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Abstract—This paper investigates the age of information (AoI)-
based online scheduling in multi-sensor wireless powered commu-
nication networks (WPCNs) for time-sensitive Internet of Things
(IoT). Specifically, we consider a typical WPCN model, where
a wireless power station (WPS) charges multiple sensor nodes
(SNs) by wireless power transfer (WPT), and then the SNs
are scheduled in the time domain to transmit their sampled
status information with their harvested energy to a mobile
edge server (MES) for decision making. For such a system,
we first derive a closed-form expression of the successful data
transmission probability in Nakagami-m fading channels. To
pursue an efficient online scheduling policy that minimizes the
Expected Weighted Sum AoI (EWSAoI) of the system, a discrete-
time scheduling problem is formulated. As the problem is non-
convex with non-explicit expression of the EWSAoI, we propose
a Max-Weight policy based on the Lyapunov optimization theory,
which schedules the SNs at the beginning of each time in terms of
the one-slot conditional Lyapunov Drift. Simulations demonstrate
our presented theoretical results and show that our proposed
scheduling policy outperforms other baselines such as greedy
policy and random round-robin (RR) policy. Especially, when
the number of SNs is relatively small, the gain achieved by the
proposed policy compared to the greedy policy is considerable.
Moreover, some interesting insights are also observed: 1) as the
number of SNs increases, the EWSAoI also increases; 2) when
the transmit power is relatively small, the larger the number of
SNs, the smaller the EWSAoI; 3) the EWSAoI decreases with the
increment of transmit power of the WPS and then tends to be
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flat; 4) the EWSAoI increases with the increment of the distance
between the SNs and the MES.

Index Terms—Age of Information (AoI), Nakagami-m fading,
wireless powered communication networks (WPCN), Lyapunov
optimization, online scheduling policy.

I. INTRODUCTION

A. Background

In recent years, with the rapid development of the Internet
of Things (IoT), a large number of real-time applications,
such as vehicle tracking [1], environment monitoring [2], have
emerged. In such applications, mobile edge servers (MESs)
or central controllers collect data from IoT devices and then
track real-time status information through wireless links to
perform system control or decision-making. In order to make
correct decisions in a timely fashion, the information collected
by MESs or central controllers needs to meet high freshness
requirements. To characterize the information freshness, a new
performance metric, i.e., age of information (AoI), has been
proposed in [3], which is defined as the time elapsed since
the generation time of the last received update. Since the
advent of the concept of AoI, it has attracted lots of interest
in wireless communication fields, where some studied the AoI
in queueing networks, see e.g., [4] and [5], some applied the
AoI to sampling and remote estimation networks, e.g., [6]
and [7], some designed the AoI-orientated unnamed aerial
vehicle (UAV)-assisted networks, see e.g., [8], [9] and [10],
and some others discussed the AoI in caching systems, e.g.,
[11] and [12]. Since most IoTs are multi-user/sensor systems
and different scheduling may yield different AoI performances
due to their different channel utilization pattern, designing
efficient scheduling policies to improve AoI performance in
multi-user/sensor wireless networks is of great importance
for IoT and AoI-based scheduling as such has recently been
attracting increasing attention [13]–[17].

On the other hand, in many IoT systems, a large number
of wireless sensors are deployed to periodically sense and
detect states [18]. Due to their small sizes and relatively low
manufacturing costs, wireless sensors are usually equipped
with limited-capacity batteries. As a result, frequent man-
ual battery replacement/charging is required to maintain the
regular operations of the energy-constrained IoT systems,
which may be inconvenient and also cause high operational
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costs, especially in large-scale IoT systems operating in harsh
environments. Specifically, for example, SNs in the oil and gas
industry, which are often deployed offshore or in the desert;
SNs in the agricultural sector, which are often deployed in
farmland, far from urban and electrical infrastructure; SNs in
field environmental monitoring, which are usually deployed
in the wilderness or forest. These practical examples show
that frequent manual battery replacement or recharging is not
advisable. To handle this issue, energy harvesting (EH) tech-
niques have been considered as effective alternative solutions
[19], [20]. Compared with harvesting energy from traditional
natural sources such as solar and wind, harvesting energy
from radio frequency (RF) signals is more controllable and
environment independent [21], [22]. Moreover, RF-based EH
has many practical applications, such as smart homes, medical
devices, and consumer electronics, etc. Therefore, wireless
powered communication network (WPCN) technology with
RF-based EH has been regarded as an attractive and promising
solution to provide a stable energy supply and extend the life
of low-power sensors in various IoT systems.

