is an element of the finite set

{0,1,...,K}. Also, agf) are i.i.d. over time slots and inde-
pendent across sensors. Let fo, (r) = Pr(ay, = r) denote

()

the pmf of « b, . We can find the pmf of a( ) in terms of the

pmf of &(1 ) as the following?

fe (1), f0<r<K-1
Jo (1) = {fm:Kfmm» it r— K. M

B. Slot Structure of SUs

Each time slot consists of three sub-slots (see Fig. 3),
corresponding to spectrum sensing phase, channel probing
phase, and data transmission phase, with fixed durations of
Ts = Ns/fs, . = Ni/fs, 7qa = Ng/fs, respectively. Note that
fs is the sampling frequency, Ns is the number of collected
samples during spectrum sensing phase, N; is the number of
training symbols sent during channel probing phase, and Ny
is the number of data symbols sent during data transmission
phase. Also, we have Tf = 75 + ¢ + 74.

During spectrum sensing phase, SU,, senses its pre-assigned
single spectrum band to detect PUy’s activity. We model the
PUix’s activity in each spectrum band as a Bernoulli ran-
dom variable and we assume the statistics of PU;y are i.i.d.
across M spectrum bands and over time slots. Therefore, we
can frame the spectrum sensing problem at SU,, as a binary
hypothesis testing problem. Suppose ’H(lt) and ’H((]t) represent
the binary hypotheses of PU being active and inactive in time

slot 7, respectively, with prior probabilities Pr{’Hgt)} =m
and Pr{?—l(()t)} = m. SU,, applies a binary detection rule to
decide whether or not PUiy is active in its pre-assigned band.
Let Ho,, and H1 5, with probabilities 7 , = Pr{#g ,} and
Tin = Pr{’;qlm}, denote the SU,, detector outcome, i.e.,
the detector finds PU¢y active and inactive (i.e., the result of
spectrum sensing is busy or idle), respectively. The accuracy

IWe note that pn does not depend on the duration of spectrum sensing
phase, since we assume each node is capable of harvesting energy during the
entire slot. If we limit harvesting energy to spectrum sensing phase, then pn,
would change to ppn7s/ T¢. Poisson distribution for statistical modeling of
ambient energy and solar energy has been applied before in [40]. We note,
however, that our analysis is not tied to this specific distribution and can be
applied for any discrete non-Poisson distribution.

2Equation (1) assumes that the energy storage process is lossless. For a
lossy storage process, one needs to model such loss via establishing a func-
tional relationship between o, —and En, ie., ap, = Jn (En), where the
function Jy,(-) can be approximated using the battery type and specifications.
Knowing Jn(-) and the pmf fg, (r), one can find the pmf fa, () using
transformation method.
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of this binary detector is characterized by its false alarm and
detection probabilities. The details of the binary detector are
presented in Section III.

Depending on the outcome of its spectrum sensing, SU,,
stays in spectrum sensing phase or enters channel probing
phase. In channel probing phase, SU,, sends Vi training sym-
bols with fixed symbol power Py = ay ey /7, to enable channel
estimation at the AP, where oy is the number of consumed
cells of energy for channel probing.> We assume that the bat-
tery always has o units of stored energy for channel probing.
Let hgt)
and gflt) = |h£f)|2 be the corresponding channel power gain.
Using the received signals corresponding to the training sym-
bols, the AP estimates Ey(f) and lets g gn |h \2 and shares
this value with SU,, via a feedback channel. Next, SU,, enters
data transmission phase. During this phase, SU, sends Ny
Gaussian data symbols with adaptive symbol power accord-
ing to its battery state and the received information via the
feedback channel about SU,—AP link. When the battery is
at state k and the feedback information is @(Lt), then SU,,
allocates agﬁ’) cells of its stored energy for each data sym-
bol transmission, implying that the adaptive symbol power is
P,gtgl = ag)npu, where p, = e;/7q. Note that since oz;:) is

(t) (t)

discrete, P}, o is discrete. The details of the choice of g
according to the battery state k and the feedback 1nf0rmat10n
@(Lt) are given in Section II-C and the details of channel
estimation are explained in Section IV.

denote the SU,,-AP fading coefficient in time slot ¢

C. Transmission Model and Battery Dynamics

As we stated, we assume that during time slot # SU,, adapts
its transmit energy per data symbol (transmit power) according
to its battery state k and the feedback information @f . In
particular, we choose a power adaptation strategy that mimics
the behavior of the rate-optimal power adaptation scheme with
respect to the channel power gain [6], i.e., when @(Lt is smaller
than a cut-off threshold #, (to be optimized), the transmit
energy is zero, and when @(Lt) exceeds 6, the transmit energy
increases monotonically as @(f) increases until it reaches its
maximum value of [kQy,| — at, where Q, € [0,1] (to be
optimized), and | -] denotes the floor function. Mathematically,

we express o ktn for SU,, as the following

a;ﬁtl = max{agﬁ)n,o}’ for k=0,1,...,K,

JF
Qnk <1 — 9”) — oy,
~(1)
an

where (z)* = max{z,0}. The parameters {),, and 6, in (2)
play key roles in balancing the energy harvesting and the
energy consumption for transmission. Given 6,, when €,
is large (or given ),, when 6, is small), such that the rate

(2a)

(0 _

0y = (2b)

3For case of presentation, we assume that circuit power (energy) consump-
tion is negligible in comparison to the consumed energy for channel probing
and data transmission. Otherwise, it can easily be incorporated into the system
model.
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of energy consumption for transmission is greater than the
rate of energy harvesting, SU,, may stop functioning, due to
energy outage. On the other hand, given 6,,, when €, is small
(or given €2, when 6, is large), SU,, may fail to utilize the
excess energy, due to energy overflow, and the data transmis-
sion would become limited in each time slot. Note that a,(ct)
in (2) ensures that the battery always has o units of stored
energy for channel probing. Furthermore, the transmission pol-
icy in (2) satisfies the causality constraint of the battery. The
causality constraint restrains the energy corresponding to sym-
bol transmit power to be less than the available stored energy

in the battery, i.e., oz](:) < k — 4. Note that agct;
VK — o}t Let

is a dis-
crete random variable and agf € {0,1,.

