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Long-Term Scheduling and Power Control for
Wirelessly Powered Cell-Free 10T
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Abstract—We investigate the long-term scheduling and power
control scheme for a wirelessly powered cell-free Internet-of-
Things (IoT) network which consists of distributed access points
(APs) and a large number of sensors. In each time slot, a subset
of sensors is scheduled for uplink data transmission or downlink
power transfer. Through asymptotic analysis, we obtain closed-
form expressions for the harvested energy and the achievable
rates that are independent of random pilots. Then, using these
expressions, we formulate a long-term scheduling and power
control problem to maximize the minimum time-average achiev-
able rate among all sensors while maintaining the battery state
of each sensor higher than a predefined minimum level. Using
Lyapunov optimization, the transmission mode, the active sen-
sor set, and the power control coefficients for each time slot
are jointly determined. Finally, simulation results validate the
accuracy of our derived closed-form expressions and reveal that
the minimum time-average achievable rate is boosted signifi-
cantly by the proposed scheme compared with the simple greedy
transmission scheme.

Index Terms—Cell-free Internet of Things (IoT), long-term
scheduling and power control, Lyapunov optimization, max—min
fairness, wireless power transfer (WPT).

I. INTRODUCTION

OWDAYS, the Internet of Things (IoT) has become a
Nubiquitous technology with wide applications on trans-
portation, healthcare, agriculture, and other aspects of our daily
life [1], [2]. The limited energy storage of IoT devices [3] and
massive connectivity [4] are two main challenges to hinder the
proliferation of IoT technologies and have attracted intensive
research interests in recent years [5].

A. Related Work

Wireless power transfer (WPT) is regarded as a promis-
ing technology to tackle the energy shortage problem of
IoT devices. WPT has been mainly considered for three
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scenarios: 1) energy broadcasting without information trans-
mission [6], [7]; 2) simultaneous wireless information and
power transfer (SWIPT) [8], [9]; and 3) the wireless pow-
ered communication network (WPCN), which is more suitable
for IoT [10], [11]. In WPCN, IoT devices first harvest RF
energy from the downlink and then transmit data to access
points (APs) through the uplink. Although multiple antennas
can improve the efficiency of WPT [12], the performance of
cell-boundary users is still poor, which results from the heavy
path loss in both the downlink WPT phase and the uplink data
transmission phase.

Recently, cell-free massive MIMO with distributed and
cooperative APs has been proposed to improve both the spec-
tral and energy efficiencies. Compared with cellular massive
MIMO, the heavy path loss of the cell boundary terminals
can be avoided since the distances between the terminals
and served APs are smaller. With the help of cell-free
massive MIMO with a user-centric architecture [13], [14],
Wang et al. [15] proposed a wirelessly powered cell-free
IoT scheme with jointly optimized downlink and uplink
power control coefficients. Compared with WPT in small cells
and collocated massive MIMOs, the WPT efficiency of the
cell-free IoT has been improved significantly.

In cell-free massive MIMO systems, random pilots are
wildly adopted since it is impossible to allocate finite orthog-
onal pilots to massive amounts of sensors [15], [16]. Due
to the nonorthogonality of random pilots, the channel esti-
mate is degraded by pilot signals transmitted from other
users [13]. That is, the nonorthogonal random pilots will
reduce the accuracy of channel estimation and further decrease
the efficiency of WPT and data transmission. Therefore, user
scheduling is critical to satisfy the massive connections in
wirelessly powered cell-free IoT. The traditional scheduling
methods usually focus on improving the instantaneous network
performance [17], [18], which may cause some sensors with
bad channel conditions never scheduled.

Motivated by this fact, we aim to design a long-term
scheduling strategy to serve more sensors in the wirelessly
powered cell-free IoT network. The Lyapunov optimization
method is an effective way to improve the infinite horizon
average objective function without predicting the future state
[19], [20], which has been used to design scheduling strate-
gies in some works [20], [21]. In particular, with the help of
Lyapunov optimization, Zhai et al. [21] designed an energy-
efficient user scheduling for NOMA-based IoT networks to
minimize the time-average power consumption while sat-
isfying the time-average rate requirements for all devices.
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Through optimizing energy beamforming, Choi and Kim [22]
minimized the time-average power consumption of the AP
while meeting the given time-average rate requirements for
all nodes in a WPCN.

B. Contribution

To serve more sensors, we investigate the long-term
scheduling and power control scheme for a wirelessly pow-
ered cell-free IoT network. Our contributions in this work are
threefold.

1) We provide an asymptotic analysis to obtain closed-form
expressions for the harvested energy and the achievable
rates that are independent of random pilot sequences.

2) To serve massive amounts of sensors, a long-term
scheduling and power control optimization problem
is formulated to maximize the minimum time-average
achievable rate while maintaining the battery state of
each sensor higher than a predefined level. By solving
the problem, the transmission mode (energy harvest-
ing or data transmission), the active sensor set, and the
power control coefficients for each time slot are jointly
determined.

3) Under the Lyapunov optimization framework, the long-
term problem is transformed into a sequence of
optimization problems of minimizing the Lyapunov drift
plus penalty for each time slot, which can be solved effi-
ciently using our proposed low-complexity methods. The
simulation results reveal that our scheduling and power
control scheme can boost the minimum time-average
achievable rate significantly.

Different from previous works on WPT [23], we investi-
gate the wirelessly powered cell-free IoT with nonorthogonal
random pilots. Due to the nonorthogonal pilots, the estimates
of channel vectors between different sensors and the same
AP are dependent, which leads to challenges for deriving
the asymptotic expressions for the harvested energy and the
achievable rates. Compared with previous scheduling schemes
such as [24], it is challenging to jointly design the long-term
scheduling and power control scheme for a wirelessly powered
network, since we need to strike a balance between the WPT
and data transmission and to guarantee the fairness among
Sensors.