B. Related Work
In order to design self-sustainable WPCNs for IoT ap-

plications, some works have discussed the AoI in WPCNs,
see e.g., [23]–[28], thus far. In [23], the average AoI of
the WPCN with a first-come-first-served (FCFS) sensor node
was investigated in the low SNR region. In [24], the optimal
online status update policies were proposed for a wireless
power transfer (WPT)-enabled sensor with various battery
sizes. In [25], the average AoI for a sensor network with WPT
capabilities was minimized. In [26], the uplink average AoI
of a unilaterally wireless powered two-way data exchanging
network was analyzed and minimized. In [27], the average
urgency-aware AoI for an RF-EH enabled network was inves-
tigated, where the urgency-aware AoI was characterized by
an exponential increase in dissatisfaction with data staleness
over time. In [28], the average α-β AoI penalty of WPCN was
presented, where a uniform AoI expression was designed and
then applied to evaluate the performance of WPCNs.

In all aforementioned existing works [23]–[28], only the sin-
gle sensor-destination pair WPCN models were investigated.
Since in most practical IoT scenarios, multiple sensors have to
be powered and scheduled to sense and deliver their collected
status update information, some recent works, see e.g., [29]–
[32], began to study the AoI-aware user/sensor scheduling in
multi-user/sensor WPCNs. In [29], the resource scheduling
was designed to maximize the long-term system utility in-
cluding fairness, throughput, and age-related data processing
penalties of wireless powered mobile-edge computing (MEC).
In [30], the long-term weighted sum-AoI of the system was
minimized, where the WPT and transmission scheduling were
jointly optimized. In [31], the long-term average weighted
sum of AoI in a multi-user WPCN was minimized, where
a deep reinforcement learning (DRL) algorithm was proposed
to schedule the users. In [32], an online user scheduling policy
was developed to minimize the long-term average AoI, where
EH users were scheduled to transmit generated status updates
to their intended receivers.

C. Motivations and Contributions

Nevertheless, only the Rayleigh fading channel was dis-
cussed for AoI-based multi-sensor WPCNs in the literature,
where moreover, the energy and information were delivered
separately in different time slots in existing works [29]–[32].
However, in some wireless-powered IoT applications, such
as smart agriculture scenarios, line-of-sight (LOS) wireless
links may exist. In such cases, the Rayleigh fading model
will not be valid any longer due to the existence of LOS
links. Significantly, the Nakagami-m fading model reflects the
various realistic LOS and non-line-of-sight (NLOS) fading
channels experienced in practice. To fill the gap, this paper
focuses on designing an AoI-based online scheduling policy
for the multi-sensor WPCN by considering the Nakagami-m
fading channel model.

We consider a typical multi-sensor WPCN, where a WPS
can wirelessly power multiple sensor nodes (SNs), and the
SNs are scheduled to sample and transmit real-time status
information by using their harvested energy. Different from
previous works, in this paper, the WPT and data transmission
are operated over different frequency bands to realize uninter-
rupted WPT and RF-based EHs. That is, in our work, the SNs
are allowed to harvest and accumulate RF energy continuously
to provide a better communication service.

Our goal is to minimize the long-term Expected Weighted
Sum AoI (EWSAoI) of the multi-sensor WPCNs by finding
an efficient online scheduling policy. The main contributions
of this paper are summarized as follows.

• For the considered multi-sensor WPCN, the AoI evolution
expression of the data packet collected from each SN
over Nakagami-m fading channels is analyzed. Particu-
larly, since the successful data transmission probability
implicitly affects the EWSAoI of the WPCN, we first
discuss it and derive a closed-form expression for it by
using the additivity of the Gamma distribution and the
integral operation. Then, the AoI evolution of the system
is modeled by utilizing the obtained expression of the
successful data transmission probability.

• In order to find an efficient online scheduling policy to
minimize the EWSAoI of the system, we formulate a
discrete-time scheduling problem to determine which SN
should be scheduled at the beginning of a time slot, where
the interference among the SNs’ information transmission
is taken into account.

• As the problem is a typical integer non-linear pro-
gramming problem with the non-explicit expression of
the optimization variable and cannot be solved by us-
ing conventional optimization methods, we decompose
it into a series of deterministic per-time-slot prob-
lems with independent time slots. Then, we propose
a Lyapunov optimization-based low-complexity online
scheduling policy, i.e., Max-Weight policy, to solve it,
which schedules a SN based on the current state of SNs
(i.e., the AoI and the harvested energy) in each time slot.

• Simulations demonstrate our presented theoretical results
and show that our proposed scheduling policy is able
to achieve the lower EWSAoI than some benchmark
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Fig. 1. (a) