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Abstract

Emerged as a promising solution for future wireless communication systems, intelligent reflecting surface
(IRS) is capable of reconfiguring the wireless propagation environment by adjusting the phase-shift of a
large number of reflecting elements. To quantify the gain achieved by IRSs in the radio frequency (RF)
powered Internet of Things (IoT) networks, in this work, we consider an IRS-assisted cellular-based RF-
powered IoT network, where the cellular base stations (BSs) broadcast energy signal to IoT devices for
energy harvesting (EH) in the charging stage, which is utilized to support the uplink (UL) transmissions
in the subsequent UL stage. With tools from stochastic geometry, we first derive the distributions of the
average signal power and interference power which are then used to obtain the energy coverage probability,
UL coverage probability, overall coverage probability, spatial throughput and power efficiency, respectively.
With the proposed analytical framework, we finally evaluate the effect on network performance of key system
parameters, such as IRS density, IRS reflecting element number, charging stage ratio, etc. Compared with
the conventional RF-powered IoT network, IRS passive beamforming brings the same level of enhancement
in both energy coverage and UL coverage, leading to the unchanged optimal charging stage ratio when

maximizing spatial throughput.
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I. INTRODUCTION

With the booming Internet of Things (IoT), the number of IoT devices is expected to reach tens
of billions. To meet the vision of sustainable development of the IoTs, an efficient utilization of
energy has been served as the principal issue. Recent advances in wireless energy harvesting (EH)
technology, particularly radio frequency (RF) EH [1], have broken new ground to support IoT devices
to collect energy from natural energy sources or ambient RF sources. It gave birth to the wireless
powered communication networks (WPCNs) [2] in which wireless nodes harvest energy from the
base station (BS) RF signals and then transmit information by using the harvested energy. However,
one of the major technical challenges in WPCN is the low efficiency of power transmission over
long distances, resulting in the limited amount of energy harvested and poor network performance.

In recent years, the application of intelligent reflect surface (IRS) technology has attracted extensive
attention in wireless communications from both academia and industry. Served as a promising
candidate technology for future wireless communications, IRS can smartly reconfigure the wireless
channels by electronically configuring the absorption, reflection, refraction and phases via tuning
the IRS reflecting elements or meta-atoms [3][4]. Compared with the traditional active relaying or
beamforming scheme, the passive reflection of IRSs consumes very limited energy by adopting the
low-cost elements [5]. Moreover, by properly adjusting the phase-shift of the IRS reflecting elements,
the coverage probability, network throughput and energy efficiency can be greatly improved.

Using IRSs to boost the availability of WPCNs, IRS-assisted WPCN can be served as a potential
network paradigm for future wireless communications. Understanding the gain achieved by IRSs in
RF-powered IoT network is of great significance to speed up the application of IRSs and also help in
the ingenious design of IRS-assisted WPCNs. The application of IRSs in WPCNs has been discussed
in the very recent works [6—13]. The authors in [6—13] considered the IRS-assisted WPCN scenarios
under the NOMA scheme. Specifically, the authors in [6] proved that utilizing different IRS phase-
shifts for downlink (DL) EH and uplink (UL) packet transmission is not needed for the optimization
of network throughput when NOMA is adopted. In [7], the sum-throughput was maximized by jointly
optimizing the transmit power, transmit time and IRS beamforming. In [8], efficient schemes were
proposed to maximize the UL sum rate by optimizing the resource allocation, reflection coefficients

and beamformers. A self-sustainable IRS-empowered multi-user WPCN was considered in [9], where
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the IRS acts as a relay to enhance the network performance in both DL EH and UL information
transmissions. In [10], the authors proposed to minimize the energy consumption of the hybrid access
point (HAP) by jointly optimizing the transmit power, power-switching factor, time allocation, and
IRS phase-shifting. The authors in [11] studied an IRS-assisted multi-user multiple-input single-
output (MISO) WPCN, in which the energy transmission time, the user transmit power, and the
active and passive beamforming in DL energy collection and UL information transmissions were
jointly optimized. In [12], the authors presented an IRS-assisted wireless powered caching network,
in which the HAP maintains a local cache to store the popular contents for IoT devices. Given
the imperfect CSI, the authors in [13] formulated a HAP transmit energy minimization problem by
jointly optimizing HAP energy beamforming, receiving beamforming, etc. However, all the schemes
designed in [6—13] were limited to the small-scale network scenario with only one BS and a single
IRS, in which the distances between the BS, the IRS and user equipments (UEs) are fixed and
pre-determined. What’s more, the location of IRS is assumed to be fixed, and the influence of
interference is not considered. It’s unknown whether these schemes are applicable to the practical
multi-cell WPCNSs.

In such a network, the spatial randomness of node locations, the time-varying channel fading, and
the resulted complicated signal and interference distributions (caused by the reflection of IRSs) made
it extremely difficult to evaluate the gain achieved by IRSs. To address the aforementioned challenges,
stochastic geometry has been explored over the past few years as a powerful tool in obtaining the
average spatial system-level analysis of randomly deployed wireless networks, including cellular
networks, and heterogeneous networks [14—17]. With this tool, the spatial randomness of node
locations are modeled by some classical point processes, such as Poisson point process (PPP), and
Poisson cluster process (PCP). Very recently, stochastic geometry has been introduced to analyze the
performance of IRS-assisted cellular networks [18]. Specifically, in [18-22], the authors characterized
the DL coverage probability and spatial throughput of the IRS-assisted cellular network, which
exhibited the gain achieved by IRSs on network throughput. In [19], the authors demonstrated the
superiority of equipping IRSs to the blockages. In [20], the authors evaluated the performance
of a millimeter wave (mmWave) network in which the average achievable rate was obtained by

deriving the Laplace Transform of of the aggregated interference from all BSs and IRSs. In [21], an
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analytical framework was proposed to analyze the performance of a DL IRS-assisted cellular network
in which the coverage probability, ergodic capacity, and energy efficiency were derived. In [22], the
authors considered an IRS-aided multiple-input multiple-output (MIMO) network in which the outage
probabilities, ergodic rates, spectral efficiency and energy efficiency were obtained. Very recently,
IRSs have also been integrated with secure communication systems to defend against eavesdropping
attacks and enhance the security performance [23-25].

To the best of our knowledge, there is no related works characterizing the performance of the
large-scale IRS-assisted RF-powered IoT networks with tools from stochastic geometry. In such a
network, the gain achieved by distributed IRSs in EH and information transfer is required to be
quantified by considering the complicated network interference environment.

In this work, we consider an IRS-assisted cellular-based RF-powered IoT network, where IRSs
help IoT devices harvest ambient RF energy from DL cellular transmissions in the charging stage,
and assist UL transmissions in the subsequent UL stage. The main contributions of our work are

summarized as follows:

o We propose an analytical framework for IRS-assisted cellular-based RF-powered IoT network,
in which the locations of BSs, IoT devices, and IRSs are modeled by three independent PPPs.
The IoT devices are battery-less and solely powered by the cellular networks. Each time slot
is assumed to be divided into two stages: i) charging stage, in which each 10T device harvests
energy from the RF signals transmitted by BSs and reflected by the passive IRSs, and ii) UL
stage, in which 10T devices with sufficient energy can transmit information to their associated
BSs with the help of IRSs by taking into account the fractional power control strategy. For an
IoT device, the passive beamforming scheme is adopted at its associated IRS in the whole time
slot to accelerate the energy harvested by the IoT device and enhance the received signal power
at its associated BS.

o With the Gamma approximation method, we first characterize the signal power distributions in
both charging and UL stages, and the interference distribution in the UL stages, based on which
we further derive the tractable expressions of the energy coverage probability in the charging
stage, the UL coverage probability in the UL stage, the overall coverage probability, the spatial

throughput and the power efficency, respectively. We then evaluate the influence of some key
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system parameters, such as BS density, IRS density and IRS reflecting element number on the
derived performance metrics.

o Compared with the conventional RF-powered IoT network, IRS passive beamforming signifi-
cantly enhances the harvested signal power in the charging stage and the desired signal power
in the UL stage, both of which are shown to scale with the number of IRS reflecting element
N in the same order of O(N?), while only slightly increasing the interference power. With the
objective to maximize the network spatial throughput, the proposed framework allows to find
the optimal charging stage ratio of the IRS-assisted RF-powered IoT network, which is shown
to be the same as that without IRSs due to the same level of enhancement contributed by IRS

passive beamforming on energy coverage and UL coverage.

II. SYSTEM MODEL

A. Network Model

In this paper, we consider an IRS-assisted cellular-based IoT network where the IoT devices are
battery-less and solely powered by the ambient RF energy only from cellular transmissions [26][27].
We focus on the UL transmission, where the energy required by an 10T device to transmit in a given
time slot should be harvested in the same time slot. Specifically, all IoT devices are assumed to
adopt the time-switching receiver architecture, with which an IoT device first harvests energy for a
fraction of time and then transmits packets for the rest of time. As is shown in Fig. 1(a), each time
slot is divided into the charging stage and UL stage with durations Ty, = 77 and T3, = (1 — 7)7T,
in which 7" is the duration of each time slot, and 7 is defined as the charging stage ratio. The
antenna switching time between the two stages is neglected to facilitate the analysis. The IoT device
is assumed to have a supercapacitor with large charging and discharging rates to store and use the
harvested energy during the same time slot. The remaining energy by the end of the time slot is
assumed to be unavailable for the future transmissions taking into account the large leakage current
of the supercapacitor [28]. We assume that both BSs and IoT devices are equipped with the single
antenna. The BSs are assumed to have the same height Hp with horizontal locations following a
2-dimensional (2D) PPP Ag of density Ag. Distributed IRSs are deployed to assist in both EH and
UL transmissions, which are of the same height H; with the horizontal locations being modeled by

a 2D PPP A; of density A;. IoT devices are scattered according to a PPP A, of density A\,. We adopt
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(a) The process of IRS-assisted RF-powered IoT network during the whole time slot with 7 and 7" being the charging stage ratio, and
the duration of one time slot, respectively.
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(b) IRS-assisted EH during the charging stage. (c) IRS-assisted UL transmissions during the UL stage.

Fig. 1: An illustration of the IRS-assisted cellular-based RF-powered IoT network.

the orthogonal multiple access technology, such that only one IoT device within a cell can be active
at any given time slot and sub-channel.

We assume open access and consider the nearest association policy, with which a given IoT
device associates with the nearest BS, as well as the nearest IRS. According to Slivnyak’s theorem
[29], it is sufficient to focus on a typical IoT device, referred to as UE O which is located at the
origin and assumed to associate with BS 0 and IRS 0O (Fig. 1(b) and 1(c)). We define z,,, d; and
Tm,; as the 2D distance from the BS m to UE 0, the 2D distance from the IRS j to UE 0, and
the 2D distance from the BS m to IRS j, respectively. Considering the limited reflective capability
of an IRS, we define a practical local region of radius D with the typical UE O being the center,
so that each IRS can only provide services for a limited number of UEs nearby. We denote IRSs
within the local region by the set ) = {j € Aj|d; < D}. Due to the densely deployed IRSs, we
assume that there exists at least one IRS within set j, and ignore the case ) = &. We consider the
worst case where all IRSs are in working state no matter whether there are IoT devices to associate
with, such that all IRSs can reflect the signal/interference from co-channel BSs to the typical UE 0.

Considering the severe attenuation of wireless signals, the interference reflected by far away IRSs
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can be neglected. Thus, to simplify the analysis, we assume that only IRSs within set 7 contribute

interference to the typical UE 0.

B. IRS-Assisted EH and UL Transmission

As is shown in Fig.1(b), in the charging stage, all the BSs are served as RF chargers to broadcast
energy signals. In Fig.1(c), during the UL stage, the IoT device with sufficient harvested energy
transmits packets to its served BS. In both stages, all the IRSs within set j provide signal enhancement
via random scattering or passive beamforming. Specially, to assist the EH and UL transmissions of
UE 0, dedicated passive beamforming is adopted at its associated IRS 0, while other IRSs within
D only scatter the incident signal of BS 0.

To support the UL transmission, the energy collected in the charging stage should reach a certain
energy threshold F,;,, which is defined as the minimum energy required for the subsequent UL
transmission. We adopt the fractional power control strategy for IoT devices where the transmit
power of the typical IoT device is p(z2 + H3)**/? with x, denoting the 2D distance between UE 0
and its serving BS, p is the BS receiver sensitivity, and the symbol € € (0, 1] is defined as the power

control parameter. According to the fractional power control strategy, E,;, 1S given by

Emin = (1= 7)Tp(af + HE) ™ . (1)

Define FEy, as the energy harvested by UE 0 during a charging stage, and UE 0 is allowed to transmit

during the subsequent UL stage, as long as F}, > E,;, is satisfied.

C. Channel Model

For the sake of simplicity, we assume single antenna for both BSs and UEs, and define /V as the
number of reflecting elements per IRS. We consider both the large-scale path loss and small-scale
fading to characterize the channel model. For large-scale fading, the path loss exponent of BSs and
IRSs is denoted by o with a > 2. We consider Rayleigh fading! with unit power for the small-scale
fading, which leads to an exponential channel power gain. Define o2 as the additive white Gaussian
noise (AWGN). In the following, we discuss the channel model in charging stage and UL stage,

respectively.

IRician fading or other channel fading models can also be suitable for the proposed analytical framework, in this paper we assume
the worst-case propagation conditions for IRS, so as to obtain the lower bound of the achievable performance by IRS-assisted WPCN.
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1) Charging Stage: In the charging stage, it is necessary to measure how much energy has
been collected at the typical IoT device which depends upon the channel power gain. The baseline
equivalent channels between BS m and IRS j, between IRS j and UE 0, and between BS m and
UE 0 are represented by al(]% £ ai(’j,zb,l, e fjn)l N} e CNx1 g & [ a ... ,ag])vr € CV*1, and
aq.m € C, respectively, where the symbols [-]" and C denote the matrix transpose and the collection of
complex numbers, respectively?. Define ¢pl) £ [gbgj oo qﬁ%)} and ®Y) £ diag { [eid’gj), - 1‘1’0)] }
(1 denotes the imaginary unit) as the phase-shift matrix of IRS j, where ¢£Z ) e [0,27) is the phase-
shift of the element n of IRS j on the incident signal. To achieve the maximal beamforming gain
from IRS, we presume that the reflection coefficient of each reflecting element can achieve the

unit amplitude [30]. Therefore, the cascaded BS-IRS-UE channel which is divided into BS-IRS

transmission, IRS reflecting with beamforming, and IRS-UE transmission, is given by

N
i 2 [al)] ®Va) = 2l o e o o

ir,m
n=1

The channel power gains between BS m-UE 0, between BS m € Ap and the element n of IRS j,

and between the element n of IRS j and UE 0 are, respectively, is given by

[aaml 2 gamwam, o). * £ gw . (aB)P £ gPwl) 3)

a /2 i —«
In 3), gam = B (22 + H3Z) 2, (J = B(r%,;+ (Hg — H)?) ™" and gr(J):ﬁ(d?+HI2) 2
denote the corresponding average channel power gains, W ms wfﬁm and wr(j,z are the small scale

fading, and § = (4w f./ c)_2 is the average channel power gain at a reference distance of 1 m with
f. being the carrier frequency, and ¢ = 3.0 x 10® (m/s) denoting the light speed. To reveal the
effectiveness of IRSs in assisting the performance of commercial 5G networks operating on sub-6
GHz, we consider f. = 2 GHz as the carrier frequency.

