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Abstract—In this paper, we study resource management Therefore, it facilitates the self-sustainability of the power-

and allocation for Energy Harvesting Cognitive Radio Sensor constrained sensors and effectively extends the network
Networks (EHCRSNSs). In these networks, energy harvesting lifetime.

supplies the network with a continual source of energy . . .
to facilitate self-sustainability of the power-limited sensors. EHSNs typically operate on the unlicensed Industrial,

Furthermore, cognitive radio enables access to the underutilized Scientific, and Medical (ISM) band for data transmission.
licensed spectrum to mitigate the spectrum-scarcity problem in However, the ISM band has become increasingly crowded
the unlicensed band. We develop an aggregate network utility due to the massive growth of wireless devices operating
optimization framework for the design of an online energy in this band. This massive growth has introduced the

management, spectrum management and resource allocation . . L
algorithm based on Lyapunov optimization. The framework SPECtrum-scarcity problem which significantly degrades

captures three stochastic processes: energy harvesting dynamicsthe performance of EHSNs. In addition, a large portion
inaccuracy of channel occupancy information, and channel of the licensed spectrum remains underutilized, e.g., the
fading. However, a priori knowledge of any of these processes spatial and temporal variations in the licensed spectrum
statistics is not required. Based on the framework, we propose utilization range from 15% to 85%, according to a report by

an online algorithm to achieve two major goals: first, balancing S o . .
sensors’ energy consumption and energy harvesting while Federal Communications Commission [5]. The integration

stabilizing their data and energy queues; second, optimizing Of Cognitive Radio (CR) technology into EHSNs mitigates

the utilization of the licensed spectrum while maintaining these licensed spectrum-underutilization and unlicensed
a tolerable collision rate between the licensed subscriber spectrum-scarcity problems. It facilitates the transmission of
and unlicensed sensors. Performance analysis shows thalgenseq data over the underutilized licensed channels without

the proposed algorithm achieves a close-to-optimal aggregate . . . .
network utility while guaranteeing bounded data and energy disrupting the primary network operation. Such networks are

queue occupancy. Extensive simulations are conducted to verify 'éferred to as Energy Harvesting Cognitive Radio Sensor
the effectiveness of the proposed algorithm and the impact of Networks (EHCRSNS) in which sensors are secondary users

various network parameters on its performance. (SUs) and primary network subscribers are primary users

Index Terms—Wireless Sensor Network, cognitive radio, (PUS) [6]. The typical applications of EHCRSNSs include the

energy harvesting, energy management, channel allocation, data collection indoors, where the sensors overlap with WiFi

Lyapunov optimization networks [7], the body sensor networks in pervasive health
monitoring, and real-time monitoring in smart city [8]—[10].

Although EHCRSNs are spectrum and energy-efficient,

|. INTRODUCTION they face several new challenges compared with the

. .__traditional sensor networks [11]. First, the energy harvesting
Energy Harvesting Sensor Networks (EHSNs) are promisi ocess is stochastic and dynamic, which makes balancing

for long-term data collection over a wide range of applicatio : . X
[1], and become a fundamental enabling technology for t}lj;iﬁergy consumption and energy replenishment challenging.

. X . leti " I f h
coming era of Big Data [2] and the Internet of Th|ng§hep eting a sensor’s battery at a rate slower or faster than
(loTs) [3]. By exploiting the EH technology, sensors ca
harvest energy from the renewable energy sources in H
4

area of interest, such as solar, illumination and vibration [

e replenishment rate leads to either energy underutilization
r sensor failure, respectively [12]. Second, the spectrum
flization by sensors in EHCRSNs has to adapt to the
ynamic activity of PUs over the licensed spectrum [13]. For

. . . . example, the spectrum occupation of cellular users is in the
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of an online algorithm that couples energy managemeffdw problem. The first algorithm computes the data sampling
with spectrum access management as well as sensing eaté and routing based on dual decomposition. To deal
transmission rate control for a single-hop EHCRSN. Thaith the fluctuations in the EH process, the other algorithm
considered EHCRSN consists of a sink and a number wfintains the battery at a target level. In [19], Zhang et al.
sensors equipped with EH modules and CR transceivers. Tgtepose a distributed algorithm to schedule data sensing and
sensors harvest energy to sense data and transmit it to pleeform routing for EHWSNSs with limited battery capacity.
sink over the unoccupied licensed spectrum. The develogedarthermore, the proposed algorithm mitigates the estimation
framework is Lyapunov optimization-based, and captures theror of the EH process by adaptively scheduling the data
dynamic and stochastic system of EHCRSN resources. Basedising and routing in each time slot. The authors of [20]
on the framework, an online algorithm is designed to achiepeesent two algorithms for balanced energy allocation of
a close-to-optimal time-average aggregate network utilitgensors, and optimal data sensing and data transmission.
which captures the data sensing efficiency of the netwohk [18], [19] and [20], the authors assume a priori perfect
[15], while ensuring protection of PUs and a deterministicnowledge of the harvesting process statistics. This may not
bound on the battery capacity of sensors. Summarily, the practical due to the stochastic nature of EH processes.
main contributions of this work are as follows: Huang et al. design an online scheduling algorithm which

1) We propose a stochastic formulation of the network utiliipintly considers the data routing, admission control and
optimization problem for the EHCRSN subject to th&€nergy management. The algorithm does not require priori
stability of sensors’ data queues and PUs’ protectioknowledge of the EH process and achieves close-to-optimal
The proposed formulation accounts for the multiplgtility for EHWSNs [17]. Based on the algorithm in [17],
dynamic and stochastic processes, including the ener§y €t al. investigate the utility-optimal data sensing and
Consumption of data Sensing and transmission, ene@?nsmiSSion in EHWSNSs with heterogeneous energy sources,
harvesting, PU activity on each channel and collisiori€-, power grids and harvested energy [16]. Xu et al. also
with sensors, and channel fading. study the trade-off between achieved network utility and cost

2) We develop a framework to decompose the problem in@ energy from power grid.
three deterministic subproblems: battery managementOther works exploit the spectrum utilization and
sampling (i.e., sensing) rate control, and resour@erformance improvement that CR technologies bring to
(i.e., channel and data rate) allocation on the basis WSNs and focus on channel allocation for CRSNs [21]-[24].
Lyapunov optimization. Under the developed framework [22], Ozger et al. propose an event-driven clustering
we propose an online and |OW_Comp|exity a|gorithnﬁ)r0tOCO| for event-to-sink communication coordination in
which makes decisions at the beginning of each tinfeRSNs. The proposed protocol considers the availability
slot and does not require any priori knowledge off licensed spectrum in forming cluster, and minimizes the
the stochastic processes. Furthermore, we apply @Rergy consumption for event detection. In [23], Li et al.
unbalanced matching method to assign channels igyestigate the cooperative spectrum sensing schedule for a
sensors while considering the limited number of CIRRSN, in which sensors decide whether to join spectrum
transceivers mounted on the sink. sensing for energy conservation. An evolutionary game is

3) We ana|yze the performance of the propc)Sed a|goritH‘|QfmU|ated to facilitate the decision of sensors aCCOI’ding to
in terms of PU protection and the stability of the sensof§eir utility history. The authors of [22] and [23], however,
data gueues. Furthermore, we Compute the requir@ﬁ not account for pOSSibIe collisions between the PUs
battery capacity to support the operation of the propos@fd SUs; they assume perfect knowledge of the spectrum
algorithm, which depends on the energy consumption 8¢cupancy. As a result, if spectrum sensing false alarms and
data sensing and transmission. The finding theoreticafgtection errors are considered, these approaches cannot be
provides the required capacity of sensors’ data buff@dopted. Unlike in [22] and [23], the authors of [21] and [24]
and battery for a desired network utility. consider the imperfection of channel availability information

The remainder of this paper is organized as foIIowE‘.nd dgsign channel aIIocgtio_n algorithms that. guarantee the

Related works are reviewed in Section II. The network modB[otection of PUs’ transmissions aga{ngt collision. In [211’
and problem formulation are presented in Section Ill. Thlérgaonkar et "’?I: develpp an opportunlstlc_ channel accessing
proposed framework is presented in Section IV. Section licy for cognitive radio networks to maximize the network

analyzes the stability and optimality of the proposed solutio _roughput by takipg thelmax_im_um ;:]olli;,itl)n condstr;lint ir; to
Simulation results are provided to evaluate the performance ount. In [24], Qin et al. optimize the delay and throughput

the proposed algorithm in Section VI. Section VII conclude® multi-hop secondgry net\_/vorks n Wh'Ch. the secondary
this paper and outlines future work. users are mounted with multiple CR transceivers.

The above-mentioned works either assume availability of
spectrum and neglect the spectrum-scarcity problem [16]-
[20], or do not consider energy management [21]-[24]. Thus,

Utility-optimal energy management policy design fothey cannot fulfill the requirements of EHCRSNSs. To fill this
EHWSNs has been widely addressed in the literature [16jesearch gap, this paper proposes a framework to capture the
[20]. In [18], Liu et al. design two algorithms to optimizedynamics of EH process and channel condition, and channel
the network utility by exploiting convexity of the networksensing inaccuracy. Based on the framework, a low-complexity

Il. RELATED WORKS
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is denoted by = {1,2,---, K} with cardinality K = |K]|.

#. Y A Let S(t) = (Si(t), -, Sk(t)) denote the channel availability
Ty l ‘ o Y @ndicat_or with the interpretation th«_sffk(t) = 1 if channelk
70 PU 4L A \ is available, andSy(t) = 0 otherwise. We assume that the
Senso é ‘ . PU activity on channek evolves following an independent
l l . and identical distribution (i.i.d.) across the time slots and
is uncorrelated with sensors’ activities [21]. The channel

PU , Y Primary  Sink PU /

4 : Base Station unavailability rate which corresponds to the PU activity rate on

B < Senso’ R P " channek is given byg, = limr o0 & Y1 (1-Sk(t)) < 1.

T~ PU l ‘Senso 7 The EHCRSN acquires the availability of channels
T T -7 at the beginning of each time slot from the TPS.
System e Owing to detection errors of spectrum-sensing such

as false-alarms and misdetection [27], the channel
Figure 1.  An illustration of EHCRSN that shows the coexistence of tHavailability —information is assumed to be imperfect.
primary users and the sensor network. Thus, the TPS provides channel access probability vector

Pr(t) = (Pri(t), -+ ,Pri(t), - Pri(t)), where Prg(t)

. . - , denotes the probability that channgl is idle and hence
algorithm is presented to jointly manage sensors’ energy aQgcessible in time slat [21]. Two factors impact the channel
allocate the channels for network utility optimization.

access probability: the actual PU activity on chanhkel.e.,

1. SYSTEM MODEL AND PROBLEM FORMULATION Sk(t), and the accuracy of the spectrum-sensing techniques
[25]. The performance of spectrum sensing techniques highly
B . . < depends on the receiver signal-to-noise ratio (SNR) and the
the set\V = {1,2,---,N} and operating over the time ;. o, parameters (e.g., detection threshold) [27]. These

SEIﬂtéé Ss cZ)—exi:sts{\?\;itlr; 2F;US {Ha?iaigorr\:g Irr]ivillzég.e %0 ;Eieconditions in thet*" time slot are collectively denoted by
b 9 f). The channel access probabil®y(t) is the conditional

licensed channels. The sensor collects data from an area i £ 1h h | . ilable in ti

interest and saves it in its data queue, then transmits it Hmbabl ity of the channel being available in time siot
the sink over licensed channels. There dretransceivers 8., Pri.(t) = Pr(S(t) = 1/6(t)] [21]. BecauseSy(t) = 1
mounted on the sink such that the sink can suppbrt indicates that the availability of channg| with Si(t) = 0

concurrent data transmission ovedifferent frequency bands otherwise, the closer the value 8fr(?) is to that of S(¢),
. . o req y! the more accurate the channel availability information is. An
in each time slot. The availability information of the license

: . . HCRSN with accuratéPr(t) is more efficient in utilizing
spectrum is acquired from a third-party system (TPS). Trgﬁe licensed channels by avoiding collisions.

TPS detects the PU activities by various existing spectrum—At the beginning of each time slot, the sink allocates

sensing technolqgles, such as energy detec;Uon [25].' licensed channels to sensors based on the channel access
Throughout this paper, we use the following notations. For

a random variabléx, the expected value is denoted By, probability. LetJ(¢) denote the channel allocation matrix of

and its conditional expectation on evedt is denoted by elementsJy, x(t), Yn € N, k € ’C;.J"’.’“(t) =1 c_hqnnelk IS
. N . 7 allocated to sensot, and otherwise is 0. To avoid interference
E[X|A]. The function[z]* denotes non-negative values, i.e

‘among sensors, each channel can be allocated to one sensor
max(z,0). at most

We consider a single-hop EHCRSN o&f sensors forming

> Juk(t) <1, VEEK. @)

neN
Furthermore, each sensor can use at most one channel in each
time slot, so we have

> Juk(t) <1, VneN. 3)
where 7,4, is the maximum sampling rate. The sampling kek

rate is associated with a utility functiofi(r,.(t)), which is  Because there aré transceivers mounted on the sink, the
increasing, continuously differentiable and strictly concave &nk can support at mogt concurrent data transmissions over

rn(t) with a bounded first derivative” (r,.(t)) andU(0) = 0 jicensed channels in each time slot. This can be written as,
[26]. The concavity of the utility function is based on the

A. Sampling Rate and Utility

In time slott, sensom collects data at a sampling ratg(t),
which falls in the range:

0 < ’I"n(t) < Tmazxs Vn € Na (1)

observation that the marginal utility of the collected data Z Z Jni(t) < L. (4)
decreases as the amount of collected data increases in sensor neN kek
networks [19]. The upper bound of the first-order derivative
of U(r,(t)) is denoted by, and equald/’(0). C. Collision Control Model

Due to the inaccuracy of channel availability and PU
B. Channel Detection and Allocation Model activities, PUs and sensors may collide over the channels.

The licensed spectrum is divided int&” orthogonal The EHCRSN may access the channel that is occupied by
channels of equal bandwidth. The set of orthogonal chann&lgs, and thus both data transmissions from PUs and sensors
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fail due to interference. We assume that the PU on chani€l ;- J, () < 1, the energy consumption is bounded by

k can tolerate a time-average collision rate denotedppy P:°*(t) < Pstimar + Pr. We US€Py,a. = PsTymasr + Pr t0

[21]. For examplep, = 1% implies that the PU on channeldenote the upper bound of any sensor’'s energy consumption

k can tolerant at most% of data loss. Recalling that thein a given time slot.

PU on channek is active with rateS;, the target tolerable

collision rate evaluates t@p;. Define a collision indicator

Ck(t) € {0,1}. The collision indicator takes a value of 1 ifE. Energy Supply and Energy Queue Dynamics Model

e e SCATe e Sensor i equipe wi  batery of mited capacy
: '8, VYn € N. Because the battery capacity is the same for

that Ci(t) = (1 — Sk(t)) X, cn Jn.k(t). The time-averaged

rate of collision between PUs and sensors onftfechannel all sensors, we omitted the subscriptfor simplicity. We
) use E,(t) to denote the energy queue length of sensor
can be defined as

In time slott, sensom harvests energy,,(t) and consumes
T—1

_ o1 energyP.otal(t). Thus, the energy queue of sensoevolves
Cp = Jim - > Cult), VkEK. according to
t=0
_ _ total
C}. should be less than the target tolerable collision rate., En(t+1) = Bn(t) — B (1) + en(?)- 7
i.e., - In a given time slot, the total energy consumption of sensor
Ck < Brpr, Yk K. (5) n must satisfy the following energy-availability constraint:

To keep track of collisions between sensors and PUs, we define Pty < B, (t), VYneN. (8)
the virtual collision queu&y(¢) for each channel and a vector ) ) )
of virtual collision queues for all licensed channef(t) = The energy harvesting process is characterized by the energy
(Z1(t), - Zk (t)). supply raten,, (t), which determines the amount of harvestable

The collision queue occupancy varies following a singleenergy of senson in time slot¢. The upper bound ofy, (¢) is
server system with the collision variabtg,(t) as an input denoted byn, < ima., Vn € Nt € T. Furthermorey,, (t)
process ang1,(t) as a service process(t) here is the randomly varies in an i.i.d fashion over slots. Notably, the

Comp|ement of the channel ava||ab|||ty |nd|cat‘b{(f/) =1 = exact distribution Of]n(t) is not required, which is practically

Sk (f/) The collision queue Occupan@C(t—) evolves according useful when kn0W|edge of the EH process statistics is difficult

to [21]: to obtain. The harvested energy(¢) is bounded by, (¢), i.e.,
Zi(t+1) = [Z(t) — pr1x(t),0]T + Cr(t), Vke K, (6) 0 <en(t) <mal(t), VneWn, C)

The collision queue is stable only if the time-average input ralde total energy stored in the battery is limited by the battery
limy o0 1 thO Ci(7) = pifB is less than the time-averagecapacity; thus, the following inequality must be satisfied in

service rateimy o pr 2 S0 (1 — Sik(7)) = Gy, e, each time slot,
= = E.(t) +e,(t) <Q, VYneN. (10)
Jim z_jock(v) < Jim pp- 2_:0(1 — Sk(7)),

which is equivalent to the constraint (5). Therefore, stabilizilg Dat@ Transmission and Data Queue Dynamics Model

the CO||iSi0n queue for eaCh Channel maintains the required PL}rhe amount of data that sensorcan transmit over channel

protection. k is determined by two factors: the availability of channel
) k, i.e., Si(t), and the channel capacity denoted by (¢).
D. Energy Consumption Model Considering the time-varying nature of channel fading, we

In each time slot, the!” sensor senses data with samplingssume thak,, »(t) randomly varies over time slots in an i.i.d
rate r,(t) from the area of interest and saves it in the dafashion and is bounded by, . (t) < Aoz, ¥n € Nk € K
queue. The energy consumpttoof data sensing is assumedas in [17].
to be a linear function of the sampling ratg(¢) [16] and  The data transmission of the sensor on charnéils if
denoted byPsr,(t). If channelk is allocated to the'" sensor, it collides with an active PU’s transmission on chaniel
it transmits data to the sink with powd?r, ¥n € N. Thus, je., S;.(t) = 0. Denotex,(t) as the data transmission rate
the total energy consumptiaR:°**! of the n'" sensor in the of sensorm in time slott. If channelk is allocated to sensor

t'" time slot is n, the data transmission raie, (t) is bounded by
Pl (t) = Psro(t) + Y Jux(t)Pr, VneN. 2(t) <3 JarOSk(OAni(t), YneN. (11)
kek kek
Because the sampling ratg(¢) is bounded byr,... and at | et ,,(¢) denote the data queue occupancy of sensor
most one channel can be allocated to a given Sensor, ighgQ(¢) — (Q (1), Qs (t), - -- , Qn(t)) represent a vector of
LThe time is measured in unit size, thus the implicit multiplication by 1€Ngth of data queues of all sensors. Note that) is the
slot is omitted when converting between power and energy [16] [17]. sampling rate, i.e., sensing rate, of sensan time slott, and
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the dynamics of the data queue can be expressed as: A. Lyapunov optimization

Qnt+1) = Qn(t) — ZJm(t)Sk(t)xn(t)+rn(t), (12)  We define the network state in time slot as
keK H(t) £ (Z(t),Q(t),E(t),0(t)) which captures the
where J, x(t)z, (t) captures the services process whereg§cupancy of collision queue, data queue, and energy queue
r(t) models the input process. This single-server queuiﬁ'@d the conditions that affect the accuracy of channel

system is stable if the following network-stability constrain@vailability estimation. Define a Lyapunov functiod,(t),
is satisfied [28]: as the sum of squares of backlogs in the collision and data

gueues, and the spare capacity in sensors’ batteries as follows:
_— 1 1 1 .
Jim > 0> E[Qn(t)] < oo 13 L) =3 3 () + 5 ZN(Qn(t))2 +3 ZN (~Bu)
ne ne

t=0 neN kek
Constraint (13) implies that the data queues of all sensors have (16)
finite time-average occupancy. whereFE, (t) = Q—E,(t) denotes the spare capacity of thi&
In a given time slot, then'" sensor can only transmitsensor battery. The Lyapunov functidit) can be considered
the available data in its queue; hence, the fO”OWing daﬁscajar measure of the Congestionﬂg(f/) and Qn(ﬁ), and
availability constraint must be satisfied in each time slot:  the capacity availability in sensors’ batteries. A small value

2
)

0< an(t) < Qu(t) YneN (14) of L(t) indicates a low occupancy in the data and collision
Com e ' queues, as well as low spare capacity in energy queLés),
G. Optimization Problem Formulation i.e., the batteries; the converse is also true. Additionally, we

Based on the aforementioned models. we formulate tH&fine the conditional Lyapunov drift as the one-slot difference

stochastic optimization problem. The objective is to maximiZy e Lyapunov function conditional on the network state,
the time-average aggregate network utility of EHCRSNEENoted byA(t) = E[L(¢+1) — L(¢)|H(¢)]. The expectation
subject to the constraints mentioned above. The time-averdgf2ken over the randomness of energy harvesting, PU activity
aggregate network utility problem can be written as and channel fading, as well as th_e randpmness in the energy
management and channel allocation actions.

By minimizing A(t) in each time slot, the data que@e,(¢)
and collision queu&Zy,(t) are pushed towards zero to stabilize
the data queues and collision queues such that the network-
where O(t) = >, U(ra(t)) denotes the network giapility constraint (13) and tolerable collision constraint (5)
utility in a time slot. To simplify the presentation, wesgn pe satisfied. Furthermore, the energy queligg) are
user(t), z(t) and e(t) to denote the vectors of samplingyyshed towards their capacify, such that sensors tend to
rate r,(t), data transmission rater,(¢), and harvested recharge their batteries through energy harvesting. By carefully
energy e, (t) in time slot ¢, respectively. Additionaly, let designing the value of?, the energy queues are guaranteed

O = lim % > —E[0(1)], (15)

T—o0
t=0

L(t) = (r(t),e(t),x(t),J(t)) represent the set of thesey have enough energy for data sensing and data transmission
variables in time slot. o o such that the energy-availability constraint (8) can be satisfied.
The network utility can be maximized by optimizidd(t)  The value of is determined in Theorem 2 in Section V. Thus,

under the following utility maximization formulation, constraints (5), (8) and (13) are satisfied.
(UMP) maxO At this point, the network utility to be maximized has not yet
I() been incorporated. Therefore, we include a weighted version
s.t. Eqgs.(1) to (14) of the network utility into the Lyapunov drift, and instead

of minimizing A(¢), we minimize the following drift-minus-

In the following section, we decompo&BMP into a series .. .
g P pllty Ay (t) function:

of deterministic subproblems and relax the collision constraifl
(5), network-stability constraint (13), and energy-availability Ay (t) 2 E[A(t) — VO()|H (b)), (17)

constraint (8) by employing Lyapunov optimization. _ o )
whereV is a non-negative importance weight that represents

IV. PROPOSEDFRAMEWORK how much we emphasize on utility maximization [28].

With the above-described structure dMP, it is In other words, instead of greedily minimizind(t), we
challenging to design a low-complexity online algorithnninimize Ay (¢) to jointly stabilize the queues and optimize
to optimize the aggregate network utility without a priorthe weighted network utilitO(t). With a sufficiently large
knowledge of the energy harvesting, PU activity and channéllue of V', a close-to-optimal aggregate network utility
fading statistics. The proposed framework is developed 6éan be achieved [29]. However, the data queues and energy
the basis of Lyapunov optimization under which to&IP queues become longer with a larger valuelof such that
problem is decomposed into three deterministic subproblerf@ger data queue buffers and battery capacities are required
This approach facilitates achieving a close-to-optim&b support the EHCRSN. Thus, adjustiigallows a trade-off
aggregate network utility and stability, and does not requirebgtween the reduction of queue length and optimization of
priori knowledge of the above-mentioned stochastic processbe network utility.
statistics [28]. Considering that drift-minus-utilityAy (¢) is a quadratic
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6
function of the queue lengths and variablesigt), Lemma
1 derives the upper bound @y (¢). The upper bound isa | — - — - —
linear function of the queue length and the variable®'{n), | s Distibuted }
which can be efficiently minimized. i S en(t) Do

) . , ! () BM Update !
Lemma 1. Given the variables iT'(¢), the value ofAy (t) b » ¥ J !
is upper-bounded by: o Distibuted »ECHD
| En(t) :
Ay (t) < B+ E[Dy(t)|H(t 18 o= n(l !
v(t) < B+E[Dy (O H(1), a8 ere O gy
where the value of consta is independent oi” and can T > P
be expressed as b Centralized Z(t+1
. HECER O
B = [()\'rnax)Q + (Tmaa;)Q + (Pma;c)Q + (nma;c)ﬂ i Q(t) ‘
2 T » J@)
1 (19) CDRA , \
+_[K+Z(pk)2] Pr(t) —p x(t)
2 kel Z(t) r —» ‘
and Dy (t) is given in Eq. (20). - J

Proof: See Appendix A. [ ]

Rather than minimizing the drlﬂ_mmus_umltyAV(t) Figure 2. A block diagram of the proposed framework showing the

function, we try to minimize its the upper bound, i.e., thgpproblems and the parameters exchanged among them.
right-hand side (RHS) of Eq. (18). Furthermore, for a given

network condition H(¢), only Dy (t) is relevant to the
variables inI'(¢t). Therefore, we minimizeDy (¢) by solving
for the optimal sampling rate-(¢), harvested energg(t),

data transmission rate(t), and channel allocatiod(¢) in

each time slot.

en(t) = min(Q—E, (1), n,(t)); otherwise, set,,(t) = 0.

« Sampling Rate Control
Considering the second term on the RHS of (20) with
constraint (1), we have the following optimization
B. Framework Structure problem to optimize the sampling rate ():
Exploiting the linear structure of Eq. (20P)y (¢) can be . A
minimized after being decomposed it into three subproblems. ~ (SRC) min rn(t)(Qn(t) + PsEn(t)) — VU(ra(t))
In particular, the three subproblems are: battery management 8.6 0 < 7 (t) < Tmas.
(BM), sampling rate controlSRC), and channel and data rate o o
allocation CDRA). Fig. 2 shows the three subproblems and  The utility functionU(r,,(t)) is concave; thus, th€RC
the data flows among them. In the following, we treat each of ~problem is convex. Let the sampling ratg(t) be the

the subproblems separately. The subprobl@&Hk and SRC optimal solution to theSRC problem, based on the
optimize the harvested energy(t) and sampling rate,, (), convex optimization theory [31], we have:
respectively. BotlBBM andSRC require local information only ~ Tmaz

available at the sensor, and they can be distributively solved at i) = Ut (Q”(t) + PsEn (t)> (21)
each sensor. Howeve€DRA is centrally solved at the sink 4 0

because it requires information on the data queue occupancy where -] = min(max(z,a),b) and U'-1() is the

Q(t), energy queue occupandy(t), and channel collision
queue occupancy(t) of all sensors. The sink gathers this
information at the beginning of each time slot via the common
control channel, as in [30]. In the following, each of the
subproblems is solved separately.
« Battery Management
Considering the first term on the RHS of (20) and the
relevant constraints (9) and (10), we have the following

inverse of the first derivative df ().

« Channel and Data Rate Allocation
Considering the third term on the RHS of (20) with
constraints (2), (3), (4), (11) and (14), the problem of
interest is determining the channel allocation madi{x)
and data transmission raigt), which can be written as

AT follows:
optimization problem to solve fo, (¢)
. . (CDRA) min Ik (8) [Zi(8) (1 — Pri(t))—
(BM) inég —FE,(t)en(t) -1(75)79'3(15),,%;”%;C
¢ en(t) < n(t), (Qn(t)xn(t)Pry(t) — PTEn(ﬁ))
T Eat) +en(t) < Q. s.t. (2)(3)(4)(11)(14).
If the battery is not full, ie, E,(t) <  and CDRA optimizes the data transmission ratét) and
E,(t) > 0, the sensor should harvest as much channel allocationJ(t); the former is a continuous
energy as possible. Hence, K£,(t) < €, we have variable and the latter is an integer variable which makes
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Dy(t) = 3" [~Ea®en®)] + 3 [Qu®)ra(®) + Psra(®)En(t) = VU(ra(®))]

neN neN

+ 30 S Tk®) [Z(1 = Pra(®) = (@u(t)an () Pri(t) — PrEa(t)]

neN kek

(20)

this subproblem a mixed integer problem. To facilitate
the design of a tractable resource allocation solution, we
transform CDRA into an integer problem by relaxing
the constraints related to(t), i.e., constraints (11) and
(14). This is achieved over two steps. First, we adjust the
data queue length and modify the objective function of
CDRA; we refer to it hereafter as the modifi€DRA
(m-CDRA). We show that the objective function aof-
CDRA is minimized if sensors transmit data at full
capacity on their assigned channels. Second, we replace

the assigned channel to optimally solve-CDRA.
Therefore, we can replace the transmission rgté)

by channel capacity\, »(¢) in Eq. (23) and, thus,
relax the channel capacity constraint (11) and data-
availability constraint (14). The modifieath-CDRA is
transformed into &A problem as follows:

(CA) rJn(itr)lZ Tk (t) [Z1(6)(1 = Pry(t)—
n,k

(Qn(t))‘n,k(t)Prk (t) - PTEn(t))}

the continuous variable:,,(t) by the channel capacity
An.i(t) in the objective function om-CDRA. Thus, we
can relax constraints (11) and (14) and transformrthe
CDRA problem into a Channel AllocatiofCA) problem,

which is a one-to-one matching problem. These steps are

detailed in the following:
1) Define the adjusted length of the data queue as

Qun(t) = [Qn(t) = Az (22)

After replacing @, (t) by Qn(t) in the objective
function of the CDRA problem, we rewrite the
objective function as

DD k(O M k(). (23)
neN keK

where M, x(t) = [Ze()(1 — Prg(t) —
(Qn(t)xn(t)Pri(t) — PrE,(t))]. Instead of solving
the original CDRA, we solve the modifiean-CDRA

with Eg. (23) as the objective function to find a

suboptimal solution for the origindl DRA.

Suppose thal*(¢) andx*(t) are the optimal solutions
for the m-CDRA; in the following lemmas, we show
that a channek is assigned to sensor if and only
if it has a sufficient amount of data to transmit and
transmits it at full channel capacity.

Lemma 2. For a channelk to be assigned to sensor

.., ek i x(t) = 1, the following must be satisfied

Qn (t) > Amam .

Proof: See Appendix B. [ ]

Lemma 3. If any channel is assigned to the?
sensor in thet!” time under the modifiedh-CDRA,
i.€., > pex I x(t) =1, then we have

z,(t) = Z I k(D) Ank (1),
kek
otherwise,z? (t) = 0.
Proof: See Appendix C.

(24)

(25)

2) Lemma 3 shows that the sensor must fully utiIizS

st (2)(3)(4).

CA can be mapped to a one-to-one matching problem.
Furthermore, due to the limited number of transceivers
on the sink, i.e.L < K, a maximum ofL channels can

be allocated to sensors in a given time slot. Meanwhile,
if L < K, i.e., not all channels can be allocated to the
sensorsCA is an unbalanced matching problem, which
can be solved by the adaptive Hungarian algorithm
proposed in [32]. The complexity of the algorithm
increases linearly with the number of sensors.

C. Utility-optimal Resource Management and Allocation
Algorithm (UoRMA)

In this subsection, we present the UoRMA algorithm in
Algorithm 1. The UoRMA algorithm achieves the optimal
harvested energy™(¢), sampling rate-*(¢), data transmission
ratex*(t), and channel allocatiodi* (¢) by solvingBM, SRC
and CDRA, respectively. Moreover, the occupancy of data
queuesQ(t), energy queue(t) and collision queues (t)
are updated according to their respective queue dynamics.

Both the BM and SRC problems have closed-form

olutions, and can be distributively solved at each sensor.
hus, their complexity is negligible. The complexity of
Algorithm 1 is dominated by solving théA problem in step
8 with time complexity of O(NKL + L?log(min(N, K)))
[32]. Therefore, the complexity of UoRAM increases linearly
with the number of sensorsv. Notably, the complexity
of algorithms designed based on Markov Decision Process
(MDP) increases exponentially withV [33]. Comparing to
the MDP-based algorithms, UoRMA is more computationally
efficient in addition to being scalable for densely deployed
sensor networks.

V. PERFORMANCEANALYSIS

In this section, we analyze the stability and performance
of the proposed UoRMA algorithm. Theorem 1 proves the
stability of EHCRSNSs operating under the UoRMA algorithm
y deriving upper bounds on the length of the data queues and
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Algorithm 1: Proposed UoRMA algoritm

Data: Z(t),Q(t), E(t), Pr(t), n.(t),Vn € N,
Ank(t),Vn € N,VE € K.
Result »*(t), e*(t), *(t), J*(t), Z(t+ 1), Q(t + 1),
E(t+1).
[+ Battery Managenent */
1 foreachn € N do

2 if E,(t) < then
3 | e;(t) = min(Q — E,(t), n,(1));
4 else
5 | en(t)=0;
/= Sanpling Rate Control */

6 foreachn € A/ do
7 | Computer;(t) based on Eq. (21);
/* Channel and Data Rate Allocation */
8 Solve CA problem and sed*(¢);
9 foreachn ¢ N do
10 | if Y ek Ik (t) == 1then

1 | zy(t) = Zkelc J'rt,k(ﬁ))‘mk(t);
12 else
13 | (t) =0;
[+ Update the queue | engths */

14 foreachn € N do
15 Compute@,,(t + 1) based on Eq. (12);
16 ComputeFE, (t + 1) based on Eq. (7);

17 foreachk € K do
18 | ComputeZ;(t + 1) based on Eq. (6);

collision queues. Then, we derive the required battery dgpa
to support the operation of the EHCRSN in Theorem

Cén EHCRSNS.