H = Pr(a( ) = i|He) denote the conditional pmf of

i,k,n k,n
oz,(ct)n given H.,e = 0,1. We have
1, if 0<k<ay, i=0
0, it 0<k<ay, i £0
e =l YE, 0 k>atl, i=0
v Sy i k> ap 1, 1<0 < [kQ] — oy
0, if k>ar+1, 0> [kQp] —ap+1
3)
in which
ik = TG (Cikn) = F5, (00k,0) (42)
min(|kQn |,a)
Ykg»” = F/gn (Hn) + Z fn*ahk:n (4b)
m=1
0, kQy, 0 kQy, (40)
@ kon = Cikon = c
R T ey —ap — i P T kG, —ap—i— 1
where F% (r) = Fj,(z|He) is the cumulative distribution

function (CDF) of g5, given H.. Note that if c; 5, , < 0, we
set ¢; g,p = +00.

The battery state at the beginning of time slot # 4+ 1 depends
on the battery state at the beginning of time slot #, the harvested
energy during time slot ¢, the transmission symbol, as well as
ayt. In particular, if at time slot ¢, SU,, senses its spectrum
band to be idle, the state of its battery at the beginning of slot
t+ 1is

B%H_l) = rnin{ (B,(f) — ot — a,(fll + oz;;))—%, K}. (5)

On the other hand if at time slot 7, SU,, senses its spectrum
band to be busy, the state of its battery at the beginning of
slot r + 1 is

B —winf (50 +0)) k) ©

= 0. Considering the dynamic battery state model

()

since « ko

in (5) and (6) we note that, conditioned on ag) and a(t) the

4Examining (2) we realize that the largest value that a(t) can take is
K — . Hence, the maximum transmit energy of SU, is bounded by K —oy.
The system designer can choose K such that signal distortion, due to the
nonlinear behavior of power amplifiers, is prevented and the operation of
power amplifiers in their linear regions is guaranteed.
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PKr—1,K—1

0,0 ¢1,1

K K

b1, K
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Fig. 4. Schematics of Markov chain corresponding to the battery state random
process ngt)

(t)

value of B( b only depends on the value of B, (and not
the battery states of time slots before f). Hence, the battery
state random process Bg) can be modeled as a Markov chain
(see Fig. 4) Let thetl)arobablllt vector of battery state in time

slot t be ;n = .,C Knl Note that the probability

C ko depends on the battery state at slot  — 1, the number of
battery units filled by the harvested energy during slot  — 1,

the probability of spectrum band sensed idle, and, the number
of energy units allocated for data transmission at slot t—1

when the spectrum band is sensed idle, i.e., {k depends
(t—=1) (t—1) ~ (t—1) .
on B QO Qs respectively. Assuming the

Markov chain is time-homogeneous,5 we let ®,, denote the

(K +1) x (K + 1) transition probability matrix of this chain
withits (i + 1,j + D-thentry ¢’ ; = Pr(Bp, B = Z|B (=1 _ =7)
given in (7), shown at the bottom of the page, where Fy, ()
is the commutative distribution function (CDF) of «j . We
have
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TABLE I
MosT COMMONLY USED SYMBOLS
Symbol Description
N Number of collected samples during spectrum sensing phase
Ng Number of training symbols during channel probing phase
Ng Number of data symbols during data transmission phase
P Power of training symbols

hn,ﬁn,ﬁn Fading coefficient of SU,—AP link, LMMSE channel
estimate, and its corresponding estimation error
Variances of Ay, Ay, Ay

Yrs Yrs Tn

T, 1 Prior probabilities of Ho and H1

T0,n, T1,n | Probabilities of spectrum bands being sensed idle or busy
Ck,n Probability of SU,, battery being at state k

Un Fading coefficient of PU¢x—SU,, link with variance d,,
q Fading coefficient of PUyx—AP link with variance dq

Zn Fading coefficient of SU,,—PU, link with variance J_,,

the entries of ¢,, sums up to one. The closed-form expression
for ¢,, is [42]

., =(®,—I+B)" (10)

where B is an all-ones matrix and I is the identity matrix.
From this point forward, we assume that the battery is at its
steady-state and we drop the superscript t.

To illustrate our symbol transmission model in (2) we con-
sider the following simple numerical example. Assuming that
the battery has K = 7 cells, Fig. 5 shows an example of
ay n for our CR system for two sets of {{2y,,0,} given as
ol = 0.75,6(") = 0.02 and Q) = 0.95,6{”) = 0.02. The
corresponding transition probability matrices are given in the

t+1 t .
§$z+ ) = (I)n§$z)- (8)  following
Since the Markov chain characterized by the transition prob- 0.42 0.29 0.17 0.08 0.02 0 0 0
ability matrix ®,, is irreducible and aperiodic, there exists 0.12 0.13 0.12 0.09 0.05 0.02 0 0
a unique steady-state distribution, regardless of the initial 0.19 0.12 0.13 0.12 0.09 0.05 0.02 0
state [41]. Let ¢&,, = lim¢ oo ;S) be the unique steady-state &2 0.07 0.19 0.12 0.13 0.12 0.09 0.05 0.02
probability vector. This vector satisfies the following equations " 0.05 0.07 0.19 0.12 0.13 0.12 0.09 0.05 |’
0.05 0.05 0.07 0.19 0.12 0.13 0.12 0.09
En = ®nlp, (92) 0.04 0.05 0.05 0.07 0.19 0.12 0.13 0.12
T K 0.06 0.1 0.15 0.2 0.27 0.46 0.58 0.71
§nl= Z Ckyn =1, (Ob) 0.54 0.43 0.31 0.18 0.08 003 0 0
k=1 0.18 0.11 0.13 0.12 0.1 0.06 0.02 O
where 1 is an all-ones vector, i.e., ¢,, is the normalized eigen- 0.04 0.18 0.11 0.13 0.12 0.1 0.06 0.02
vector corresponding to the unit eigenvalue of ®,,, such that ) _ 0.04 0.04 0.18 0.11 0.13 0.12 0.1 0.06
" ~10.05 004 0.04 0.18 0.11 0.13 0.12 0.1
SA Markov chain is time-homogeneous (stationary) if and only if its tran- 0.05 0.05 0.04 0.04 0.18 0.11 0.13 0.12
sition probability matrix is time-invariant. Adopting homogeneous Markov ’ ’ ’ ' ’ ’ ’ ’
chain model for studying EH-enabled communication systems is widely 0.04 0.05 0.05 0.04 0.04 0.18 0.11 0.13
common [41]. 0.06 0.1 0.15 0.2 0.24 0.28 0.46 0.57
K
¢8,j = Z waj,n%o,nFahn (Olt +1 _])} + ;T\l,nFahn (_]) (7a)
1=0"
K
Ok s = D [90j A0 (1= Fay, (0 + 14+ K = 5)) | + R (1= Fay, (K =) (7b)
1=0"
K
1= [0l Romfn, (@t + 1 i = )]+ Finfay, (6= 5)s for i=1,... K ~1 (7e)