2) UL Stage: For the UL stage, the baseband equivalent channels between UE £ and IRS j,

N
between IRS j and BS 0, and between UE £ and BS 0 are denoted by bl(j £ [bl(k) bl(jk)n] €
ST ) .
CNx1 pl) & [b§]1,~ . ,by])v] € CV*1, and by € C, respectively. Define o) = [gogj), e ,gog\],)]
and UV £ diag { [ W’gj), e 7ei¢§)} } as the phase-shifting matrix of IRS j, of which go € [0,2m)

represents the phase-shift of reflecting element n on the incoming signal. Therefore, the cascaded

The subscripts “i”, “r”” and “d” represent the BS-to-IRS channel, the IRS-to-UE channel and direct BS-to-UE channel, respectively.
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UE-IRS-BS channel can be decomposed into three components: UE-IRS transmission, IRS reflecting,

and IRS-BS transmission, expressed as

N
b9, 2 [bo)} w0 =340 D ke A, )
n=1

The channel power gains between UE k and BS 0, between UE £ and the element n of IRS j,

and between the element n of IRS j and BS 0 are, respectively, given by

bak> £ faran: ‘bi(,jg,n‘2 = fi(,i)gi(,yzg,na pU)[* & fDED), (5)

where fq, = B(y? + HZ)~/2, flk = B(di; + HE)~*/* and 9 = B(r? + (Hg — Hy)?)~*/* denote

the corresponding average channel power gains, &4, § and &% are the small scale fading. The

i,kn
symbol y;. denotes the horizontal distance from UE k to the tagged BS, and D is the horizontal
distance from the k-th device to its associated BS. According to the fractional power control strategy,
the transmit power of UE k is p (D? + H2)**. To determine the transmit power of UE k, we obtain

the distribution of D}, conditioned on y; in [14], which is given by

27 A7 exp(—Ay7r?)

fo.(rlyr) = 1 — exp(—mAuy?)

0 <7 <y (6)

D. Channel Power Statistics

To facilitate the performance analysis, we need to first derive the channel power statistics caused
by the involvement of IRSs in charging stage and UL stage, respectively.

1) Charging Stage: In the charging stage, IoT devices harvest energy from the RF signals of BSs
with the help of IRSs. With regards to the typical UE 0, considering the link BS m-IRS j-UE 0 in

(2), the reflected channel via element n can be derived by

(4) s LG

irmmn

. . . . B ) (9) ()
D @ = o) a0 (8 +alnnt o) ©)

A A

= 1mn||am| and the cascade channel phase Za) 2

where the channel amplitude |a irmn

¢(J + ZCL(]

L,m,n

1rmn|

+4arf What’s more, the amplitudes |a

U) and gr(]), respectively. As a result, each channel amplitude

| and |0Lr n| follow the Rayleigh distribution

mmn

with the scale parameters being g,

| is a double-Rayleigh RV with independent \a | and |ar n\ We can derive the expectation

| 1rmn 1,m,n

and variance of |alrmn| as

s i 2
B{la2l} 2 ol var{lo 0} 2 (12 55) ol ®)
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According to the central limit theorem (CLT), the summation of /N independent and identically
distributed (i.i.d.) RVs X, X5,..., Xy, ie., Y = 25:1 X, can be approximated as Gaussian
distribution when NV is sufficiently large.

With the IRS-customized channel estimation method [31] [32], we can obtain the reflection cascade
channel phase of each element on IRS 0. To be specific, IRS 0 can reconfigure each reflecting

element’s phase-shift by setting ¢\ = —é(gi(’%{ngﬁ%, (n=1,...,N), leading to the same phase of

all NV reflected signals at UE 0, where g-(o)

i,0,n

and gr(,oﬁ is defined as the average channel power gains
of between BS 0 and the element n of IRS j and between the element n of IRS 5 and UE 0. As a
result, the signal at the typical UE O is the sum of NV reflected signals. Thus, the BS 0-IRS 0-UE 0

channel can be derived by
laip| = lafg|T]al®| = Z a0l 0% ©)

which is the summation of N i.i.d. double-Rayleigh RVs, the channel amplitude is approximated to

follow the Gaussian distribution

. T
D) N<NZ 0940 N1 - 16)95(3950))_ (10)

Therefore, the average signal power of the cascaded BS 0-IRS 0-UE 0 channel can be computed

by the second moment of |ai(2 )o‘ which is obtained by
2
0) 2 2 2, (1 (0) ,(0)
ger IE{|a1r0 } |:16N (1 16)N:|910-gr ’ (11)

where G £ [’lr—éN 2 + (1 — Z)N] denotes the beamforming coefficient of gi(,%) ¢\, growing with N

16
in the order of O(N?).

With regards to any other IRS j € 7 without providing beamforming for UE 0, it scatters the
()

r,m,n

incident signal from BS m randomly, leading to a uniformly random phase Za;’

and a%. Therefore, for each reflecting element N, the cascaded channel a.( )m

independent in-phase and quadrature-phase components each with variance 140 a&{ According

2,m,n

based on Zal o

has zero mean and

to the CLT, for a practically large N, we can approximate both the in-phase and quadrature-phase of

a? = ZN a? by Gaussian distribution N (0, 1N a; ) As a result, we use the following

ir,m n=1 1rmn

CSCG distribution to approximate the BS m-IRS j-UE 0 channel, given by

a),, TN (0.Ng D9 D). (12)
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Thus, the average channel power of BS m-IRS j-UE 0 link can be derived by
g0 2E {1, 12} = Ng) g, (13)

2) UL Stage: In the UL stage, 10T devices that harvest sufficient energy transmit packets to their
serving BSs with the help of IRSs. With regards to the tagged BS 0, considering the link UE k-IRS

7-BS 0 in (4), the reflected channel via element n can be derived by

S , S (0@ 4@ ©)
Wi 2 D DN = o3 160 (4 et 482), (14)
where the channel amplitude |blr A n| = |b1 t n| |a | and the cascade channel phase beﬁ ko 2 o0 4

Zbi,]k,n + /bY). What’s more, the amplitudes \bl . n| and [bY)| follow the Rayleigh distribution with
the scale parameters being fi(,i and fr] , respectively. Similarly, the amplitude of the UE 0-IRS 0-BS

0 channel is derived as
[bin] = b5 T [B{V| = Z b0 16 (15)

which for large N is approximated as Gaussian distribution.

. s 7T2
bl =T N (N TVAEY N (1 - E) fﬁ%’fﬁ”) - (16)

For a sufficiently large /N, we can use the CSCG distribution to approximate the UE £-IRS j-BS

0 channel, which is obtained by
bl = Z b P CN (0, NFD 1) (a7)

Therefore, the UE 0-IRS 0-BS 0 and UE k-IRS j-BS 0 average channel power are, respectively,
iven b : ,
SR nY RO 2 E{B0} = G f D50, 19, 2R { I = NFD 1. (18)
where G, £ [’{—;N 2+ (1- ’{—;)N | denotes the beamforming coefficient of fifg) F9 growing with N
in the order of O(N?).
E. Performance Metrics

In this subsection, we detail the performance metrics considered in this work. To be specific,
we consider the following metrics: energy coverage probability in the charging stage, UL coverage

probability during the UL stage, overall coverage probability and network spatial throughput.
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1) Energy Coverage Probability: Define P; as the BS transmit power. Under the condition that
UE 0 is associated with the nearest BS 0, the amount of energy harvested from BS 0 is composed
of the following three parts: from the direct transmission of BS 0, from the reflected transmission
through IRS 0 performing beamforming, and from the reflected transmission through other IRSs €

performing random scattering. Specifically, the harvested signal power from BS 0 is obtained by

Sar 2 P -lago + Y afly[. (19)

J€s
Similarly, the amount of harvested signal power from BS m € Ag\ {0} consists of the following
two parts: from the direct transmission of BS m, and from the reflected transmission through all

IRSs € j performing random scattering. To be specific, the harvested signal power from BS m can

be derived as »
Sa2P > agm+ Y al) (20)

ir,m
meAp\{0} J€J

In summary, the overall amount of harvested energy at UE 0 is given by

B, =1Tn (Sdr + Sid) Joules, (21

where 7 < 1 indicates the RF energy conversion efficiency. To simplify the analysis, we adopt the
linear energy-harvesting model as in [7] and assume that the input power to the circuit of receiver
belongs to the low power regime without saturation of EH. Note that our work can be extended to
the non-linear EH models by considering the saturation regime. To show the effectiveness of EH,

we define the energy coverage probability during the charging stage, which is given by

Pcn =E [H (Eh 2 Emin)] 5 (22)
where Ei, = (1 —7)Tp(x2 + HZ)*/? in (1) with I(-) being the indicator function.

2) UL Coverage Probability: According to the UL fractional power control strategy, the transmit
power of UE 0 and UE k € A\ {0} is, respectively, given by Py = p(x2 + H2)*“/? and P}, =
p(D? + H2)</2, The desired signal received at the tagged BS 0 is composed of direct signal from
UE 0 and the reflected signal of UE 0 via all IRSs € j (i.e., performing beamforming and random
scattering). Therefore, we derive received signal power by

Sur 2 p(ad + HB)F - [bao + > b1 (23)

Jj€y
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After the charging stage, the active 10T devices that are harvesting sufficient energy and trans-
mitting on the same time-frequency resource block with UE O can be approximated to follow a
PPP ~ A, of density \, = P\ with P, = E[I(E, > E.)| given by (22). Therefore, the
overall interference received by BS 0 is given by

12 3 L= Y p(DF+HR)E by + Y bIL (24)
keA{\{0} keA{\{0} i<

The received SINR at BS 0 is given by

s Su _ plad + H)F - lbao + 3¢, b0 05
[ +o° D ken\ {0} p(D} + HB)% [bay + > e bi(])k|2 + 02

T,

Y

The UL coverage probability is actually a conditional coverage probability under the condition

that the typical UE O has harvested sufficient energy is given by

PuL 2P {y >7%|Ey > Enin}, (26)

where 7 is the SINR threshold.

3) Overall Coverage Probability : By definition, the overall coverage probability is defined as

the joint probability of the aforementioned two events, which can be expressed by

Peow 2E[I(Ey > Enin) I(y >7)]. (27)

4) Spatial Throughput: Based on the overall coverage probability, the average spatial throughput

can be obtained as

v=(1-7)NE[log(1+7)I(Ey > Emm) x L(y > 7)] = (1 — 7)Penulog (1 +7) Peoy, (28)

where P, and P, are given by (22) and (27), the expressions of which will be derived in the

following section.

5) Power Efficiency: We consider the following two performance metrics to illustrate the power
efficiency: energy harvesting efficiency (EHE) [33] in the charging stage and energy efficiency (EE)
[34] in the UL stage, where the former is defined as the amount of power scavenged by all the IoT

devices per unit power consumed by the BS, while the latter refers to the number of bits transmitted
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by an IoT device per Joule. The EHE can be expressed as

E{En} \u
TTAB(Peb + - 1)

EHE = (29)

where E{E},} is the average amount of energy harvested by the typical UE O during the charging
stage, m, € (0, 1] represents the efficiency of the power amplifier efficiency of a BS, Py, and P,
denote the static power and transmit power of a BS, respectively. The EE of the typical UE 0 can

be expressed as
(1 — T)TlOg (1 + 7) PCOV

= Pt TE(RD( - )T

(30)

where the numerator denotes the number of bits transmitted within the UL stage, and the denominator
represents the average energy consumption of the typical UE 0 with E{ P} being the transmit power,
ne € (0, 1] being the efficiency of the power amplifier efficiency of an IoT device, and P, being the

static power of typical UE 0, respectively.

IIT. PERFORMANCE ANALYSIS

In this section, we first study the signal power distribution in both stages, and then characterize
the interference distribution in the UL stage. The aforementioned performance metrics are finally

obtained.

A. Signal Power Distribution

The signal power distribution is related to not only the charging stage, but also the UL stage.
To be specific, in the charging stage, all BSs broadcast energy signals which are harvested by 10T
devices. While in the UL stage, for BS 0, only that originated from UE O is the desired signal.

In the charging stage, the energy harvested from BSs is contributed from both the direct signal
and the reflected signals via all IRSs within set . In the following, we first derive the signal power
distribution from BS 0 conditioned on z( and d,. The overall conditional signal can be expressed as
aa 0t e, ai(r{)o, the summation of a RV of Rayleigh distribution and N RVs of Gaussian distribution.
Because of the difficulty in deriving the exact signal power distribution from BS 0, we use the

Gamma distribution [35] as an alternative. Specifically, we use Gamma distribution to approximate

the distribution of Sy, given by
Sarldoswo T~ Tlkar, far), (31)
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where kg4, and 64, represent the shape parameter and scale parameter, respectively. With the moment

matching technique [36], we have

A (E{Sdr}ldo,wo)Q N Va‘r{Sdr}'do,ﬂCo

kar 2 . 0 2 . 32
T N Satlinas . " E{Sa s 4

To obtain k4, and 64,, we derive the first and second moments of Sy, conditioned on dy and xg.
E{Sdr} |do-,10 ~ B (E{|a1|2} |d07960 + E{|CL2|2} |d07960)a (33)
E {Sgr} |d07I0 =P (E{|a1|4}|d0,10 + E{|a2|4}|d0,10 + 4E{|a1|2}|d0,10E{|a’2|2}|d07$0)' (34)

The first two moments of Sg,|4,, can be derived by the first two moments of aj, ag, |a;|?,
lag|?. With the similar method proposed in Appendix B of [18] and the approximation of rq ; ~ o,

gi%) ~ ga for j € j, the first two moments of ay, as, |ai|?, |as|* can be derived by
E{a1}|do-,zo =0, E{Q%Hdoyro =0, E{a2}|d07960 =0, E{agﬂdoymo =0, (35)
m
E{Ja1[*}ao.zo = ga0(l + Gaegt” + N7/ mar”), (36)

2

m™N3  3rN%(1— 7—6)>

E{[a1]}Hpao ~ [90) e

2+ %ﬁ%N 9 +6Gscgl” +2v/7 <

(37)
3 4774 2A73(1 _ =2 2 2
(0) 2 Y N 37T N (1 E) 2 -~ 7T_ 2 (O)
X[gr } +< 256 8 +IN( - 15) [gr } ’
E{|a2|2}|d0@0 ~ Ngd,0E31(d0)7 E{|a2|4}|d0@0 ~ 2N2[gd,0]2ES3(d0)7 (38)

where ¢4 and gr(o) denote the average channel power gain of the BS 0-UE 0 and IRS 0-UE 0 link,

1.e.,
A 2 2\ —a/2 (0) & 2 2\ /2
gao= B (x5 +Hg) "7, gV 2B (dg+HE) T, (39)
and Eg; denotes the expectation of > e {0} gr(,j ) which is given by
21 _a _a
Es1(do) = a”_lg (@ +m)'% = (D4 m2)" 7] (40)
and 2
Ess 2R > gldy) | p = (Esi(do))® + Esa(do), (41)
d0<djSD
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with Ess (dg) given by

2
T (@ HEY — (D7 H) ). @

Es3 (do) =

Therefore, we can derive the first and second moments of Sy, conditioned on dy and xy. The
variance is derived by var {Sg:} lao.co = £ {52} laowo — (E {Sar} ldo.zy)’- By substituting the above
expressions into (32), we derive the shape parameter kg, and 6., respectively.