As we can see from Egs. (26) and (27), both the upper
bounds of data queues and collision queues increase linearly
with the weightV'. Since a large¥” can bring higher network
utility, the linear increase of upper bound on data queues
indicates that a longer data buffer is required at each sensor to
achieve better network performance. Furthermore, the increase
of upper bound on collision queues also indicates that the PUs
may experience more collisions from the EHCRSN. However,
the collision constraint (5) can still be satisfied due to the
existence of the upper bound on collision queues.

B. Required battery capacit

In Theorem 2, we determine the required battery capacity
Q in such a way that the sensor does not sense or transmit any
data if the available energy is less than the maximum energy
consumption of each sensor, i.&, (t) < Pp,q... Therefore,
the energy-availability constraint (8) becomes implicit.

Theorem 2. Under the proposed framework and with a battery
capacity(2 given by
Viu

Q:maX(P—S'i‘anw;Qnm;i;WL"‘Pmaw)7 Vn e N,

(28)
sensorn does not sense data or is not allocated a channel,
i.e., m,(t) = 0 and ), - Jox(t) = 0, if the energy queue
length in a given time slot is less than the upper bound of the

sensor’'s energy consumption, i.&, (t) < Ppaz-

Proof: See Appendix E. ]
The required battery capacity in (28) is determined by both
the transmission powePr and the sensing/processing power
Pg because both data arrival and departure consume energy

Theorem 3 evaluates the gap between the network’s aggregate
utility obtained by UoRMA and the optimal solution toC. Optimality of the UoRMA Algorithm

demonstrate the optimality of UoRMA.

A. Upper bounds on data queues and collision queues

In Theorem 3, the optimality of the UoRMA algorithm is
analyzed.

We derive the upper bounds on the occupancies of quel:[égaore_m 3. Suppose that the optim_al network_ utility that can
and collision queues in Theorem 1. The existence of tf€ achieved by an exact and optimal algorithm@s and
bounds guarantees satisfying the data and collision quél@t the network utilityO achieved by the UoRMA algorithm

stability constraints (13) and (5).

Theorem 1. For a non-negative parametér, P (t) < 1 —

e, Vk,t, and an initialization of the collision queue and data

queue satisfyind) < Z;(0) < Zyaz, Vb € K and 0 <

Qn(0) < Qmaz, Yn € N, where the upper bounds are given

by
Q'rnaw = CUV + Tmazs
Zmaz _ QmamAmaaﬁ(l - 5) + 1’
S
we have
0 < Qn(t) < Qmax, nEN, (26)
0 < Zk(t) § Zmax; vk € K. (27)
Proof: See Appendix D. [ ]

satisfies: ~
0> 0O* B (29)
- V
where B = B+ NK (Apaz)?
Proof: See Appendix F. ]

If we do not transfornrCDRA to CA, then the gap between
the solution obtained by the proposed algorithm and the
optimal solution can be determined BV [28], whereB is
the constant defined in Lemma 1. Thus, the performance loss
caused by the transformation is shown) which is larger
than B. However, by Theorem 3, we see that the UoRMA
algorithm can achieve an aggregate network utility within
O(1/V) of the optimal utility without a priori knowledge of
the statistics of the stochastic processes such as channel fading,
PU activities, and energy harvesting.
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expected because the network utility is a concave function

36 _— of V, as shown in Eq. (42). We take a large valuelofto
1 : ./}f-’j"’%':' " 1 illustrate the optimal network utility)( = 107 in our setting).
3.44 / ------ R Rl EEEE R EEPTEE L We compare the network utility obtained byranging from 5
[ : : : : o] to 1200 to the network utility obtained By = 107. As shown
> | : : : : : : in the figure, the increase of network utility fromh = 1200 to
S 327w T R R R R V =107 is quite limited in comparison to the increasing from
2 : : L | —w—V=5101200 . V =5 to V = 1200. Therefore, the network utility achieved
‘g 0 S R S V =107 ceeead whenV = 1200 is close to the value of the optimal network
g : utility.
Z e RE REEEEES -
s Magnification box
264 h---n-- P PR Feeeee- L. Peeee- T - :

T T T T T T T T T T T T
0 200 400 600 800 1000 1200
Vv

Figure 3. Network utility for the range df = [5, 20, 40, 60, 80, 100, 300,
500, 700, 1000, 1200].

VI. SIMULATION RESULTS

In this section, we provide simulation results to evaluate
the performance of the UoRMA algorithm in EHCRSNSs. The
simulated EHCRSN is randomly deployed in a circular area
with a radius of 30 m and consists &f = 15 sensors. The
sink hasL = 3 transceivers, and is located at the center of this
circular area. Similar to [17] and [16], we define a concave
utility function U(r,(t)) = log(1l + r,(t)), ¥n € N and,
(v = 1. The EHCRSN operates ofi = 4 licensed channels.
The energy consumption rate of data sensifyg= 0.1, and
the maximum sampling rate,,,. = 5. The maximum energy
supply rate is set te,,., = 2, while the energy supply rate
nn(t),¥n € N is uniformly distributed in[0, 7,,q.)-

The PU on channet, Vk € K, is inactive with probability
0.4 in each time slot. Given that PU on chanhdk inactive
in time slot¢, the channel access probabilifyry (t) = 0.9;
otherwise,Pri(t) = 0.1, i.e., the misdetection and false alarn?o

probabilities are 0.1 [14]. The tolerable collision raie Vk € queues increase with the value Bt Furthermore, it can be

K. is set t0 0.05 [21]. Prho n(t) seen that the lengths of data queues converge quickly to the

The channel capacitk,, .(t) = log(1 + =537 =) Where 0 Juerage value. This is because the battery is fully charged
d, denotes the distance between sensomlnd the sink, att — 0, such that sensors can sense data-atl.

noise powerNy, = 1075, and the transmission powét, = . . .

1. Furthermore, the channel fading coefficierits (1) are ~ Fig- 5 shows the collision queue occupancy for different
uniformly distributed betweer0.9,1.1) and i.i.d across time values ofV’. Similar to the data queue dynamics shown in Fig.
slots: i.e., the values 0.9 and 1.1 model stable chandelthe time-average lengths of the collision queues increase
conditions [16]. The upper bound of the channel capacity ydth larger values oV_, and the lengths of the collision queues
Amas = 2 [16]. The energy queue is initialized as in Eq. (28§gctuate around a time-average value after the convergence.

in time slott = 0, whereas the data queue and collision quey¥hen the collision queue is small, the UoRMA algorithm
are empty att = 0. The length of the simulation is set tot€nds to allocate the channel to sensors for data transmission.