=0
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(b)

Fig. 5. This example shows how many energy units (akm) SUy, spends
for data transmission, given its battery state and the received information

about its channel gain via feedback link. (a) Q%a) = 0.75,97(1(1) = 0.02,
) ) = 0.95,6(%) — 0.02.

Our goal is to find the transmission parameters {Qy,, 0y}
in (2b) for all SUs such that the uplink sum-rate of our CR
network is maximized, subject to a constraint on the average
interference power that collective SUs can impose on PUp.
We assume that this optimization problem is solved offline at
AP, given the statistical information of (i) fading channels and
noises, (ii) randomly arriving energy packets, and (iii) PU’s
activities, the number of samples collected during spectrum
sensing phase Ng, the number of training symbols sent during
channel probing phase N; and power of training symbols F.
The solutions to this optimization problem, i.e., the optimal set
{0, Hn}ggl is available a priori at the AP and SUs, to be
utilized for adapting symbol power during data transmission
phase. The idea of offline power allocation optimization with a
limited feedback channel has been used before for distributed
detection systems in wireless sensor networks [43]. In the fol-
lowing sections, we describe how SUs operate during spectrum
sensing phase, channel probing phase, and data transmission
phase. For the readers’ convenience, we have collected the
most commonly used symbols in Table 1.

III. SPECTRUM SENSING PHASE

In order to access its spectrum band, SU,, first needs to
sense its band during spectrum sensing phase, to determine
whether it is busy or idle (see Fig. 3). We formulate the spec-
trum sensing at SU,, as a binary hypothesis testing problem,
where the received signal at SU,, can be written as:

Ho : yn[m]
Hi : yn[m]

wy,[m],
Un

[m] plm] + wn[m], (11)

IEEE TRANSACTIONS ON GREEN COMMUNICATIONS AND NETWORKING, VOL. 5, NO. 4, DECEMBER 2021

for m = 1,..., N, where p[m] is the transmit signal of
PUix, wn[m] ~ CN(0,02, ) is the additive white Gaussian
noise (AWGN) at SU,, and uy,[m] is the fading coefficient
corresponding to PUx—SU,, channel. The two hypotheses
Hqo and 7y with probabilities mg and m; = 1 — 7y denote
the spectrum is truly idle and truly busy, respectively. We
assume that my and 7; are known to SUs based on long-
term spectrum measurements. For spectrum sensing we con-
sider energy detector, where the decision statistics at SU,,
is Zy, = N%E%Szl |yn[m]|?. The accuracy of this detec-
tor is characterized by its false alarm probability Pp, =
Pr(?fi1,n|7'lo) = Pr(Z, > &n|Ho) and detection probabil-
ity Py, = Pr(Hin|H1) = Pr(Zy > &nlHy), where &, is
the local decision threshold. For large Ng, we can invoke cen-
tral limit theorem and approximate the cumulative distribution
function (CDF) of Z, as Guassian. Hence, P, and Py, can
be expressed in terms of Q function as below [44]

o - o[ 1) v,

Wn

B b N
Pdn—Q<<02wn Va 1) Qun+1>’ (12b)

where vy, = Ppdy, / 0'120" and Pp, is the average transmit power
of PUgx. For a given value of Py = Pq, the false alarm
probability can be written as

P = Q (\/QZ/TL F1Q Y (Py) +vn \/@)

The probabilities 7y ,, and 7y, corresponding to the SU,
detector outcome ﬁO,n and ’qu,n respectively, are related to
Py, and Py, . In particular, we have 7y , = 8o n + f1,, and
T1,n = 1 — T, Where

(12a)

13)

Bo,n = Pr{Ho,ﬁo,n} =7o(1— P, ),
Bin = Pr{Hl,ﬁo,n} =m(1- Pyg,)-

(14a)

(14b)

IV. CHANNEL PROBING PHASE

Depending on the outcome of its spectrum sensing, SU,,
either stays in spectrum sensing phase (i.e., remains silent in
the remaining of time sloAt) if its band is sensed busy (i.e.,
the detector outcome is H1 5,), or it enters channel probing
pAhase if its band is sensed idle (i.e., the detector outcome is
Ho,»). During channel probing phase, we assume SU,, sends
training vector £y = /P¢ 1, where 1 is an Ny x 1 all-ones
vector to enable channel estimation at the AP. Let vector s,, =
[sn(1),...,sn(Ng)]T denote the discrete-time representation
of received training symbols at the AP from SU,,. Assuming
the fading coefficient h, corresponding to SU,—AP channel
is unchanged during the entire time slot, we have

’Ho,ﬁom 2 sp[m] = hp/ Py + vp[m],
HlaHO,n : snlm] = hn/ Py + q[m]p[m] + vp[m], (15)

for m =1,..., Ny, vp[m] ~ CN(0,02 ) is the AWGN at the
AP, and g[m] is the fading coefficient corresponding to PUqx—
AP channel. The linear minimum mean square error (LMMSE)
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estimate of h, given ﬁo,n is [6], [45]

/}Zn = Chnsn Cs_nlS?h (16a)
Chosn = E{hnst [Hon} = m/Prel, (16b)