Based on (33), (36) and (38), the conditional mean signal power is the product of gq¢ and
Kar(do) = 1+ Gscgr +N7% wgr(o) + N Es;1(dy) which depends on the locations of BS 0 and IRS 0.
The dominant term in kg, (dp) is Gscgr(o) which scales in O(N?) or O(d, %) when d, is sufficiently
small. For the large d, the IRS power gain is given by Gscgr(o) < 1 and hence kq4,(dp) =~ 1. It reveals
that when UE O is closer to IRS 0, IRS O provides more power gain.

Then we derive the harvested signal power originated from all BSs m € Ag \ {0} and reflected
by IRSs j € j, which is given by

Sat Y S =nm [( > gd.,m) +NY (gﬁ” > gfﬁ)] - (43)
meAp\{0} meAp\{0} J€s meAp\{0}

We consider the following approximation g-(j )~ ga,m for j € 7, and thus, we have Fi(;n )~ USGdm

~~
i,m

and hence

Sa~Pos Y. gams (44)
meAp\{0}

where vg = 1+ N> e gr represents the relative power gain of reflecting or scattering paths
originated from IRSs in y over the direct path.
To characterize the distribution of the signal power Sy originated directly from other BSs and

reflected via all IRSs, we first derive the Laplace transform Lg (s) in Lemma 1, in which the

idldg,xq
instantaneous signal power Sjq can be approximated by
Sa~Pus Y GdmWm. (45)
meAs\{0}
According to (45), conditioned on xy, E{Sj4} is given by
E{Sia}wo = PE{wn }E{vs}E { > gd,m}

meAp\{0}

To (46)
(a)

= P(1+ NFEgs1(0))27)\p /7 ga(z)rdr = 2?:Eiﬂ2(;(;ﬁl§;§2)
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Note that (a) is due to the HPPP-distributed BSs locations and E{vgs} = N Egs;(0) based on (40).

Lemma 1. Conditioned on dy and xg, the Laplace transform of Siq is given by

L5,100.00 (8) EE{e™%9} gy oy &~ exp (—27ABU (sPivs)) (47)

where the function U (-) is defined as

2 2
N T 2 x5+ Hy 2 2 1
U(‘T) - Oésin(%) (ﬁfﬂ) 2 2 Fl (17a11+ O[’ gd70$> B (48)
With gao = ga () |z=z, and oF being the Gauss hypergeometric function [37].

Proof : The results can be proved by a minor modification of Proposition 4 in [18]. We omit the
full proof due to the space limitation. 0

Thus, the cumulative distribution function (CDF) of Si4|4, ., can be derived via the inverse Laplace

transform of (47), i.e.,

1
FSid'do,wo (z) = o [gﬁsiddo,zo (S)] (), (49)

which can be computed directly in standard computing software, such as Wolfram Mathematica.
We then study the UL signal power distribution in the UL stage. Similar to the charging stage,

we still use Gamma distribution to approximate the conditional distribution Sy;, which is given by

approx.

Sutlde,ze  ~ Tlkur,6uL]. (50)

With the moment matching technique [36], we have

ry (E{SUL}|d07I0)2 0 ry Va‘r{SUL}ldmxo

k - ) - . 51
vr Var{SULHdo,Xo vt E{SULHdo,zo ( )

To obtain kyr, and 6yr,, we derive the first and second moments of Sy, conditioned on dy and x.

E{SUL} |do-,10 ~ - (E{|b1|2} |d07960 + E{|b2|2} |d07960)a (52)

E {SIQJL} |do-,10 =5- (E{|b1|4}|d0710 =+ E{|b2|4}|d0710 =+ 4E{|b1|2}|do-,IoE{|b2|2}|d0-,10)' (33)

The first two moments of Syr, |4, are determined by the first two moments of by, by, |b;]* and

|b2|?. Following the similar approach to derive the first and second moment of Sdr|dy.z, and the
approximation of 7, ~ o, 7@' )~ fao for j € 3, we can obtain the first two moments of by, b,

b1]%, |b2|* by replacing ay, as, gqo and ¥ in (35)-(38) with by, by, fuo and ffg).
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Finally, by integrating E {Sur,} |42, over dy and zy, we obtain E {Syr,} by

o D
]E{SUL}—/O /0 E{Sur} |do,z0 fdo (do) [z (z0)ddodzo, (54)

where f4,(do) and f,,(zo), denote the probability density functions (PDFs) of dy and x,

fao(d) 2 2exde ™™ f (@) £ 2mAgwe o, (55)

B. Interference Power Distribution

We derive the interference power distribution in the UL stage in this subsection. Specifically, the
interference is from active users transmitting information in the same time-frequency resource block.
Referring to (17), the UE £-IRS j-BS 0 channel has been approximated by the CSCG distribution
CN (0, N fi%) fr(j )). Since both the direct interference channel and the cascaded UE m-IRS j-BS 0
channel follow the CSCG distribution, the composite interference channel bq . + )¢, bfﬁ)k from UE

k € AL\ {0} is the summation of independent CSCG RVs, which follows the CSCG distribution

with zero mean and covariance E {|bqx*} + > e, E {|bl(3 )k‘z} Therefore, the composite interference

power [}, = |bay + > e bfﬁ )|2 follows an exponential distribution with the expression given by
Iy £ 116 = Py | fax + NZfi{k 9D &, (56)
Jj€y
where I}, is the average interference power and &, it ¢ ~ exp(1). Therefore, given the locations

of 10T devices and IRSs, the aggregated interference power from all the active IoT devices is the
summation of exponential RVs which are independent while not identically distributed, following
the Erlang distribution [38]. Then, the mean conditional interference power can be derived by

2 Y Ti= Y nm (fd,k+NZf£32f§j>)- (57)

keAi\{0} ke A \{0} J€1
By using the approximation 7 ; ~ yx, f,gj) ~ far for j € 5, we have I ~ vrfar and

IT~v Y. Pfap (58)

keA{\ {0}

where v; = 14+ N Y fi(,(o]) is the relative power gain of scattering paths with regards to all IRSs

Je€)
in 7 over that of the UE-BS direct path.