17| =2 x 10, If the allocated channel is actually occupied by PUs, the
collision queue increases back to the time-average value.

- ) Therefore, the collision queue length affects the dynamics

A. Network Utility and Queue Dynamics of the queue’s fluctuation. In addition, sensors’ data queues
In Fig. 3, we evaluate the network utility versus the value @nd energy queues lengths also affect the dynamics of the

V ranging from 5 to 1200. The figure shows that the netwofkuctuation, because the UoRMA algorithm tends to allocate
utility increases with increase &f. However, the rate at which channels to the sensors with long data queues and small spare

the network utility increases decreases with largefThis is capacity in the energy queues.
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Figure 4. Data queue occupancy for different valued/of

Fig. 4 shows the data queue occupancy over 20,000 slots
r different values oflV/. The time-average lengths of data
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B. Impact of Parameter Variations
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4.4
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In the following, we evaluate the impacts of various systefé
parameters on the network utility. Assuming all channels ha&
the same PU inactivity probability ranging from 0.5 to 0.9, WZ
first verify the network utility in Fig. 6. The figure shows that 3.6
the network utility increases with increase in the PU inactivity
probability. At the same time, the rate of increase in the
network utility decays with higher PU inactivity probability 3.2

due to the limited energy supply rate. 1 2 3 4 5 6 7 8

Transmission PowePr

Figure 8. Network utility versus transmission powgf.
4.0+
381 However, similar to Fig. 6, the growth rate of the network
’ utility decays with highern,,.... This indicates that, given
- sufficient energy supply, the network utility is bounded by
£ 3.6 the channel availability which also limits the sensors’ chance
2 of transmitting data.
g 34 Fig. 8 shows the network utility versus transmission power
g Pr. As shown in the figure, there exists an optimal value of
: Pr that maximizes the network utility. In our simulations, the
3.2 . optimal value of Py is 4. If Py is smaller than this optimal
: value, the available channels are underutilized which leads
3.0 . . . . to lower network utility. However, ifPr is larger than this
" 05 0.6 0.7 0.8 0.9 optimal value, sensors need more time to harvest energy for
PU inactivity data transmission, which also reduces the network utility.
Figure 6. Network utility versus PU inactivity probability. Fig. 9 shows the network utility versus the number of

transceivers that are mounted on the sihk,Since the sink

Fig. 7 shows the network utility versus maximum availablean support more concurrent data transmission with more
energy supplyn... ranging from 1 to 5. The network transceivers, the network utility increases withvhenL < K,
utility monotonically increases with increasing,,. because i.e., number of transceivers is not larger than the number of
more energy can be used to sense and transmit ddizensed channels.
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APPENDIXA
PROOF OFLEMMA 1
By squaring both sides of Eq. (6), we have Eq. (30).
Similarly, we have Eg. (31) from Eq. (12), and Eq. (32)
from Eq. (7), respectively. Substitutin@[C(¢)|O(t)] =
g Y okek Ink(t)Pri(t) and E[1 — Si(2)|O(t)] = 1 — Pry(t)
) into Eq. (31) and rearranging the equation, we have Eq. (20).
4
E S (26 + 1) = ()]
5]
= [(Cx (1) + (p11)” + 2Z0(1)(Ci (1) — pile)]
< . (30)
1 2
< # + Zik () (Ci(t) — prlk).
T T ; T T 1
1 2 3 4 5 [(@n(t+1))" = (Qn()]
Number of Transeiverg, 5
Figure 9. Network utility versus number of transceiveérs < % [(Z Ik (8)xn (1) Sk (t))
ke
VIl. CONCLUSION + (rn(t))” +2Qn(t < I;CJnk Tt &())]
In this paper, we have developed an aggregate netWOQ(()\max)2+(rmax) J 1S
utility optimization framework to facilitate the design of — 2 @it ,;C nk(B)en(t)Si(?)
an online and low-complexity algorithm for managing (31)

and allocating the resources of EHCRSNs. The proposed

framework captures and optimizes stochastic energy harvestm]g[ Eu(t+1) — Q)% — (Ea(t) - Q)z}

and consumption processes, as well as stochastic spectruin

utilization and access processes. We employ Lyapunov [(P,i"*al(t))%r(en(t)f—2En(t) (en(t)—P;"i“l(t))] (32)

optimization to decompose the problem into three sub-= 2

problems that are easier to solve, battery management, (p,...)? + (fmax)? rotal
sampling rate control, and data rate and channel allocation= 2 = 2En(t) (e"(t) —Pa (t))
The solutions proposed to solve the three problems constitute

the proposed utility-optimal resource management and APPENDIXB

allocation (UoRMA) algorithm. The optimality gap and PROOF OFLEMMA 2

bounds on data and energy queues are derived. The proposesrst, we prove that if there is any channel assigned to
algorithm achieves a close-to-optimal aggregate netwosknsorn, its adjusted queue Iengtfjn(t) > 0. Suppose that
utility while ensuring bounded energy and date queueshannelk is assigned to sensor, i.e., J:,(t) = 1, it is
Simulations verify the optimality and stability of EHCRSNob\,,Ous thatMnyk(t) = Znt)(1 — prk(t)') + PrE,(t) —
when operating under UoRMA algorithm. The Outcomed (), (t)Pry,(t) < 0. Since Z,(t)(1 — Pry(t)) > 0,

of this work can be used to guide the design of practlcﬁrE ) >0, andz,, (t)Pr(t) > 0, the adjusted data queue
EHCRSNs by guaranteeing PU protection and senscpéﬁgth becomes larger than zero, i@,,(t) > 0.

sustainability. Then, we prove that if),,(t) > 0, then the queue length
For future work, we plan to investigate stochastic energy, (t) > Amas. Recalling thath(ﬁ) = max(Qn(t) —

management and channel allocation for EHCRSNSs to collegt . 0), Qn(t) > 0 implies thatQ,,(t) — Apaz > 0, i.€., the

delay-sensitive data. In addition, the adaptive transmissiggata queue lengtty,, (t) is larger than the maximum channel
power of sensors will be considered. capacityAmaz-