The remainder of this article is organized as follows. In
Section II, we describe the system model and formulate the
problem. The asymptotic analysis is provided in Section III. In
Section IV, we transform the long-term scheduling and power
control problem into Lyapunov optimization. The algorithm
for solving the uplink and downlink subproblems in each time
slot is described in Section V. The simulation results are given
in Section VI. Finally, Section VII concludes the article.

II. SYSTEM MODEL AND OUTLINE OF RESULTS
A. System Model
We consider a wirelessly powered cell-free IoT network [15]
with L APs and a set of randomly distributed single-antenna

sensors denoted as KC with |KC| = K. Each AP equipped with
N antennas is connected to a central processing unit (CPU) via
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Fig. 1. Scheduling for cell-free IoT.

a perfect back-haul network. In each time slot ¢, only a subset
IC,(IZ) with |IC,(f)| = K, are scheduled as active sensors while the
remaining sensors are inactive. As shown in Fig. 1, each time
slot of duration A seconds contains 7. orthogonal frequency-
division multiplexing (OFDM) symbols, in which t OFDM
symbols are used for channel estimation, while the remaining
T. — © symbols are used for downlink WPT if §¢) = 1 or
uplink data transmission if 8§® =0, where

s =10,1}, t=0,1,2,... (1)
indicates the transmission mode with §® =1 — §®.
Let 60 = [91('), e, Glg)]T denote the sensor states in time
slot ¢ with
6] =Ki and 6 € (0.1}, keK @)

i.e., the set of active sensors is ICc(f) = {k: 0,5” = 1}. The

channel between the kth sensor and the nth antenna of the /th
AP in time slot ¢ is

) _ ®
8nyk =V BLih( )

where B is the large-scale fading coefficient, which depends
on the location and is assumed known to the APs. hg’)n)’ Pl
CN(0, 1) represents the small-scale fading coefficient, which
remains invariant in each time slot, but varies independently
from one slot to another. The channel between the /th AP and
the kth sensor is denoted as

(0 [ 0

T
— (0 Nx1
81k = g<1,1>,k~-"g<l,N>,k] cC

while the channel between the nth antenna of /th AP and all
sensors is denoted as

T
0 _[,0 ® K1
8 = [g(l,n),l’“-’g(z,n),K] e CT

B. Channel Estimation Phase

At the channel estimation phase in each time slot, all K,
active sensors simultaneously transmit their pilot sequences
to APs. Let ¥ = [¢,...,¢¥x] € CK where ¥, ~
CN(0, [1/t]I;) denotes the pilot sequence of the kth sensor.
In the tth slot, the received pilots at the nth antenna of the Ith
AP is given by

K
@ _ @ (0 ()
Yy = TPp Z O 8 k¥ Wi

=1

= /o, w08+ wi) e ! (3)
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where w(l n "~ CN(0, 0°I,) is the additive noise at the nth
antenna of the /th AP, p, is the pilot transmit power, and
0" = diag(9”) is the diagonal matrix indicating the sensor
states. Using the received pilots y&)n), the LMMSE channel

estimate gg)n) is given by

H
S0 _ 407"
8 = [Al ] Yiin

which implies that the kth entry of &, is
~(0) O] ®
8k = [az k] Y(t.ny @
where
-1
A = VB (1. + E,wD"w") " wD[".

E, = tpp/0?, D;t) = diag(B1, ..., BL.x)O?, and a}t,)( is the

kth column of A;t). Define
z" =1, + E,wD\"w"
=I.+ Y Epvyl. (5)

jex®

The mean squared value of the channel estimate gg)n) 18

given by
2 H
© 5 _|r(s® [0
Vik = E[ ‘ i| = [E<g(1,n)[g(1,,,)] >:|kk
= Tppﬂl,k'ﬁkHaYz
1
= T,Opﬂfk'l'k [Zy)] Vi kek?. (6)

C. Tranmission Phase

1) Downlink WPT: If ) = 1, during the remaining 7, — 7
symbols, the APs jointly perform energy beamforming to the
active sensors based on channel estimates, i.e., the transmitted
signal from the /th AP within the £th OFDM symbol is

X0 [ 000" 00 4 _
=Vp Z ;9 [glj] g =T+ ..,

~ CN(0,1/(T; — 1)) is the £th symbol to the jth

T. (7)

10
where qj(- 0
sensor, and

) =0 VI (8)

denote the downlink power control coefficients. The transmit
power of each AP is constrained by

T
< 2
PO= 3 E[fo"” H i|§N,0d v ©)

{=t+1

where Np; is the maximum transmit power of each AP.
Substituting (6) and (7) into (9), we have

K
k=1

(10)
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Then, the received signal at the kth sensor is

L
L0 = [el] HO 0 =
=1

where v,(f) ~ CN(0, o%/(T, — 1)) is the noise. The amount
of harvested energy at the each active sensor during each time
slot can be expressed as

T, (11)

2
glgt) =1 -a)AzsV6 (T, — r)]EUZ,(f’O‘ ] (12)

where « = 1/T, and ¢ € (O,
conversion efficiency.

2) Uplink Data Transmission: If §0 = 0, during the
remaining 7, — t symbols, K, active sensors simultaneously
deliver their data to APs. The received signal at the /th AP
within the ¢th OFDM symbol is given by

(lﬁ) \/EZ /5(1)9(1) Etj) J(IZ)_i_nl(t@)

where 5" denotes the ¢th uplink symbol of the jth sensor
with E[|s}t’£)|2] = 1/(T. — 1), p, is the maximum transmit
power of each sensor, ngt’[) ~ CN (0, [02/(TC — 1)) is the
additive noise, and é,ft)
of the kth sensor with

0<g” <1,

1) represents the energy

represents the power control coefficient

kelk. (13)

The energy consumption of each active sensor for data trans-
mission in each time slot is

E) =1 -0apb g <b”, kek (4

where b,(:) is the battery state of the kth sensor at the begin-
ning of time slot z. Each AP individually performs beamforing
and then sends g{’kr,(”‘) to the CPU, which detects s,(f’e) using

matched filtering (MF) as follows:
H
) 50 ] @0
]E[[gz,k] gl,k:| Sk

L H
A0 _ NON S (NOR
Sk = § :[gl,k] =
C

=1
L
® A () ( () ((X9]
+ \ puby Z([gl,k] 81k~ E[[gl,k] glk:|)
=1

() (t )
815

> JTZ[ s

Jj#k,jek

G
H
50 (2,0)
gl,k] n

Cs

where C; is the desired signal, and C, +C3+Cy is the effective
noise. Since Cy, Cy, C3, and C4 are uncorrelated, the achievable
rate of the kth sensor is lower bounded by [13], [14]

RY = (1 —a)50g log2<1 + F,i”) b/s/Hz

(15)
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where the effective SINR I is
o _ C1 7
© RG] + E[ICs12] + E[IC4l?]
where the expectation is taken over small-scale fading.