Cs, = ]E{snsf|ﬁo7n} = womE{snsﬁ’Ho,ﬁo,n}

+ win E{snsf\%,ﬁo,n}, (16¢)
where
~ mo(l — P
(_Ajo7n = Pr{%O‘HOJl} — O( — fan) — /6\0777/7 (17a)
T0,n T0,n
m(1—P
Win = Pr{Hl‘HO n} = 1( = dn) = ?1,717 (17b)
T0,n T0,n
and
E{snan|H0,ﬁo,n} - (agpt n a%n)I, (18a)
E{snsgﬁil,ﬁg,n} - (ﬁ}lPt +ol 4 ag)I. (18b)
After substituting (17) into (16), ﬁn reduces to
N Vv P;
h s 19
" VnPtNH—U +w1n0']% mz:l " (19)
where cr% = Pp§ The estimation error is En = hy — En,

where hy and hy, are orthogonal random variables [45], and
hn and h,, are zero mean. Approximating g[m]p[m] as a zero-
mean Gaussian random variable with variance 012,, we find
that the estimate hn given 7—[0 n 1s distributed as a Gaussian
mixture random varlable [6]. Let 7, and 7p, represent the
variances of hn and hy,, , respectively. Also, Let 7 79 and 7 7 rep-
resent the variances of %, under {Ho, Ho,n} and {H1, Ho,n}

respectively. We have
= VAR{ | Ho, Hon }
Y2 Py Ny (v Pt Ny + 02, )

- o (20a)
<7nPtNt + Ugn + Wl,no'%)
— VAR{ hin|H1, Ho,n }
2 2 2
P N PNy + 02 +0
_ ’Yn t t('Yn t4V Un p>' (20b)

(*ynPtNt + a%n + w1 n02)2

Therefore, 7, = wy n'yn + w1 nvn Also, let ~. 'yn and 7 'yn indi-
cate the variances of Ay, under {HO,HO nt and {7—[1,7-{,0 nts
respectively. We have

= VAR{ETL|HO7QO,H} =Yn — aga
T = VAR{ hnH1, Hon } = v — .

(21a)
(21b)

Hence, 75, = wo, 239 + wi n%ll For ideal spectrum sensing,
we get wg , = 1 and wy , = 0 and hn becomes Gaussian. Let
F‘E (z) denote the CDF of gy, under {H,, 7—[0 )} fore=0,1.

Note that under {’Hg,’Hg nt for e = 0,1, hn is zero mean
complex Gaussian. Hence, under {#., Ho p} fore = 0,1, g,
is an exponential random variable with mean 75 and CDF

—x

n . 22)

=

3 —
F(z)=1-¢
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The CDF of gy, denoted as F‘E (z), can be expressed in terms
of FO (z) and FA (z) as the following:

Fy,(z) = wo,nFj (z) + w1 nF5 (2). (23)

After channel estimation, the AP feeds back the channel gains
Gn = |hn\2 over a feedback link to SU,,.

V. DATA TRANSMISSION PHASE

After channel probing phase, SU,, enters this phase. We note
that entering this phase is only possible, if in spectrum sens-
ing phase the outcome of the binary detector is Hg, 5. During
this phase, SU,, sends Gaussian data symbols to the AP, while
it adapts its transmission power according to information pro-
vided by the AP through the feedback channel about SU,,—AP
link as well as its battery state. In particular, SU,, trans-
mits Ny zero-mean i.i.d. complex Gaussian symbols z[m]
for m = 1,..., Ng with power P}, = g, pu, when the
battery is at state k and oy, ,, is given in (2). Let s,[m] denote
the discrete-time representation of received signal at the AP
from SU,,. Due to error in spectrum sensing, we need to dis-
tinguish the signal model for s,[m| under Hy and H;. We
have

’Ho,’;qo,n 2 sp[m] = hpap[m] + vp[m],
HlvHO,n 2 snm] = hpap[m] + q[m]p[m] + vp[m]. (24)
Substituting h, = ﬁn + ﬁn in (24), we reach at®
new noise 7ny,,0[m|
’Hg,’}-Alom - sn[m] = hnzn[m] + hnan[m] + va[m],
Hi,Hon : sn[m] = hpan[m]
+ h n[m] + g[m]p[m] + vp[ml,
new noise 7y,1[m]
(25)

where the new noise terms depend on En Given g, at the
AP, we obtain an achievable rate expression for a time slot by
considering symbol-wise mutual information between channel
input and output over the duration of Ny data symbols as
follows

WDy

Ny

X gi [ﬁo,nlE{I(xn[m]; sn[m][gn, Ho, ﬁo,n) }
m=1

+ ﬂl,nE{I(In[m]; Sn

R, =

m]|§n77'l1,ﬁo,n) }}7
(26)

We note that under He, our channel model hy, = En + hp, can be
extended to include both the effects of channel estimation error and delayed
feedback due to SUy,’s mobility. In particular, we can model hy, = xhn+2n,
where the parameter x = Jo(27vT}/A) is from Jakes’ model for Rayleigh
fading [46], v is the velocity of SUp, and A is the wavelength of transmit
51§nal Ry is the outdated CSI available at SUp, and zn, ~ CN(0, (1

A5 + wn) Substituting this channel model in (24) we reach at a slgnal
model that is different from (25), which can be used to derive a new rate
lower bound R, 1,B-
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where Dy = 7q/T; is the fraction of the time slot used
for data transmission and the expectations in (26) are taken
over the conditional probability density functions (pdfs) of g,
given {#H.,Ho ,} for e = 0, 1. To characterize R, in (26) we
need to find E{I (z,[m]; sn[m]|Gn, He, ﬁom)}. Exploiting the
chain rule we can rewrite this expectation as follows

E{] (mn[m}, Sn[m] ]?n, He, ﬁO,n) }

K
=3 Gin I(mn m); $n
k=0

Note that I(zp[m]; sp[m][gn, He, ﬁO,n) in (27) is the mutual
information between z,,[m] and s,[m] when the battery state
is k, given g, and {#H.,Hon}. From now on, we drop the
variable m in z,,[m] and sy [m] for brevity of the presentation.
Focusing on I(2y; s5,|Gn, He, Ho,n ), We have

I(:I}n; Sn’/gm k,?—lg,ﬁo,n) = h(xn‘gnv kﬂ%,nﬂ%)