To derive the spatial throughput later, we first obtain the interference power distribution conditioned
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on dy and xy, which can be represented by the Laplace transform of the aggregated interference in

Lemma 2. The aggregated interference can be expressed as

I~v Y Pefapde. (59)

ke \{0}

Lemma 2. The Laplace transform of interference power conditioned on dy and x is given by

Lrl4y.0y (8) = exp (=20X,U; (svip)) (60)

where the function Uy (-) is defined as

0o ry 27\ D —AuwD?
Ur(x) £ / / 1- e dDuydy. 1)
o Jo 1+ (y?>+ H3E) (D? + H3)

Proof : See Appendix A. 0

Based on (59) and & et ¢ ~ exp(1), Yk, the mean interference power is given by

E{l} ~ E{f}E{UI}E{ Z fd.,k} = vk, (62)
keAi\{0}

where E; denotes the expectation of the summation of direct channel power from interfering UEs

k € A\ {0} conditioned on x,, which is given by

a o v € —Q
B2 onN, / / 2\, Dye 7k (D? + HE) 2y (y* + HE) "2 ADyydy. (63)
y=0J D=0

Note that (a) is due to the PPP-distributed UEs locations, which helps calculate the aggregated

interference over the 2D plane.

C. Coverage Probability and Spatial Throughput

In this section, we derive the energy coverage probability and UL coverage probability. In separate
stages based on the derived signal power distribution and interference power distribution, which leads
to the overall coverage probability and spatial throughput eventually.

1) Energy Coverage Probability: Based on the derived channel power gain distribution in (31),
we derive the energy coverage probability in Theorem 1.

Theorem 1. The probability that the energy harvested in the charging stage is higher than E,.;,

is given by o D
Pe, = / / Pen|d0,wofdo (dO)fmo (,To)ddodl'o, (64)
I():O d():O
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where Py |4, 2, is the conditional energy coverage probability given by
Pen|do,$0 ~ ]P){Sdr > C(T)} |d0,10 + P{Sid > C(T)} |d0,10
+ P{Sdr + Sia > C(T)lsdra Sia < C(T)} |d0,10P{Sdr < C(T)} |d07I0]P){Sid < C(T)} |d07I0 (65)

- P{Sdr > C(T)} |d0,10 ']P){Sid > C(T)} |d0,107

while for kg, is less than the given threshold Edr, the conditional probabilities of {Sq. > C(7)},

{Sia > C(7)} and {Sqr + Siqa > C(7)|Sar, Sia < C(7)} are, respectively, given by

kdr_ [ 7
P{Su; > C LS, - 66
{Sar > C(7) }Hag,zo = Z il D5t |~ Saldo.eo 04 ’ (66)
i=0 : T ds=l
1
P{Sid > O(T)} |d0,zo ~1-L7! |:g£sidd0,a:0 (S)} (Z)a (67)

P{Sar + Sia > C(7)| Sdr, Sia < C(7)} |do,z0 =~

kar—1 i g (68)
(=1)" 0i sC(T) sUg
5 S o (-2 e (52))]
Proof : See Appendix B. 0

Remark 1: I is worth noting that there exists correlation between the two events {Sa, > C(7)}
and {Siq > C(7)}, which is extremely hard to derive. Thus, to simplify the analysis, we ignore the
correlation and assume that the two events are independent. We will show that the approximation is
acceptable in Fig. 2 in the numerical results part. 0

2) UL Coverage Probability: Due to the correlation between the locations of BSs and scheduled
IoT devices, it’s challenging to derive the exact UL analysis [14]. The authors in [14] proposed
an approximation method by assuming that the locations of devices follow a PPP and handling the
dependence between the typical link length and interferer link length. With such an approximation,
we derive the UL coverage probability in Theorem 2.

Theorem 2. The probability that the received SINR of the typical UE 0 is greater than a given

threshold 7y is given by

o) D
Py, = / / PuL|do,z0 fdo (do) [ (x0)ddodo, (69)
I():O d() =0

where Puy|4, z, s the conditional coverage probability given by
kurL—1

3 ('O [ AW (ST
p o~ L o\ U : 70
UL|d0, 0 gt i Ost oUL I QUL s=1 ( )
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Proof : See Appendix C. 0
Remark 2: The results derived in (69) degenerates into the traditional regularly powered IRS-
assisted UL transmission case without EH, by setting P,, = 1 and )\; = Ap. 0
In both Theorem 1 and Theorem 2, we need to discuss the scale parameters k4. and ky;, of Gamma
distribution. For non-integer k,.(kyp), its upper and lower bounds are utilized to approximate the
conditional energy (UL) coverage probability. Take Theorem 1 as an example, we approximate

Penld .z, Dy the following linear combination [18],

Pcn|dg,mg = QPcn|d0,mo,|_kJ + (1 - -Q) Pcn|d0,mo,fk]a (71)

where [-] and |-] are the ceiling and floor functions, and (2 is the weight between the ceiling and

is the weight functions given by

0 C0H-H o

(Tk] = k) + (k= [k])’

where ¢ > 0 is a parameter to illustrate the relationship between P4, ., and k. The weights (2

[k]—k
1k

For the large value of k, we approximate the Gamma distribution to the normal distribution with

and (1 — (2) are set as <245 = M

p = E{S} |4z, as the mean value, and \/var {S} |4, as the standard deviation. Since the former
is much larger than the latter, S can be approximated by .
According to Theorem 1 and Theorem 2, we derive the overall coverage probability in the next

subsection.

3) Overall Coverage Probability and Spatial Throughput: With the derived energy coverage
probability and UL coverage probability, we obtain the overall coverage probability in this subsection.
Corollary 1. The overall coverage probability P.., of the typical UE 0 is

Pcov - Pcn X PUL, (73)

where P, and Py, are given by (64) and (69), respectively.
Proof: By definition, the overall coverage probability can be derived by multiplying the energy
coverage probability by the UL coverage probability. 0
Remark 3. Note that the proposed analytical framework can be used to characterize the regularly
powered IRS-assisted UL loT network performance by specializing some system parameters. To be

specific, the parameters that leads to the result Po, — 1, for instance, a large BS density A\g,
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a large number of reflecting element N, or a sufficiently large T result in the regularly powered
IRS-assisted UL IoT network. In this case, the coverage probability is equivalent to Py, in (69) by
setting \y = A\p. O

By definition, the spatial throughput v in (28) can be derived by substituting P, and P, in (64)

and (73), respectively. The complete expression of spatial throughput is omitted to keep concise.

4) Power Efficiency: The EHE in charging stage and EE in UL stage can be calculated by
substituting the expressions of E{FE},} and E{F,} into (29) and (30), which are given by,

o D
E{Eh}:/o /O 7T (E{Sar }Hdo,zo + E{Sia}t|z0) fao(do) fz, (20)ddodzo, (74)
E{P} = / p(ag + Hp) ' fuy (w0)do, (75)
0

where f.(20) (fao(do))s E{Sur}|dy.z, and E{Sia}|+, are given by (55), (33) and (46), respectively.
Remark 4. The following technical challenges should be addressed when modifying the proposed
analytical framework to adapt to the multiple-antenna BS case. Firstly, both active beamforming
precoder/receiver at BSs and passive beamforming design of IRSs should be considered, and jointly
optimized to maximize the network performance in charging stage and UL stage. Secondly, the signal
power distributions in both charging stage and UL stage, and the interference distribution in UL stage
are dependent on the joint beamformer design, which is unknown for the multiple-antenna BS case in

the large-scale network scenario. 0

IV. NUMERICAL RESULTS

In this section, the analytical (Ana.) framework is verified via extensive simulations (Sim.) by
evaluating the network performance in terms of energy coverage probability, UL coverage probability,
overall coverage probability, network spatial throughput and power efficiency, respectively. To show
the superiority of IRSs in enhancing the coverage probability, we choose the traditional RF-powered
[oT network considered in [28] as a benchmark. Compared to the IRS-assisted RF-powered 10T
network, the only difference is that there are no IRSs existing in the the traditional RF-powered IoT
network, denoted by "W/o IRS” in the simulations. Unless otherwise specified, we use the default

values of the system parameters as follows: Hg = 10 m, H; = 1 m, A\g = 1073 m?, \; = 1072 m?,
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Fig. 2: Energy coverage probability vs. 7. Fig. 3: Energy coverage probability as a function of SINR threshold

for different IRS reflecting element numbers V.

a =4, P, = 46 dBm, N = 1000, f. = 2 GHz, 0> = —147 dBm, D = 25 m, p = —78.5 dBm,
n=05€e=08 T=00ls,7=05 Py=25W, Py =20 mW [34] and 1, = n, = 0.2 [33].

A. Energy Coverage Probability

In this subsection, we characterize the impact of IRSs in the charging stage by setting ¢ = 0.5
in (72). Fig. 2 depicts the energy coverage probability P, given in (64) in Theorem 1 along with
the probabilities of events {Sg, > C(7)}, {Sia > C(7)}, and {Sg; + Siq > C(7)|Sar < C(7), Siq <
C(7)}, respectively. We observe a very perfect match between the theoretical analysis and the
simulation results except for P,. The reason for this is that we ignore the correlation between the
events {Sg, > C(7)} and {Siqa > C(7)} to simplify the analysis, and the independent approximation
leads to an acceptable gap. In Fig. 2, we observe that P, increases with the time slot ratio 7. This
is intuitive since a larger 7 provides more opportunities for an IoT device to harvest energy, leading
to a higher Py,.

In Fig. 3, we quantify the gains achieved by IRS beamforming in the charging stage by varying the
IRS reflecting element number N. We observe that increasing BS density A, or IRS reflecting element
number N leads to a higher P,,. This can be explained by the fact that a denser BS deployment
or a larger IRS enhances the harvested RF power. Compared to the conventional network scenario
without IRS deployment, IRS-assisted EH scheme with passive beamforming results in a more than
30% enhancement in P, for N = 4000 with BS density \, = 1073 m~2. Moreover, when )\,

achieves A}, i.e., \; =5 x 1072 m~ for the given system parameters, the energy coverage condition
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{Ey > Enin} satisfies with an extremely high probability, resulting in P, — 1.

-
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Fig. 4: UL Coverage Probability as a function of SINR threshold Fig. 5: UL Coverage Probability as a function of IRS density Ar
for different IRS reflecting element numbers V. for different IRS reflecting element numbers V.

B. UL Coverage Probability

In this subsection, we focus on the performance analysis of the UL transmission mode by setting
¢ = 1 in (72). In Fig. 4, the UL coverage probability is evaluated by varying SINR threshold 7
and IRS reflecting element number N, with the conventional UL coverage probability without IRSs
being given as a benchmark. We observe that Py, reduces with the increasing SINR threshold 7,
and grows with the element number N. This is because the passive beamforming gain provided by
IRSs increases with N in the order of O(N?) which enlarges the UL received signal power and
hence the UL coverage probability. Compared to the benchmark, the coverage enhancement achieved
by IRS passive beamforming can be as large as 0.65 with N = 4000 for v = 0 dB.

In Fig. 5, we evaluate the UL coverage probability Py, as a function of IRS density A; and
IRS reflecting element number N. From Fig. 5, we find that Py, grows with the increasing A\; and
N. This can be explained by the fact that )\; is large enough to achieve a full energy coverage,
ie., Pe; = 1, and passive beamforming gain provided by IRS dominates the growing interference
contributed by IRS random scattering, resulting in a higher Pyy.

The mean signal power E {Syr} and interference E{I} derived in (54) and (62) by varying A
and N are illustrated in Fig. 6. We observe that E {Syr} increases with the growing \;, while E{I}

remains almost unchanged. This is consistent with the observations in Fig. 3 and Fig. 4.
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Fig. 6: Signal power and interference power as a function of IRS Fig. 7: Coverage probability vs. charging stage ratio 7.

density Ar for different IRS reflecting element numbers V.
C. Overall Coverage Probability and Network Spatial Throughput

In this subsection, we focus on the overall coverage probability and network spatial throughput. In
Fig. 7, we set BS density A\p = 5 x 1073 m~2 and evaluate P, Py, and P, with and without IRSs
as a function of charging stage ratio 7. To show the availability of the proposed IRS-assisted RF EH
scheme, we plot the coverage probability with regularly powered IoT devices as the benchmark. In
this case, all IoT devices are full of energy which is equivalent to P, = 1. We observe that when
T reaches a certain value, P, approaches to 1 and hence, Py, approaches to P,,. This is because
although a growing 7 enlarges the density of interferer which declines Py, the improvement in P,
dominates the reduction in Py, leading to the growth in P.,,. By comparing with the traditional
network without IRS deployment, we observe the significant superiority of IRS passive beamforming
in both P, and Pyy,. By comparing with the regularly powered benchmark, we observe that when 7
reaches a certain value, i.e., 7 = 0.4 for the IRS case, the RF powered IoT network achieves nearly
the same overall coverage probability as that of the regularly powered IoT network. What’s more,
even for the regularly powered IoT network, IRSs passive beamforming brings huge enhancement
in coverage, more than 0.3 with the given parameters. The comprehensiveness of the proposed
analytical framework lies in that it degenerates into the IRS-assisted regularly-power 10T network
when P, = 1 is satisfied.

Fig. 8 depicts the overall coverage probability P.,, by varying charging stage ratio 7 for different

power control factors €. We observe that a larger ¢ results in a lower P,. Note that EF.;, =
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Fig. 8: The overall coverage probability vs. charging stage ratio Fig. 9: Average spatial throughput as a function of charging stage
7 for different power control factors e. ratio 7 for different power control factors e.

(1 —7)Tp(x2 + HZ)/?, a larger ¢ leads to an increasing Ei,, which results in the decline of P,
leading to a lower P.,.

In Fig. 9, we evaluate the average spatial throughput v as a function of charging stage ratio 7 and
power control factor . We observe that there exists an optimal 7 to maximize the average spatial
throughput v. A larger e requires a higher proportion 7 to achieve the largest spatial throughput.
Referring to (78), the average spatial throughput is related to the product of (1—7), P, and P,. In
addition, a tradeoff exists between 7 and P.,. When € = 0.6, E,;,, is easy to satisfy, and the spatial
throughput is dominated by 7P,,. On the other hand, as € further enlarges, £\, grows exponentially
and the spatial throughput is limited by P,,. In this case, a larger 7 is required to achieve a higher
spatial throughput. As P, grows to a certain value, 7 dominates the spatial throughput, resulting
in the decline of spatial throughput. Compared to the case without IRSs, we observe that deploying
IRSs can greatly enhance the achievable network spatial throughput, while does not change the trend
of v as a function of the charging stage ratio 7, and hence the the optimal 7 that maximizes v. This
is because with IRS passive beamforming, both the harvested signal power in the charging stage and
the desired signal power in the UL stage are shown to scale with N in the same order of O(N?),
while only slightly increases the interference power, leading to the same level of enhancements in
P., and Pyy..

D. Power Efficiency

In Fig. 10, we evaluate EHE as a function of IRS density \; for different IRS reflecting element

numbers N. We observe that the EHE increases with both \; and N. However, since the average
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distance beween an IoT device and its associated BS is as large as 15.8 m, the EHE is small due to
the large path loss. Compared to the traditional RF-powered network without IRSs, the higher EHE
achieved by the IRS-assisted RF-powered network is credited to the passive beamforming gain.

In Fig. 11, we evaluate EE as a function of charging stage ratio 7 for different power control
factors €. We observe that as 7 increases, the EE first increases and then converges to a constant
value. A smaller € results in a higher EE. Due to the power control strategy, the power consumption
of an IoT device is mainly dependent on the static power F., and thus, the tendency of EE is
dominated by the overall coverage probability P.,. The variation of EE with 7 can be explained
by the tendency of P, with 7, as discussed in Fig. 7. What’s more, referring to Fig. 8, a smaller
€ leads to a higher P, and thus a larger EE. The comparison with the traditional RF-powered

network without IRSs shows the effectiveness of IRS beamforming in information transfer.
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V. CONCLUSION

In this work, we evaluated the effect of IRS passive beamforming gain on an IRS-assisted RF-
powered IoT network. We adopted the time-switch architecture in which each time slot is partitioned
into the charging stage and UL stage, where IRS beamforming was adopted in both EH and UL
packet transmission. With the Gamma approximation method, we first characterized the signal
power distribution in both charging stage and UL stage, and the interference power distribution
in the UL stage. Then, we derived the analytical expressions of energy coverage probability, UL
coverage probability, overall coverage probability network spatial throughput and power efficiency.

By comparing with the conventional RF-powered IoT network without IRSs, we quantified the gain
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achieved by IRSs in both EH and information transfer. We also optimized the time slot ratio to
maximize the network spatial throughput. There are several interesting concrete future directions to
extend this work. One possible direction is to consider the multiple-antenna BS network scenario
with the joint optimization of active/passive beamformer design being the focus. Another possible
direction is to consider the application of IRSs-assisted RF-powered IoT networks to the mmWave

or sub-THz frequency band.

APPENDIX A

Conditioned on d, and z, the Laplace transform of the interference power from other BSs as

L1400 (8) 2E{e} |ageo~ E {e_S(ZkEA/u\{O} orPfu ) }

do,To

g) E)\(‘ { H Eg {exp (—S’UIP]gfd,kgk)}}

ke A \{0} do,To

® oxp <_27T)\;/ (1 B e_ﬂ)\uy2) [1 ~Eep, {—SUIp (y2 + H]%) —a/2 (Di i H]%)ea/Z 51@}} ydy) (76)
0

c Y 21\, Dye 7Dk
© exp —27r)\{1/ / 1- T k_ea/Q : 2 dDydy
o Jo 1+ svip (y? + HE) (Di + HE)

= exp (=27, Ur (su1p)),

where (a) is due to the i.i.d. channel power gain &, dist ¢ ~ exp(1), Vk and independent A/, (b) follows

from the PGFL of PPP in which the positions of interferers are modeled by a non-homogeneous
PPP A/ of density A7, (y) = Au(1 — exp(—mAy?)) which is a function of distance relative to the
tagged BS, (c) follows from E¢ {e™*¢} £ = for £ ~ exp(1), and Uj(-) is given by

ey 27 Ay Dge = Di
Ur(z) 2 / / 1— - e =73 4D1ydy. (77)
o Jo 1+ (y>+ HE) (Di + HE)

APPENDIX B
Conditioned on dy and z, according to the definition of P, in (23), we have
Penldy,zo = P{TT7 (Sar + Sia) > Emin} do,z0 = P {Sar + Sid > C (7)} |do, o (78)

where C (1) & % is a function of 7.

Since either Sy, or Siq could be greater than C'(7), we need to consider the following three cases:

{Sar > C(7)}, {Sia > C(7)} and {Sq + Sia > C(7)|Sar, Sia < C(7)}. It is worth noting that there
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exists correlation between the events {Sg, > C(7)} and {Siq > C(7)}. To simplify the analysis and
maintain the tractability, we neglect the correlation and assume that the two events are independent.
According to the total probability formula, the conditional energy coverage can be converted to the
following form

P{Sar + Sia > C (7))} lag,z0 = P{Sar > C(7)} lag,z0 + P{Sia > C(7)} |do .20

+ P{S4r + Sia > C(7)|Sar, Sia < C(7)} |do.zoP {Sar < C(7)} |dg.z0 - P{Sia < C(T)} |dg.z0 (79)

- P{Sdr > C(T)} |d0,10 ']P){Sid > C(T)} |d0,10'

We then need to derive the probabilities of the aforementioned three events. Specifically, we have
approximated the distribution of Sy;|4, ., by the Gamma distribution I [kq,, 64,] in (31). According

to Appendix D of [18], for integer kq,, the probability of Sy, > C(7) conditioned on xy and d, is

given by
I ( Ear, CQE: kar 711yl gi
P {Sar > C(1)} lag,wo = % =S ( Z,') o [ Even, 0] (80)
r do.o =0 ! s=
where Yg £ C;f:). Referring to (47), the Laplace transform of Yg conditioned on dy and z is derived
by

_s S
‘CYS\dO,mO (S) £ E{e YS} |do,wo = ‘Csid\do,zo (a) ) (81)

where the Laplace transform of Si4|4, ., is given by (76) in Appendix A.
According to the CDF of Si4|4, ., in (49), the conditional probability of event {Siq > C(7)} is
given by

P{Sia > C(1)} lapzo = 1 =P {Sia < C(7)} ldg,eo =1 — L Eﬁsiddo,zo (S)] (=), (82)

where z = C(7) and Fg, 4.0, *) 1s the conditional CDF of Siq given by (49).
We then derive the probability of {Sg, + Siq > C(7)|Sar ,Sia < C(7)} conditioned on z, and
do. Because of Sy, Siq < C(7), we have C(1) — Sg; > 0 and C(7) — Siqg > 0. According to the

approximation Sa|4y.zo ~ I [kar, far], we have

r (kdra C(r)=Sia

Oar
P{Sdr + Siq > O(T)|Sdr,Sid < C(T)} |doyro ~ Esid T (k ; Sid, Sar < C(T)
dr do.zo (83)
kar—1 i .
(—-1)" 9i
= ; il st |:LYC\Sdr,Sid<C(T),d0,mO (5)} a1’
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where Y £ %:Sid and the Laplace transform of Y conditioned on Sy, Siqg < C(7), dy and xg is
given by
A —sYo eXp( Sir( ))
LYC\Sdr,Sid<C(T),d0,zo (s) = E{e } |Sdr,5id<C('r),do,wo A W exp (Ve (s)), (84)
idldg,zq (9dr)
& sC(7) sUg
where Ve (s) = === 4 2mApU (52 ).
APPENDIX C
The UL coverage probability conditioned on dy and z is
PUL|d07I0 £ ]ID{7 > 7} |d07I0 = ]P){SUL > 7(1 + W)} |d07I0' (85)

Note that (85) relates to the conditional SINR distribution through Puyy, |4y 2o = 1 — F5 () |dg.z» With
F, () 4.z, being the conditional SINR CDF.

Referring to (50) in section III.A, the signal power distribution conditioned on dy and z is
approximated by the Gamma distribution I' [kyy, fy1]. Therefore, for integer kyp, we derive the

following conditional UL coverage probability, which is given by

I'(kuw, JU+W) kur—1 ] i 9t
PUL|d T %E[ ( fur ) g Z u - {£y| (S)} 5 (86)
o I (kuv) . R e P
0,20 =

where I'(-,-) denotes the upper incomplete Gamma function, and Y; = V(HW) . Based on (76) in

Appendix A, the Laplace transform of Y; conditioned on dy and xg is given by

s syW sy
ﬁYIIdo,:o (S) é E {8 YI} |d0710 = exp <_L) ‘Cl‘do,zo <—’y) = eXp (V (S)) ) (87)
fuL, OuL,

where V (s) £ —SVW 27\ Uy (%).
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