3) Battery Model: Let by,x denote the capacity of the bat-
tery. Since b,(f) - E,(:) > 0 from (14), the battery state of the

kth sensor b,(f) is updated at the beginning of each time slot
according to

(16)

b+ = minlb” —SUEL + 5060, by ). (17)

From (14), in order to guarantee certain minimum data rate,
we constrain the battery state of each sensor at the beginning
of each time slot to be above a predefined threshold by, i.e.,

b > by, kek. (18)

D. Outline of Results

Note that the quantities yl(t) 51?)’ and R,(J) given in (6), (11),
and (15) are functions of the random pilot sequences W. In
Section III, an asymptotic analysis is performed as 7 — oo
while keeping o, k = /K, and E, fixed, which shows
that y; g, g’k(t), and Ry (f) become independent of ¥ in this
regime, i.e.,

V=70, kekl=1,

EP— &PV 250, kek
RV R 2% 0, kek

5(1)

where & is a tight lower bound of &, ® The closed-form

expressions of yl > EIEI), and R(t) (that are independent of W)
can be used to predlct the performance of the general case
with large but finite length of pilot.

In Section IV, we consider a long-term scheduling and
power control problem to maximize the minimum time-
averaged achievable rate mingejc limy_ oo (1/7) ZIT;OI S(’)Rl(f)
while meeting all the constraints detailed in Section II-A.
Specifically, given the large-scale fading coefficients {f; x}, the
overall policy in time slot ¢ consists of the transmission mode
8D, sensor states 8, downlink power control coefficients 5,
and uplink power control coefficients £, i.c.,

PO — {8(1)’0(1)’ 7®, g(f)}

and the long-term optimization problem is formulated as

19)

T-1

o] (1)
P;: max min lim — R
! {p(ti(} keK T—oo T ; k

s.t. (1), (2),(8), (10), (13), (14), (17), (18). (20)

In general, Py is NP-hard due to the following reasons. First, it
is a max—min problem with an infinite horizon average objec-
tive function. Second, the constraint region is also over infinite
horizon. In addition, it is a mixed integer program due to the
0-1 constraints with respect to (w.r.t.) the sensor states.

To overcome these difficulties, in Section IV, we first
relax P; into a maximization problem P, with long-term

constraints. Through establishing virtual queues, P, is then
reformulated into a maximization problem P, with the con-
straints on the rate stability of virtual queues. Using Lyapunov
optimization, problem P’ is then decomposed into a sequence
of optimization problems of minimizing the Lyapunov drift
plus penalty for each time slot. To solve the problem for
each time slot, in Section V, we propose two low-complexity
optimization methods for the downlink WPT and the uplink
data transmission, respectively.

III. ASYMPTOTIC ANALYSIS AS T — 00
Based on (5), denote

Zl(tl)c = Z(t) — EpBri¥vl
=L+ ) By
jekP /Ky

= =H
=1+ IR IN

where Z;; = \I'kZI(lkm, with ¥, = ( .,wj,...,), and
S = diag(,.... EpBij.....) with j € K /{k}. Then, it
is straightforward to obtain the following lemma according
to [26, Th. 1 and 2].

Lemma 1: As T — 00, we have

—1

tr[(l}f,’c) ]/r — 20 2%, @1)
-2 - s,

tr[(Zf,)() } jr— 20 250, (22)

U]
Z,} 1s given as
—1
EpBuj

20 _
b t(1+)

+1

jekd k)
andg=1[....,6,..., 17,je ICff)/{k} is the unique solution
to the following set of fixed-point equations:

—1

= Eppi,

> —(E”ﬂ” 1

(1l + ¢
'EIC,(,')/{k} g])

with initial values ¢; = 1. Z( Ik 1s given as

(1) 1 EppLisj ) -2
Zlk = |:1 + - Z/GIC()/{/(} (1+ ]) :||:Zl,k]
and ¢ =1,....¢&,....17.j € K /{k} is given by

&= (Ig-n —J) e

B E}B1iBui 0172
Uji=——""3|2ik
1:(1 + §j)
2
[c]; = [7181,./[2[(,[12]
A. Asymptotic Analysis of Vl(,tk)

Theorem 1: As T — 00, the mean-squared value of channel
estimate given in (6) almost surely converges to a deterministic
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value independent of the random pilots ¥, i.e.,

W=7 0, kekd (23)
where
2 2
-0 _ EpBiv 21k 24
J/],k - (l‘) . ( )
1+ Ep,Bl,kZLk
Proof: See Appendix A. |

B. Asymptotic Analysis of Slit)

To analyze E,Et) in (12), we first introduce the following
lemma from [15] on the LMMSE channel estimation with
random pilots.

Lemma 2: For m,l € {1, ..
we have

. L} with m # [ and k € K,

]

Lemma 2 reveals that the channel estimates between differ-
ent APs and a sensor are uncorrelated. However, the channel
estimates between an AP and different sensors are correlated,
since QE;) .« depends on gg?n)’j and ¢; with j € ICff), which

can be seen from (3) and (4). Since the channel estimation
5 (1 _ 40 50 @0 .

cov[gy,)(, gf;)k] =0
and cov|:Hg(t) §£,?k

’

error g, =8, — 81k is independent of 8k % in (11) can
be rewritten as
Z/(:'Z) Z[ (z)] (t.0) +Z[ (1)] x;t,l) +vl((tl)
I=1
*
)
oo at] [s] o
=1
Su
L T
0007 [a07" .0 071 0o o
+ZZVP a9 [gzk} [ ] +Z[gz,k] A
I=1 jk I=1

Skz

Since S and Sy are uncorrelated and zero mean, we have
P = (1 —a)AL8D0L py(T, — 1)
X E[ISkl ? + 1Se2l* + ZETf{Sklskz}]

> (1 - a)AL8D0" py (T, — T)E[|Sk1 Iz]

L 2
=1
= (1 —a)AsP0 py
L o T s ®
n_(t (t 1) (1) t
<ol o5 et e [ o] |
=1 m=1
L 2
2 (1 - w)A508 pN N(Z n}’)yﬁj)
=1

L
0f,,®
+D M [Vz k ]
=1
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> &2 - a)A;fs(’)e(”pdNQ(Z\/m")yﬁ?) (25)

where step (a) is obtained according to Lemma 2 and
E[|lg (')|| ]=NWN + 1)[)/1?2]2. It is straightforward to prove
that 5,8) — 52” as N — oo, which implies f:',gt) is a tight
lower bound on S,ft) for large N. Substituting (23) into (25),
we have

EP &P 250, as v > 00, kek? (26)

where
2

L
E" = (1 — ) Az800" paN? (Z myﬁ)) '

=1

. . (1)
C. Asymptotic Analysis of R,

For given pilots ¥, the SINR in (16) can be expressed
as [15]

1) (1)
o _ D, &
k (1) (0 (1) (t) (1)
U 5 JFZJeICé”/{k}I 5 TN

27
where

0 _
D) =

L 2 L
W(3on) - =3
=1
L
2 )
o Zm
=1

N =
and
2

]El; = Pu Z ﬂlj Hagt])( + puEpN

K
+ puEp Z Z ,BZ,j,Bl,i

=1 i=1

L

H (1
Z BLiv; agl)(
I=1

H (1
wliaf)|’

Theorem 2: As T — o0, the rate in (15) almost surely
converges to a deterministic value independent of the random
pilots W, i.e.,

RO _KD 250, ke Kl
where
Rl(:) — (- a)g(t)g(’) log, (1 + f‘lg)), b/s/Hz
t t
flgt) T F0:0 D()g() (®) (f) val! (28)
U, +Ze,€<z>/k}l & + N
D = Npu@l 1;;;3 o0 = z,L | T Bk

I(t) = Pu Zl 1B, IQlk + ouEp Zl 1/311161 kﬂlk, and ./\_fk(t) =
02 ZIL:] flft) with

(t)
® pﬂz k
!

2
(1 + Epﬁz,k31(2>
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2
2 (1)
o Epﬁz,k[zl,k]
Uk = 0\2
(1+ EpBuzl?)
Proof: See Appendix B. |

D. Impact of More Active Sensors

It is noted that yl(t) S,Et), and R() are functions of the large-
scale fading coefficients of actlve sensors. We now examine
the effect of addm more sensor to the current set IC(’) on
each sensor k € IC . In particular, let yl ) be the asymptotic
mean-squared value of channel estimate given in (24), and

[VI(Q] be the corresponding value when the active set becomes

[IC,(;)] D IC,(f) by activating some inactive sensors in IC/IC§’).
We have the following result.

Lemma 3:
[VI(Z)] <7 kek® 1=1,....L (29)
Proof: See Appendix C. "

Remark 1: The mean-squared error of the channel esti-
mate is

® ® 5 _ ®
ezk—E[”g(z,n)k g(ln)kH ] = Bik = V- (30)
Lemma 3 reveals that the accuracy of channel estimation is
reduced by activating inactive sensors. The reduced yl() fur-

ther degrades the amount of harvested energy E,E) in (26) and

(0

the achievable rate R in (28), since they are both monotoni-

cally increasing functlons W.I.t. yl Spec1ﬁcally, the influence
on the efficiency of WPT is more pronounced since it is
proportional to the square of )71(2.

IV. LONG-TERM SCHEDULING AND POWER CONTROL

In Py, we aim to achieve the max—min fairness over infinite
horizon, which is hard to tackle. Similarly, as in [27], we
first introduce a sequence of auxiliary variables 7 bounded
between 0 and ryax, Where rmax = maxgeic IA?,({”, with

R(t) - (x)@lgf) 10g2<1 + — 2,31 k)

l_

ie., IA?,(CI) is the achievable rate of the kth sensor in (28)
with full transmit power, perfect channel estimation, and no
interference. Then, we have

0= r]:la’-éR() = Tmax
€

for any ¢, which implies

0 <min lim — R()<
keK T—oo T Z Fmax-

Thus, the max-min problem P1 is equivalent to maximiz-
ing limy_ oo (1/7) ZIT:_OI r with the following two extra
constraints [19], [27]:
T-1
timinf — Y[R — 0] 20, kek

T—o00
t=0

€29

0< r(l) = ’max-

(32)

Another challenge resides in constraint (18), which makes the
control policy P over different time slots coupled due to
the dynamics of b,(f) in (17). We therefore relax (18) to the
following long-term constraint:

T-1

liminf = Y " > by,
T—o00 ] J
=

ke K (33)

which enable us to design the policy using Lyapunov
optimization. Hence, P; is relaxed to

. — 7O
Pa: {Prg ﬁx)} TlggoTZ
s.t. (31),(32), (33)
(1, @), ®), (10), (13), (14), (17).

A. Problem Reformulation With Queue Stability Constraints

P is still hard to tackle due to the long-term constraints (31)
and (33). Similarly, as in [21] and [25], we transform the long-
term constraints into queue stability constraints.