- h(”«’n‘smgnv kvﬁo,’ru%&)a
(28)

m[Gns b He, Hom ). 27)

where h(-) is the differential entropy. Consider the first
term in (28). Since z, ~ CN(0,P;,) we have
h(zn | gn, k,ﬁo,n,’}{g) = logy(mePy, ,,). Consider the second
term in (28). Due to channel estimation error, the new noises
Nn,e’s in (25) are non-Gaussian and this term does not have a
closed form expression. Hence, similar to [34], [38], [47] we
employ bounding techniques to find an upper bound on this
term. This term is upper bounded by the entropy of a Gaussian
random variable with the variance 6)17\1/[’6

E{In‘/g\nv kvﬁO»"’HE}F}’

where the expectations are taken over the conditional
pdf of 1z, given Sn,’g\n,k,ﬁ07n,H5. In fact, @f\}f is
the mean square error (MSE) of the MMSE estimate
of z, given s,,9n,k, Hon, He. Using minimum Vari-
ance property of MMSE estimator, we have @ <

On =E{|on - 29)

O, where ©° is the MSE of the LMMSE esti-
mate of z, given Sn, gn, k ’Ho ns He- Combmmg all,
we find h(zn|sn, Gn, k, HOn,H{;‘) < logy(me®]"F) and
I(xm 3n|gn7 k 7'LO n7H€) > 10g2(Pk n/@n E) where
Pk 0'2
@EvE =— )T Ann,s 7 (30)
Unn e + gnPk N
op. . =VaPin+ 05, +c0p. 31

At the end, we obtain the lower bounds as follow
(a3 50 (G, k. o Ho) = loga (14 Gt ), (328)
(203 sulGns ks Fo.n, Ha ) = logy (1+Gubl, ), (32b)

where

p0 0 Prn pl o — P
b WP+ o3,) P (R Pra o3, +o3)’

(33)
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Substituting equations (27) and (32) in (26) and noting that
the symbol-wise mutual information between channel input
and output for Ny data symbols are equal we reach at

Rp > R, 1B

= Dafon W i Ck,nE{10g2 (1 +9n blg,n> |Ho}
k=0

b DY G B {108 (14 bl ) M1 }-
k=0
(34)

Next, we compute the conditional expectations in (34), in
which we take average over gy, given H.. Using (3) and (4c)

we have
Gl ) IHe |

o
Qn /acz-,k’n logs (1 + S?,n x) §6n (z)dx

i,k,n

J-
P
b

= Vi (S5 7n) (35a)
in which
g0 — W
LN (§9]{ Zpu + 0_12)") )
1 ipy
in = 71 ) (35b)
7N (’y}@lpu —+ 0',[2)” + U%)
Vk (Sz,na:Y\n) = M(Ci,k,n7si,na:y\n)
— M( ks SiynsAn),  (35¢)

and

-

M(z,S,w) = /10g2(1 +SI)%d%

1
eSw -z 1 —z
= @) E<w - sw> — e logy(1+50).
(36)

Also, ¢, and a;y , are given in (4c). Substituting (35a)
in (34) we reach to
K LanJ (073

RnLB—DdB(]nW Z Z Cknvk(znv'yn)

k=at+1 =1
K I_kanJ Qi
+ Db Y Y G Vi(Sha ).
k=at+1 =1

(37

We note that the lower bounds in (32) are achieved when
the new noises 1, 0,7,,1 in (25) are regarded as worst-case
Gaussian noise and hence the MMSE and LMMSE of z;,
given sy, gn, k, Ho,n, He coincide. Given the rate lower bound
Ry 1B for SUy,, the uplink sum-rate lower bound for all
SU,,’s is
Ny
Ry = Z Ry 18-

n=1

(38)
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So far, we have established a lower bound on the achievable
sum-rate. Next, we characterize the average inference con-
straint (AIC). Suppose I,y is the maximum allowed average
interference power, i.e., the average interference power that
collective SUs impose on PU; cannot exceed ITay. To satisfy
AIC, we have

Ny

> In < Tay, (39)
n=1

where I, is the average interference power that SU,, imposes
on PU;x. We find

I, = ﬂl,nE{zn}[DdE{Pn(an)} + Dtpt}

where Dy = 1/ Tt and the expectation is over the condi-
tional pdfs of g, under {1, o, }. Considering the right side
of (40), we note that the first term is the average interference
power imposed on PU;x when SU,, transmits data symbols,
and the second term is the average interference imposed on
PU,x when SU,, sends training symbols for channel estimation
at the AP. Using (3) we compute the term with expectation
inside (40) as follows

(40)

K K
E{Pn(gn)} = Z Ck,n ZPr(ak,n = i|H1)ipu
k=0 =0
K LanJ_at
= > CGm Y. Vipnipa (4D
k=a+1 =1

Substituting (41) into (39), we can rewrite the AIC in (39) as

Ny K I_anJ_Oét
Y Bimba| Y. Cen Y. Cigniput DiPy
n=1 k=ay+1 =1

< Tay. 42)

For ideal spectrum sensing we get 31 , = 0 in (14), implying
that data transmission from SUs to the AP does not cause
interference on PU,x and the left-hand side of (42) becomes
zero, i.e., the AIC is always satisfied.

Next, we examine how spectrum sensing error and channel
estimation error affect Ry and AIC expressions. First, spec-
trum sensing error affects AIC via 31 ,, and Ry p via g 5 and
B1,n- Recall By p,B1,, depend on m, Py, , Pq, (see (14)).
Second, channel estimation error affects AIC via Dt,w; ko
and Rpp via 75,

Having the mathematical expressions for Ryp and AIC,
our goal is to optimize the set of transmission parameters
{Qp, 0y} for all SUs such that Ry is maximized, subject to
the AIC. To inspect the underlying trade-offs between decreas-
ing the average interference power imposed by SU,;’s on
PU,x and increasing the uplink sum-rate lower bound Rpp,
we note that increasing data symbol transmission power P ;,
increases Ry p. However, it increases the average interference
power. Aiming to strike a balance between increasing Ry g and
decreasing the imposed average interference power, we seek
the optimal {Q,, Hn}flvil such that Ry g in (34) is maximized,
subject to AIC given in (42). In other words, we are interested
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in solving the following constrained optimization problem

(P1) Maximi%e Rip
{2, O}, 2

n=1
s.t.: Qp €10,1], Vn
0, >0, Vn
¢, =(®,—I+B)'1, vn
AIC in (43) issatisfied.