APPENDIXC
PROOF OFLEMMA 3

This work was partially supported by the Fundamental We first consider the condition that sensois not assigned
Research Funds for the Central Universities of the Centraith any channel, thus/, , = 0, vk € K. According to
South University (No. 2013zzts043). Also, this work wasonstraint (11) and:,,(t) > 0, we havez?, (t) = 0.
supported partially by the Kuwait Foundation for the Next, we prove thatry,(t) = >, cx Jii (£ Ak (2) is the
Advancement of Sciences under project code: P314-35EO-0fitimal solution for the condition tha}_, ., J; ,.(t) = 1.
Furthermore, it was also supported by National Naturslfe usek, to denote the channel assignment to semsare.,
Science Foundation of China (61379057, 61272149) ad{, = 1. SinceM, x, is inversely correlated with the value
NSERC, Canada. of :cn( ), the value of:cn( ) should be as large as possible to
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minimize M, .. The value oft,, (¢) is bounded by constraints Then we derive the value of2 in such a way that no
(11) and (14), i.e., the channel capacity and data queue lengfiannel can be allocated to sensoii.e., >, - Jn () = 0,
Qn(t). According to Lemma 2, we can see that the data queifieE,, (t) < Pn... As we can see from the objective function
length Q.,,(t) must exceed the maximum channel capacigf CA, no channel can be allocated itoif
(@n(t) = Amaz) It X pcx I i (t) = 1. Therefore,z, (t) is - A
only bounded by channel capacity constraint in (11). Then wék(O)A = Pri(t)) + PrEn(t) — Qu(t)An.r () Pre(t) 2(3'4)
h h i . () = A\ . .
ave the optimak, (f) to be;,(t) = Ank, (*) Rearrange equation (34) to

APPENDIXD Q> Qn(O)An k() Pri(t) — Zi(t)(1 — Pri(t)) + BN,

PROOF OFTHEOREM 1 Pr (35)

At ¢t = 0, Eg. (26) holds. In the following, we prove Eg. Since Pry, < 1, O, ) <0, Zu(t) > 0 and Ay x(t) <

(26) by inductions. We first assume that Eq. (26) holds in time
slot ¢, and then prove that it holds i+ 1. m>“’”“”’ we can change the RHS of Eq. (35)asAmaa/ Pr+

E, (t). To guarantee that no channel can be allocated to sensor
1) If sensorn does not sense any data, then we h@yét + nif E(t) < P, O can be set t@) > @mezdmaz | p
. n maxs - P max -

1) < Qn(t) < WV + rmaa; , _ Theorem 2 is thus proved. ’
2) If sensor n collects data with sampling rate

ri(t), given in Eqg. (21), then we have
VU (rp(t) = Qu(t) — Ps(En(t) — ©) and APPENDIXF
Qn(t) < VU'(ry(t)). SinceU'(r;(t)) < Cu, Vra(t) PROOF OFTHEOREM 3
where (y denotes the upper bound of the first-
order derivative of U(r,(t)), Vr.(t), we have We prove the theorem by comparing the Lyapunov drift
Qn(t) < V{y. Furthermore, sincer}(t) < rmna, with a stationary and randomized algorithm denotedlbyVe

we haveQ,(t + 1) < Qn(t) + rmas < VCu + Tmaa- introduce superscridll to variablesr''(t), e'(t), J'(¢), and
Summarily, we have),,(t+1) < V{y +7ma. This completes Ptetal.Il(1) to indicate that these variables are generated under
the proof of Eq. (26). algorithmII. Since all of the PU activities, channel condition,

Then we prove Eq. (27) by inductions. At = 0, the and EH process change in i.i.d manners across the time slots,
collision queue is initialized as an empty queue. We proagcording to Theorem 4.5 in [28], algorithbh can yield

that if Eq. (27) holds in time slot, it will hold in ¢ + 1.
1) If Py(t) = 1, then no collision can happen, such that E Z U(rii(t))| < 0* +, (36)
Zi(t+1) < Ze(t) < Zimao. neN
2) If Pp(t) <1—¢,andZ(t) < Zpasr — 1, then we have
Zi(t+1) < Zu(t) + 1 < Zimas. E [ Y (C(t) = pr(1 = Si(t)) | | < 016, (37)
If P(t) < 1 — ¢ and Zx(t) > Zmar — 1, kek
then we have Z,(t)(1 — Pri(t)) — Pr(E.(t) — -
Q) — Qu(t)z,(t)Pry(t)) > 0, so channelk can E Z T"(t)*zjnvk(t):”"(t)s’“(t) < 029, (38)
not be allocated to any sensor in proble@A. neN hex
This would vyield Cy(t) = 0. Therefore, we have M/, _ ptotal,Tl <
Zk(t + 1) S Zk(t) S Z’rna:c- E Tgf (en (t) Pn (t)) — 9365 (39)

Summarily, we haveZy (t + 1) < Z,,4.. This completes the

proof of Eq. (27). whered > 0 can be arbitrarily small, and;, 0> and p3 are

constant scalars.

A E In each time slot, the UoRAM algorithm minimizes the right
PROOFPSE_'I\_'E;REM 5 hand side of the Lyapunov drift in Eq. (40)
. . . . The proof of Eq. (40) can be obtained by Theorem 2 in [17].

We first derive an expression forin such a way that sensornote thatA (t)— VE[Y. e Ulra(1)] < B+E[Dy ()| H(t)),

n does not sense data, i.e,(t) = 0 if En(l) < Prac-  whereB = B+ NK(Amas)? is a constant w.r.t. the variables,
The sampling rater, (¢) is determined by Eq. (21). Thee can have the following inequality:
utility function U(r,,(¢)) is concave; thereford/ = (r,(t))
andr,, (t) are inversely proportional. Based on Eq. (21), sensor _
n does not sense any data, i.e., the sampling ratg(ig = 0, Alt) - VE Z Ulra(®)

|f neN
] P EL <R AUoRM A 41
QO IPE ¢, 5 g - <B+E [DYr )| H (0] (41)
3 <B +E[Dy(t)]
Recall thatFE,, (t) = 2 — E,(t) and rearrange Eq. (33) to <B+ (014024 03)8+ 0" +36

Q> % + E,(t). To satisfy that the sensor cannot sense ) . )
any data wherg,, (t) < Pz, £ can be set as follow® >  where DY°fMA(¢) and Dil(t) denote the value oDy (t)
VP—CSU + Praz- obtained under UoRMA algorithm and algorithnil,
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Z Zk k() — pr(l — Sk Z en ) - Priomlﬂ(t))
kek neN (40)
= > (VU(ra(t) = Qult) Z D Tk ()2 (£) Sk (1) Qn(8),
neN neN kek
respectively. By setting to zero, we can have [16] W. Xu, Y. Zhang, Q. Shi, and X. Wang, “Energy management and
cross layer optimization for wireless sensor network powered by
. ~ heterogeneous energy sourcéEEE Trans. Wireless Commuywol. 14,
A(t) = VE | U(ra(t))| < O* + B. (42) no. 5, pp. 2814-2826, 2015.
neN [17] L.Huang and M. Neely, “Utility optimal scheduling in energy-harvesting

Taking the expectation on both sides of (42), summing up thes]
equations fort € T, dividing by 7" and letting7 — oo, we

haveO > O* —

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

El

[20]

[11]

[12]

(23]

[14]

[15]

B/V. Theorem 2 is thus proved. [19]
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