Define {X(¢) : k € K} as the virtual queues associated with
constraint (33). In each time slot, the virtual queue Xi(¢) is
updated according to

X+ 1) = [Xuw +bo — ] (34
where [x]T = max{0, x}. by and b,({tﬂ) can be considered as
the arrival rate and the departure rate of the virtual queue Xy (%),
respectively. We say X (¢) is rate stable if lim;_, oo ([Xx(£)]/1) =
0 [21], [25]. To maintain the rate stability of Xj(¢), the depar-
ture rate b,(C’H) must be no less than the arrival rate by, which
coincides with constraint (33).

Similarly, we also define {Yx(¢) : k € K} as the vir-
tual queues associated with constraint (31), where Yi(?) is
updated as

Ve 1) = [V + 0 — k0] (35)

To reveal the relation between the long-term constraints (31)
and (33) in P, and the rate stability of {X(¢), Yx(¢) : k € K},
we have the following lemma.

Lemma 4: If {Xi (1), Yr(¢) : k € K} are rate stable with finite
initial values, then the long-term constraints (31) and (33) are
satisfied.

Proof: Without loss of generality, we take Xy(r) for
example. Equation (34) can be rewritten as

Xe(t+ 1) = X () — b{HD + max{bo, I+ — xk(r)}.

Sum over t =0,...,T — 1, we have
T—1
Xi(T) — Xi(0) = Z{max{bo, B Xk(t)} _ b,<j+1>}
t=0
T

> Thy — Zbl({t).

t=1

(36)
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Dividing both sides of (36) by T and taking the limit, we
obtain

T
X (T) . Xk(0) o1 o
f > by —1 f— b
jmint = i = = bo—ljmint 7. 0
@ =
a ®
= bo — liminf — > by (37)
=0
where (a) is due to 0 < b,((l) < bmax. Hence, the

rate stability of Xy(r) and the finiteness of X;(0) imply
liminf(1/7) Y756 > by,

Based on Lemma 3, we then replace the long-term con-
straints (31) and (33) in P; by rate stability constraints, leading
to the following formulation with stricter constraints:

’ . _ ()
Pz {Pr(rtl)aiit)} Tlggo T Z
st {Xk(®, Yk(t) : k € K} are rate stable
(D), (@), 8),(10), (13), (14), (17),(32).

B. Lyaopunov Drift Plus Penalty Method

To investigate the rate stability of all virtual queues
{Xx (1), Yr(t) : k € K}, we define the Lyapunov function [19]

K 2 K 2
_ X () Y (1)
L= - —=+) 4 (38)
k=1 k=1
The Lyaopunov drift is defined as
D) =L+ 1) — L(). (39)

Let [P”]* denote the policy that minimizes the Lyaopunov
drift in each time slot, i.e.,

['P(l)]* = arg min D(t)v
P

t=0,1,... (40)
Then, we have the following theorem.

Theorem 3: Let {X;(1),Y/(t) : k € K} denote the vir-
tual queues corresponding to policy [P¥]* defined in (40)
while {X; (1), Y,() : k € K} denote the virtual queues of
any other feasible policy [P®] different from [PW]*. If
{X,(1),Y.(1) : k € K} are rate stable, then {X] (1), Y (1) : k
K} must be rate stable.

Proof: See Appendix D. |

Theorem 3 reveals that the minimizer of D(¢) in each
time slot is more likely to achieve the rate stability of
{Xx(®), Yx(t) : k € K} compared with any other feasible poli-
cies. In P/2, we aim to maximize lim7— (1/7) Z,T:_ol r0
while keeping all queues {Xy (), Yi(¢) : k € K} rate stable.
To achieve this goal, we minimize the following drift plus
penalty in each time slot [19], i.e.,

min ®(t) = D(r) — Wr?,
PO 0

t=12,...,T “4n
where W is a positive weight to balance the two items in (41).
However, minimizing ®(¢) is not easy to tackle due to the
quadratic form of the Lyapunov drift D(#). Similarly, as
in [19], we will minimize the upper bound 10)) given in the
following theorem instead of minimizing ®(¢) directly.
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Theorem 4: ®(t) is upper bounded by the following linear
function:
K

b0 =Y [xw[bo— o]+ ¢

k=1
+ Yi(0) [r([) — RV |+ Cof = wr®

where Co = b2,,./2 and Cy = 12, /2.
Proof: According to (34), we have

Xi(t 4+ 1)* = Xi(1)?
- ([Xk(r) +bo — bi’“)]+>2 0
=[x + b0 5]~ x00?
= [0 - b,ﬁ’*”]z +2X,(0) [ b0 — b ]
- b,(j“’].

< b + 2X(0 o “2)

From (34), we have
+ 2
Yt +D)? = Y0 = ([Yk(o +r — Ry | ) - Yi(0y?

2
[Yk(t) 470 R,‘j)] — Y ()2

[r(t) — R}({t>]2 Loy (z)[r(’) _ Rl(f)]

12+ 2Yi(0) [r(t) - R,(f)].

IA

(43)

Substituting (42) and (43) into (41), we can conclude the
proof. |
It is noted that minimizing the upper bound ®(¢) is also
helpful to strike a balance between the objective function and
the rate stability of virtual queues. For example, if X;(f) tends
to rate unstable, then we have X;(f) — oo and Xy () + by —
b}H'l) > 0. According to (39) and (42), we have Xy (#)[by —
b](<r+1)] — D(f), which implies minimizing ¢ () is equivalent
to minimizing ¢ (#). Since the backlogs {X(¢), Yx(t):k € K}
are known in time slot 7, minimizing ®(f) is equivalent to
maximizing
K K
b = Z[xk(t)b(’+ D4 Yk(t)R}j)] + |:W -3 Yk(t)i|r([).
k=1 k=1

(44)

We can interpret the maximization of ®(1) as follows. The
violation of the constraint b(Hl) > bg leads to the growth of
the backlog X (1). When Xk(t) is sufficiently large to domi-
nate CI>(t) maximizing <I>(t) is equivalent to maximizing b I'H)

which tends to satisfy b( s bo and further reduce X (t+ 1).

Similarly, a large backlog Yi(#) leads to maximizing Rl((') to
reduce Y (¢t + 1).

V. OPTIMIZATION METHODS FOR EACH TIME SLOT

In this section, we determine the optimal policy

PO — {5<’>,0<’>, 7®, :g-(t)]
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for each time slot 1 =0, 1,2, ..., T, by solving
K
P;: d() = [X HpitY 4y tR(”]
3 max &) 1; K05V + Ve (OR}

K
+ W= venr?
k=1
s.t. (1), (2), (8),(10), (13), (14), (17),(32).

In P3, r® is independent of PO hence the optimal r®
depends only on the backlogs {Yx(¢) : k € K}, i.e.,
7% _ ) Tmax, if ZkK:I i) < W

= {0, otherwise. @3)
Next, given 8§, we set the value of 0", or equivalently the set
of active sensors ICff), in a greedy way. Specifically, we choose
K, active sensors with the largest X () for 8® =1 and choose
K, active sensors with the largest Yx(r) for 8¢) = 0. Then,
P3 is decomposed into the following two subproblems. For
8@ =1, we aim to optimize the WPT through the downlink
power control coefficients 7](’), i.e.,

P.: X (HpTD
s max > Xi)by
keICff)

s.t. (8),(10), (17).

For ) = 0, we aim to optimize the data transmission through
the uplink power control coefficients £ je.,

/7. (t+1) (t+1)
{: max 3 [Xk(t)bk + Yi(OR! ]
ke
st (13), (14), (17).

Denote Q' and Q" as the optimal objective values of P
and Pj, respectively. Then, the transmission mode 80 s
determined as

[50] = { 1 ifQ = Q"

0, otherwise. (46)

A. Solution to P’
Given 8 = 1, the battery state is updated according to

b = min{ b + & bas .
Thus, P} becomes

|8 (1)
rn(at)x Z X (1) mln[ﬁk(t), bmax — by, ]
ke

s.t. (8), (10) 47

which is NP-hard due to the nonconvex objective function. The
difference byax — b,(:) is usually much greater than g’k (1) since
b,(ct) always fluctuates around by which can be seen from the
simulation results. Thus, the objective function (47) becomes

fwy =" X&) (48)
keIC‘(f)
where gk(t) given in (25) is a function of ,ugtl)( = nl(t,)(yl(;c)

Using the sequential convex programming method [28], [29],

we can find a solution to (47) by sequentially maximizing the
first-order approximation of f(u)

P o (@) _
Fwy =f@+3 7 3 —=—(mx— i)
=1 e Mk

near a feasible point @ which is updated after each
iteration, i.e.,

max fw (49)
st. weT
n=0
2
AN IR (50)
keICff)

where T = {u : |p — K| < po} is the trust region around
point &, and (50) is the maximum transmit power constraint
of each AP resulting from (10). After obtaining the optimal

solution w* of the convex problem (49), we update & = p*.

Until convergence, the WPT power control coefficients n(t) is
determined by [771(2]* = ([V'l(,tk]* /ylf2)2.

B. Solution to P’
Given 8 = 0, the battery state is updated according to

1
bt = b — (1 — ) pub ",
Hence, Pg’ can be rewritten as
[N = (1 = )Xeput” |

(1)
§ ke

s.t. (13), (14) (5D

which aim to strike a balance between the weighted sum rate
and the weighted transmit power consumption. Solving (51)
is equivalent to solving a series of subproblems for fixed

Y (1 —eXenput! = x
keICfl')

with 3 € (0,(1 — @) X, o Xe(Dp). According to (15)
and (27), subproblems can be ‘written as

ne
A —aYilog| 1+ -£ (52)
By

max
f;-(t)
kel
sty (= e)Xeput = x
keICff)
(13), (14) (53)
where
A,(:) _ D]Et) %_]gt)
and

) (GINO) GIO) ()
B =U"§" + Z Ik,jgj +Nk
jek 1tk
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Algorithm 1 Proposed Long-Term Scheduling and Power
Control Algorithm
1: Input: The large-scale fading coefficients {f;x,! =
I,...,L, keK}.
2: Initialization: Set Ty,x and initialize the backlogs
{Xx(0) =Yx(0) =0: k€ K}.

3: for t =1 : Tyax do

4:  According to the current backlogs {Yx(r) : k € K},
obtain the optimal auxiliary variables [r]* according
to (45).

5. Solve problem P} according to Section V-A, obtain the
optimal solution [#”]* and the corresponding objective
value Q'.

6:  Solve problem PJ according to Section V-B, obtain the
optimal solution [£]* and the corresponding objective
value Q".

7:  Determine the optimal transmission mode [§ 7% and the
corresponding sensor states [#®)]* according to (46).
and select the optimal corresponding power control
coefficients.

8:  Update the virtual queues {X;(t+ 1), Yx(t+1) : k € K}
using the optimal [P®]* according to (34) and (35).

9: end for

10: Output: The policy for each time slot [P?]*,

which implies (52) is a standard weighted sum-of-logarithms
maximization problem [30]-[32]. Introducing the auxiliary
variables {wg, k € ICE,I)}, (52) is equivalent to

max Y (1 —a)Yi(®)[logy(1 + wp) — ax]
£9 {or) o
ke,
(1 — )Y () (1 + wpAY
+ Z A(t) —i—BU)
kKO kot Bk

st (13), (14), (53) (54)

which has been proved in [32]. Then, we alternately solve
£" and {wy} while fixing the other. For fixed £, the optimal
{wx} is given by wf =T lgt) using the KKT condition. For fixed
{wr}, (54) is reduced to a sum-of-ratios maximization problem
which can be solved using the quadratic transform-based
fractional optimization technique proposed in [31] and [32].

C. Overall Algorithm

Finally, the proposed long-term scheduling and power con-
trol algorithm for solving P; in (20) is summarized in
Algorithm 1.

VI. SIMULATION RESULTS

In this section, simulation results are provided to verify the
accuracy of closed-form expressions and the performance of
our proposed scheduling and power control approach.

A. Simulation Setup

We consider a large square hall of 50 x 50 m? with wrapped
around to avoid boundary effects. L = 100 APs are placed
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TABLE I
SIMULATION PARAMETERS
parameter Meaning Value
L Number of APs 100
N Number of antennas of each AP 10
K Number of all sensors 200
B Bandwidth 20 MHz
A/Te Coherence time 0.2 /200 symbols
T Length of pilot 60 symbols
Pp Pilot transmit power 0.2 mW
Pu Maximum uplink transmit power 20 mW
¢ Energy conversion efficiency 1
Pd Maximum downlink transmit power 20 W
5®) Transmission model Optimized
o) Active sensor set Optimized
n(t> Downlink power control coefficients Optimized
3 ® Uplink power control coefficients Optimized
bmax Capacity of the battery 300mJ
bo Predefined threshold 10 mJ

on hap = 7 m high ceiling to form a uniform square array.
K = 200 sensors with height A, = 1.65 m are randomly
distributed in this area. We model the large-scale fading B
as

IshZl,k

Bik = L1107 10

where 102417100 denotes the shadow fading with oy, =
8 dB and 74 ~ CAN(0, 1), and the path loss L;; (dB) is
given by

—Lo — 351og;o(duk), ifdi e > d

—Lo — 15logo(dy) — 2010g10(d1,1<), ifdy <diy <dp
—Lo — 15logo(d1) — 20logo(do), ifdix <do

Lix =

where dy = 10 m, di = 50 m, and
Lo £ 46.3 + 33.91logo(f) — 13.821og((hap)
— (L.11ogy(f) — 0.7)hs + (1.56log;o(f) — 0.8)

with carrier frequency f = 1900 MHz. The noise power is
02=BkaxT0></<

where kg = 1.381 x 10723 J/K, Ty = 290 K, x = 9 dB, and
the bandwidth B = 20 MHz. The other simulation parameters
are summarized in Table I. In addition, the large-scale fading
{B1.k VI, k} are generated once and fixed for all simulations.

B. Accuracy of Expressions

Through a realization with K, = 30 sensors randomly
scheduled, the accuracy of the closed-form expressions S_,gt)
in (26) and R in (28) are verified in Figs. 2 and 3,
respectively. In Fig. 2, the closed-form expressions & inde-
pendent of random pilots are compared with the simulation
results obtained through 500 realizations of random pilot

sequences with the uniform power control, i.e., ’71([113’1(2 =

1/K, VI, and k € ng). The figure shows that the closed-form
expressions agree well with the mean of simulation results. In
addition, the small variances of simulation results stemming
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Fig. 3. Accuracy of the achievable rate I_QI(:) given in (28).

from random pilots reveal that pilot optimization over random
pilots is not necessary.

In Fig. 3, the closed-form expressions I_?,(f) independent
of random pilots are compared with the simulation results
obtained through 500 realizations of random pilot sequences
with uniform power control, i.e., é,it) =1,ke ICg). Similarly,
as in Fig. 2, it can be seen that the difference between the
closed-form expressions and the simulation results is small.

To investigate the impact of enlarging the active set IC;I),
the average E_IE’) and R,(f) obtained through 500 random sched-
ule realizations versus K, is plotted in Fig. 4. As noted in
Remark 1, the metrics é_‘,y) and I_i’,((’) decrease as K, increases.
In addition, it can be seen that 5_,?) is more sensitive to K,
which implies the importance of scheduling during WPT.

C. Performance Comparison

In this section, we evaluate the performance of our proposed
long-term scheduling and power control approach. To the
best of our knowledge, there is no existing work to inves-
tigate the long-term scheduling and power control scheme
for a wirelessly powered cell-free 1oT network. For compar-
ison, we consider the following simple greedy scheme as a

0.24 4.4
5022 42+
E
g 02 _ 4t
[} N
& 0.18 <
E @ 3.8r
B 0.16 s
2 36
£ 0.14 S
5 Eaat
— "
£ 012 e
o g 32t
g o1 5
® < 5l
go.08r
2
< 0.06 281

004 L L L r 26 L L L

10 20 30 40 50 10 20 30 40 50
K, K,
Fig. 4. Average amount of harvested energy and average achievable rate

t
versus the number of scheduled sensors K.

benchmark. In each time slot for transmission mode, K, sen-
sors with the largest b,(:) are scheduled for data transmission
with é,ft) = 1,k € IC;’). The transmission mode continues
until there exits some sensors whose battery is depleted, i.e.,
b,(f) = 0, and then the harvesting mode is triggered. In each
time slot for harvesting, K, sensors with the lowest b](:) are
scheduled for WPT with the uniform power allocation, i.e.,
v ) = 1/Kq VI, and k € K. Until b > by, k € K, the
transmission mode is triggered again. In our simulations, we
consider K, = 30 and 100.

Figs. 5 and 6 plot the dynamic of the minimum time-average
rate with K; = 30 and 100, respectively. It can be seen that the
minimum time-average rate becomes stable after about 1000
time slots. The shadowed error bar is

—2
K 1 T—1 p()
[ XS R RO
K

where R = {(1/T) Z;T=_()l P R,(:)}/K is the mean of
time-average rates over all sensors. The small shadowed error
bar reflects the max—min fairness of our proposed approach.
Compared with the greedy benchmark, our proposed approach
can boost the minimum time-average rate significantly. The
improvement mainly results from two aspects. On the one
hand, the power consumption for data transmission is sig-
nificantly reduced since (51) strikes a balance between the
spectrum efficiency and the power consumption, instead of
focusing only on the spectrum efficiency. On the other hand,
the WPT efficiency is improved by optimizing the down-
link power control coefficients and scheduling. Moreover, it is
seen that a larger W leads to a higher minimum time-average
rate and requires more time slots to achieve the rate stabil-
ity. Comparing Figs. 5 and 6, the minimum time-average rate
becomes smaller as K, increased from 30 to 100 although
more sensors are active in each time slot. This is because the
accuracy of channel estimation is reduced by enlarging the
active set IC((;), which is noted in Remark 1.

To investigate the rate stability of the virtual queues, Fig. 7
shows the sum of time-average backlogs X(f) and Y(¢) versus

&M —
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the index of time slot with different W, where

_ 1 T—1 K _ 1 T—1 K
X = D> Xy, and Y(1) = T >3 .
=0 k=1 =0 k=1

The nonincreasing X (1) and Y () reveal that {Xi(r), Yx(¢) : k €
K} are rate stable, which implies the long-term constraints (31)
and (33) of problem P, are satisfied. With the increase of W,
the time-average backlogs X () and Y(¢) also increase. Fig. 8
plots the dynamic of the battery state {b,(f) 1 k € K} versus
the index of time slot. It can be seen b,(f) always fluctuates
across the predefined by, which implies that the batteries are
never exhausted. If b,(f) is smaller than bg for some continuous
time slots, the corresponding backlog Xi(f) would increase
continuously, and then trigger power transfer to increase b,(f)
and avoid the depletion of the battery.

VII. CONCLUSION

In this article, we have considered the long-term schedul-
ing and power control in a wirelessly powered cell-free IoT
network. We first derived closed-form expressions for the har-
vested energy and the achievable rates, and then formulated a
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long-term scheduling and power control problem to maximize
the minimum time-average achievable rate. Following the
Lyapunov optimization approach, the transmission mode, the
sensor state, and the uplink and downlink power control
coefficients are jointly determined for each time slot. The
simulation results reveal that the proposed long-term schedul-
ing and power control approach can boost the max—min
time-average achievable rate significantly.

APPENDIX A
PROOF OF THEOREM 1
To prove Theorem 1, we first introduce the following two
lemmas.
Lemma 5 [26]: Let A € C™*7" is a Hermitian invertible
matrix. Then, for any vector x € C* and any scalar a € C
such that A + axx' is invertible

xHA—!
T +axHA" 1y’
Lemma 6 [26]: Let A € C™ %, and x,y ~ CN(0, [1/7]I).

Assume that A has uniformly bounded spectral norm (w.r.t. 7)
and that x and y are mutually independent and independent of

x"(A —i—axxH)_1 (55)
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A, we have
H a.s.
x"'Ax —ttA/t —— 0 (56)
T—>00
H a.s.
x"Ay — 0. &)

T—>00

Substituting Z{} = Z\" — E,f¥ ¥l into (6), and
using (55), we obtain

—1
7Y = EpfR (20 + Espdibl!)
-1
H ()
E1(20) ¥
= _1 .
L+ E vl (20) i

Since ¥, ~ CN(0,[1/z]l) is independent of [Zf,)(]_l,
using (56), we have

-1
Epﬁgktr[(z,(f,i) } 7
0 a.s.

Vik — = —0 (58)
1+ Epﬂl’ktr[(zl(’l])J i|/7,'
Substituting (21) into (58), we conclude the proof. |
APPENDIX B

PROOF OF THEOREM 2
Since “1 k = /EpBil Z() 11/Ik, using (55)—(57), we obtain

-2
E,,ﬁ,%ktr{ |2%] } I

Jei]” - ORI
<1+Epﬂ1’ktr{[lyl){] }ﬁ)
—1
/Epﬁl,ktr{[zl(f}(] } [
via)) - —— 250 (60)
1+E,,,6,,ktr{[z§f}{] } /T
and
vila) 250, (i #k. 61)
Substituting (21)—(23) and (59)—(61) into (27), we can con-
clude the proof. [ ]
APPENDIX C
PROOF OF LEMMA 3
According to (30) and (58), we have
&) — P —— %0 (62)
1+Epﬁl,ktr[(z}f,{) }/z
4] - Pu 250, (63)

1 +E,,/3,,ktr{ [(foi)/]_l >/r

Without loss of generality, we assume

/ !/
(2] =20+ Eppiwi g e [K0] i ¢ 0.

Using (55), we have
-1
tr= [(Z;tli) i| } = tr

s -1
a.s. (1)
—>tr [Zl,k] —

Eppriv] [foi]iz'/’j
1+ E,,ﬂ,,jwj’[zjf,i]_lu/fj
Epﬁ,,jtr{[z;f;]‘z}
1 +E,,/31/tr“ <r>] 1}

(64)

—1
< fr [Zl(t,)(]
where the second step follows from (56) due to the indepen-

dence of ¥; and [Z}}]~". Substituting (64) into (62) and (63),
we can conclude the proof. |

APPENDIX D
PROOF OF THEOREM 3
According to the definition [P®OT* in (40), we have
D*(1) < D'(1) (65)

From the identical initial
Y3 (0), k =

in each time slot + = 0,1,...

point X;(0) = X,’((O) = X;(0), Y;(0) = Y,’C(O) =

1,..., K, using (39) and (65), we can obtain
L'(1)

K
—D0) + Z[ [X,0)]* + [Y,Q(O)]2}

k=1

K
> D0 + YO + [OP] = £(1) (66)
k=1
where L/(f) S X0 + [V, and L*(1) =
Zle{[X,f(t)]2 + [Y}(1)]*}. For any given time slot ¢ with
L*(f) < L'(¢), using (39) and (65), we have

L+ D - L0 < L@+ 1) — L0

K
Z{ X+ D]’

A 1)]2}

k=1

K
Z[Xka) LRGN
k=1

L+ =L

which implies
LYe+D) <L+,
From (66) and (67), we can conclude that

i{[x}é‘(r)]2 + [l = XK:{[X,;(T)]Z

k=1

(67)

+ [l
(68)

for any given 7. When {X, (1), Y, (1) : k=1, ...,
stable, (68) is equivalent to

N R
Jim 7 |

which implies {X} (1), Y () : k =1,...,K,} are rate stable.
Then, we conclude the proof. |

K,} are rate

+rmPl=o ©9
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