Problem (P1) is not convex with respect to {Qn,Hn}fyil.
Unfortunately, the objective function and the constraints
in (P1) are not differentiable with respect to {Qn,Hn}gil.
Hence, existing gradient-based algorithms for solving non-
convex optimization problems cannot be used to solve (P1).
We resort to a grid-based search method, which requires 2Ny -
dimensional search over the search space [0, 1] x [0, 00) ™.

To reduce the computation complexity of solving (P1), we
propose to decompose (P1) to IV, sub-problems corresponding
to Ny SUs. To achieve such decomposition, we assume that
I, in (40) cannot exceed I.y/Ny. Let (SP1-SU,) refer to
the sub-problem corresponding to SU,,. We have

(SP1-SUy,) l\élaximize R, 1B

st Qn €]0,1],
0 > 0,
£p=(®,—I+B)'1,
In < Iay/Ny.

We solve sub-problem (SP1-SU,,) for n =1,..., Ny, using
a grid-based search method, which requires 2-dimensional
search over the search space [0, 1] x [0, 00). To curb the com-
putational complexity of these searches, we can limit 6,’s to
a maximum value, denoted as Oy,x. We refer to the solu-
tions obtained from solving (P1) and solving N, sub-problems,
respectively, the “optimal” and the “sub-optimal” solutions.
Clearly, the accuracy of these solutions depend on the reso-
lution of the grid-based searches. We call the former solution
the “optimal”, in the sense that it is the best achievable solu-
tion, and the latter solution the “sub-optimal”, in the sense that
solving N, sub-problems always yield a sub-optimal solution,
with respect to solving (P1), since AIC in (P1) is coupled
across all SUs. When I,y in (39) is large enough such that
AIC is not active, the “optimal” and “‘sub-optimal” solutions
become identical. In the following, we compare the computa-
tional complexity of finding the “optimal” and ‘“‘sub-optimal”
solutions.

For finding both the “optimal” and the “sub-optimal” solu-
tions, SU,, needs to perform two tasks for each point in its
grid-based search: task (i) forming ®,, and solving (10) to find
&, task (ii) calculating R, 1 g and I. Our numerical results
show that for a fixed 2, 6, the computational complexity of
task (i) and task (i) are O(K3'1) and O(K?1), respectively.
Assuming that the intervals [0, 1] and [0, 0max| are divided
into No and Ny sub-intervals, respectively, we realize that
SU,, needs to perform task (i) and task (ii) for N Ny times in
total. Therefore, the computational complexity of finding the
“sub-optimal” solution is O(NyNoNg(K31 + K21)), which
can be simplified to O(Ny NNy K31).
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TABLE II
SIMULATION PARAMETERS

Parameter | Value ||

Parameter | Value

l

P, 1 watts En 1

o 0.7 0'121]" 1

Tt 0.1 ms ot 1

Ts 1ms ﬁd 0.85

Tt 10ms w 10KHz
ey 0.01 Oq 1

To solve (P1), however, the leftmost summation in (42) must
be computed for all combinations of {Qn,ﬁn}n 1 and its
computational complexity is O((NgNyK > 1yNu) " Therefore,
the computational complexity of finding the “optimal” solution
is O((NoqNyK21)Ne 4 NyNqNyK31), which for N, > 2
can be simplified to O((NoNyK21)Nu), We note that the
computational complexity of obtaining the “optimal” and
the “sub-optimal” solutions grow exponentially and linearly,
respectively, in V.

VI. SIMULATION RESULTS

In this section we corroborate our analysis on constrained
maximization of the achievable uplink sum-rate lower bound
with MATLAB simulations, and examine how the optimized
uplink sum-rate lower bound depends on the average number
of harvesting energy packets p;, the maximum allowed aver-
age interference power Iy, the duration of spectrum sensing
phase 75, the number of consumed cells of energy for chan-
nel probing ay, and the size of the battery K. Our simulation
parameters are given in Table II.

e Spectrum Sensing- Channel Probing-Data Transmission
Trade-offs: To explore these trade-offs, in this section we let
Ny = 1 and examine how the rate lower bound Ry g in (38) for
a single user changes when we vary 7g, or o¢. The simulation
parameters, except for ay, 75, a%,, a% are given in Table II.

Fig. 6(a) shows Ry versus 75 for two Values of the energy
harvesting parameter p = 15, 16,0 = a =1and o = 1.
This figure suggests that there exists a trade—off between Ty
and Rpp. On the positive side, as 75 (or equivalently Ng)
increases, the accuracy of the energy detector for spectrum

sensing increases (i.e., Pp,  in (12b) decreases). A more accu-
rate spectrum sensing can reveal new opportunities for SU,, to
be exploited for its data transmission, that can increase Ry g.
On the negative side, as 7y increases, the duration of data
transmission phase 74 = 1% — 75 — 7t decreases. This trade-off
between spectrum sensing and data transmission indicates that,
given the parameters (including o), there is an optimal g,
denoted as 77 in Fig. 6(a), that maximizes Ry g. For instance,
for p = 15,16 we have 77 = 0.6, 0.75 ms.

Fig. 6(b) plots Ry versus ay for p = 18,20, 7 = 1ms

and o2, = 0% = 5. This figure suggests that a trade-off exists
between ot and Rpp. On the positive side, as «y increases,
the accuracy of channel probing (measured by the variance

TNote that the variances of channel estimate and corresponding estimation
error in (20) depend on the product Py Ny = ot eufs and is independent of
T¢. That is the reason, instead of 7¢, we consider varying a4, to understand
channel probing trade-offs.
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of channel estimation error in (20)) improves. A more accu-
rate channel probing can increase Ry . On the negative side,
as ay increases, the available energy for data transmission
decreases. This trade-off between channel probing and data
transmission shows that, given the parameters (including ),
there is an optimal oy, denoted as a;k in Fig. 6(b), that max-
imizes Ry p. For instance, for p = 15,16 we have of = 4.
The z-axis in Fig. 6(b) can be converted to the normalized
channel estimation error variance /.

o Effect of the Optimization Variables §2,0: In this sec-
tion, we let N; = 1 and we illustrate how the entries of the
steady-state probability vector ¢ in (10), Rrg in (38) for a
single user, and the battery outage probability Pl?ut defined
below, the spectral efficiency ngp and the energy efficiency
neg defined below, depend on the optimization variables ()
and 6. We define PO“t as the steady-state probability of the
battery of SU,, bemg equal or lower than «t. When the bat-
tery is at outage, it cannot yield energy for data transmission
or channel probing. We have

(o773
PP =Pr(By <ar) =Y G (43)
k=0
We define the spectral efficiency of our CR system, denoted
as ngr and measured in bits/sec/Hz, as

Ry

RiB _
MW

total available bandwidth e

TISE =
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Inspired by [48], we define the energy efficiency of our CR
system, denoted as nggr and measured in bits/Hz/Joule, as

"ISE
average transmit power of all SUs

EE = 45)
Let P denote the average transmit power of all SUs dur-
ing channel probing and data transmission phases in our CR
system. We find P as the following

Ne K
P=Dg> > G

n=1k=at+1
LanJ —OQy
. 0 1
X Pu [BO,nd’i,k,n + ﬂl,nwi7k7n]
i=1
Ny
+ DyPy Y Ron-

n=1

(46)

The simulation parameters are given in Table II. Also, we let
y =2,6, =1,6, = 1. Fig. 7(a) illustrates Ry,g for a single
user versus €2 for p = 15, 20. We observe that Ry is neither a
convex nor a concave function of 2. This figure suggests that
there is an optimal €2, which we denote as Q*, that maximizes
Ry p. Starting from small values of €2, as €2 increases (until it
reaches the value Q*), Ry p increases, because the harvested
energy can recharge the battery and can yield more power for
data transmission. However, when ) exceeds €2*, the harvested
and stored energy cannot support the data transmission and
Rpp decreases. Moreover, as p increases, Ry increases as
well. The behavior of Ry versus 6 is shown in Fig. 7(b) for
p = 15,18. We observe that Ry p is neither a convex nor a
concave function of #. Similar to €, there is an optimal 6,
which we denote as 6*, that maximizes Rpg. Starting from
small values of 6, as 0 increases (until it reaches 6*), Ry p
increases. However, when 6 exceeds 6*, Ry p decreases.

Fig. 8 plots the entries of the steady-state probability vector
¢ versus k for 2 = 0.45,0.3 and 6 = 0.2. Fig. 9 plots the
entries of ¢ versus k for §# = 0.1,0.5 and Q = 0.35. To
quantify the effect of {2 and € on the entries of ¢ we define
the average energy stored at the battery of SU,, as

K
B, = E{Bn} = Z ka,n»

k=0

(47)

where the largest possible value for B, is K. Considering
Figs. 8(a) and 8(b), we find B'™ = 16.97 for Q = 0.45,
implying that the battery is near empty, and E(b) = 66.30 for
Q = 0.30, implying that the battery is near full. Considering
Figs. 9(@) and 90, we find B = 24.08 for & = 0.1 and
BY = 7155 for 6 = 0.5, Clearly, the values of Q and 6
affect B. Given #, when (2 is large, data transmit energy oy,
in (2) is large. Due to large energy consumption for data trans-
mission, compared to energy harvesting, the battery becomes
near empty at its steady-state and SU may stop functioning,
due to energy outage. When €2 is small, « in (2) is small.
Due to small energy consumption for data transmission, com-
pared to energy harvesting, the battery becomes near full at
its steady-state, indicating that SU has failed to utilize the
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Fig. 7. (a) Ry, versus  for K = 80, 6 = 0.2, (b) Ry,g versus 6 for
K =80, 2 =0.35.

excess energy. Both cases inevitably hinder data transmission,
leading to a reduction in Rp,g. Similar argument holds true,
when 6 varies and 2 is given. In particular, when 6 is small,
transmit energy o, in (2) is large, and when 6 is large, trans-
mit energy «y in (2) is small. Again, both cases impede data
transmission, leading to a lower Ry p. Overall, the observa-
tions we make in Figs. 7, 8, and 9 confirm that optimizing
both 2 and 6 to achieve a balance between the energy har-
vesting and the energy consumption for data transmission is
of high importance.

Fig. 10(a) illustrates the behavior of PZE)‘” for a single user
in terms of € for # = 0.05. Fig. 10(b) plots Pé)m versus 6
for @ = 0.35. For o = 1, PP in (43) reduces to Put =
Co + (1, ie., Plg)ut depends on €2 and 6, via only the first
two entries of vector ¢. Fig. 10(a) shows that, as 2 increases,
Plg)ut increases as well. This is because as €2 increases, given
0, oy, in (2) increases. Due to large energy consumption for
data transmission the chance of the battery depletion and hence
P?Ut increase. Fig. 10(b) demonstrates that, as 6 increases,
PbOut decreases. This is because as 6 increases, given €2, oy,
in (2) decreases. Due to small energy consumption for data
transmission the chance of the battery depletion and hence
PPU decrease.

Fig. 11(a) shows how nggr and ngg vary as ) changes.
As Q increases, both nrpr and 7gp increase, until 2 reaches
a certain value, denoted as Q5. We note that at ) = Qfp,
nEE achieves its maximum value. When 2 exceeds Qfp, 7EE
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decreases while ngp increases. This trend continues until €2

reaches another certain value, denoted as Q’éE ‘We note that at
Q0 = Q¢p, nsk achieves its maximum value. When 2 exceeds
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Fig. 10. (a) PbOut versus €2 for K = 80, € = 0.05, (b) PbOut versus 6 for
K = 80, 2 = 0.35.

géE, both g and 75 decrease. We also observe that 2, >

EE-

Fig. 11(b) shows how ngg and ngg vary as 6 changes. As
0 increases, both ngg and ngg increase, until 6 reaches a
certain value, denoted as 03. We observe that at 6 = 63y,
nsE achieves its maximum value. When 6 exceeds 03, 1Sk
decreases while ngg increases. This trend continues until 6
reaches another certain value, denoted as GP*ZE' When 6 exceeds
QPEE’ both g and 7sg decrease. We also observe that 65y, <

El%[otivated by [48] we define a new metric, denoted as Z
below, which is a weighted summation of ngp and ngg
Z = knsg + (1 — K)EE- (48)
where 0 < k < 1 is the weighting factor. When £ = 1, max-
imizing Z defined in (48) becomes equal to maximizing the
spectral efficiency (our problem in (P1)). When x = 0, maxi-
mizing Z becomes equal to maximizing the energy efficiency.
Fig. 12(a) illustrates Z versus {2 for different values of x. We
observe that the value of €2 which maximizes Z is different
for different values of x. Fig. 12(b) illustrates Z versus 6 for
different values of x. We observe that the value of 6 which
maximizes Z is different for different values of k.

e Solving Problems ((P1) and (SP1-SU,)): Next, we
consider solving the constrained optimization problem (P1)
and (SP1-SU,,) and plot the maximized Ryp, denoted as
R{g (Rfp is Ry evaluated at the solutions obtained from
solving (P1) and (SP1-SUy)).
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Fig. 13 depicts Rfp obtained by solving (P1)

and (SP1-SU,) versus I,y for N, = 3,79 = 0.7,0.8.
We let the statistics of fading coefficients be different across
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SUs, y = [2,2.2,2.1],8, = [1,0.8,1.2],8, = [1,0.5,0.8]
and K = 60, p = 10 be equal for all SUs. We observe
that for small T, the “sub-optimal” solution obtained from
solving (SP1-SU,,) yields a lower sum-rate in comparison to
the “optimal” solution obtained from solving (P1). However,
for large Iy, when AIC is not active these two solutions
become identical. As 7y increases, the probability of the
spectrum being actually idle increases and the opportunity for
SUs to utilize the spectrum for data transmission increases.
Consequently, the sum-rate lower bound increases as g
increases, for a given Tov.

Fig. 14 depicts Ry versus K for Ny = 3,p = 30,40.
We observe that as K increases, RI”:B increases. This is
expected, since as K increases the chance of energy overflow
decreases, leading to a larger amount of stored energy in the
battery, which can be utilized to support a higher data rate
transmission.

Fig. 15 shows REB versus 1,y for K = 80, p = 10, 15 and
Ny = 3. For small [,y, the AIC in (42) is active and conse-
quently, it limits transmit power of SUs. As I,y increases, SUs
can transmit at higher power levels and Rj increases, until
R{ i reaches its maximum value. Increasing [y any further,
beyond the knee point in Fig. 15, does not increase Ry ;. This
is because for large [,y, transmit power levels are restricted
by the amount of harvested and stored energy in the battery
(i.e., they are not restricted by AIC). Therefore, increasing Tov
beyond the knee point has no effect on R ;. Moreover, for
small [,, where the AIC is active, increasing p has no effect
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on REB. On the other hand, for large ITav, when p increases,
Rf i increases.

Considering SU1, Fig 16 depicts Plg‘“ of this user versus
K where the optimization variables €2y and 6 are obtained
by solving (P1) and maximizing Rpp and then substituting
the optimized variables in (43) to calculate Plgut. We observe
that increasing K leads to a lower P[gut.

We define the transmission outage probability Po?nm as the
probability of SU,, not being able to transmit data to the AP,
due to either a weak SU,—AP link with small fading coef-
ficient or insufficient amount of stored energy at the battery.
We have

PO = Pr(Py = 0[Ho,n) = wo,n Pr(Pn = 0[Ho,n, Ho)

+ wi,n Pr(Py = 0[Ho n, H1), 49)
where
Pr( Py = 00,0, He )
O =N
=3 G Pr(an = 0o, He B < )

k=0
K o~

+ Z Ck,n Pr(ak,n = O|H0,narH€aBn > o+ 1)-

k:at+1
(50)
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Substituting (3) and (50) in (49) we get

ot K
O
PoznUt = Z Ck,n + Z Ck,n Yk,n'
k=0

k=a¢+1

&1y

Fig. 17 shows ng‘t for SU versus I 5y where the optimization
variables 21 and 0 are obtained by solving (P1) and maximizing
Rpp and then substituting the optimized variables in (51) to
compute PO(?IUt. Starting from small I,y as I,y increases, SUs
can transmit at higher power levels and PO%Ut decreases, until
PO(?IUt reaches its minimum value. Increasing I,y any further,
beyond the knee point in Fig. 17, does not reduce PO(?l‘It. This
is because for large I,y transmit power levels are restricted
by the amount of harvested and stored energy in the battery
(i.e., they are not restricted by AIC). Therefore, increasing I y
beyond the knee point has no effect on nglt.

VII. CONCLUSION

We considered an uplink opportunistic CR network, that
can access a spectrum band licensed to a primary network.
Each SU is equipped with a finite size battery, for storing
energy. Modeling the dynamics of the battery as a finite state
Markov chain, we established a lower bound on the achiev-
able uplink sum-rate of SUs—AP links, in the presence of both
spectrum sensing and channel estimation errors. We proposed
a parameterized transmit power control strategy that allows
each SU to adapt its power, according to the received feedback
information from the AP regarding its link fading coefficient
and its stored energy in the battery. We optimized the trans-
mit parameters such that the derived uplink sum-rate lower
bound is maximized, subject to AIC. Since the proposed
constrained optimization problem is not convex and the objec-
tive function and the constraints are not differentiable with
respect to the optimization parameters, we resorted to grid-
based search methods to solve the problem. We explored the
trade-offs between R g, spectrum sensing duration, and chan-
nel estimation error. We also illustrated the trade-offs between
spectral efficiency and energy efficiency for our CR system.
As future work, we plan to study how a non-ideal feedback
channel, combined with spectrum sensing and channel esti-
mation errors, will affect our sum-rate maximization problem.
In particular, we will consider the effects of SU,’s mobility
and bandwidth-limited feedback channel on our optimization
problem and its solution.
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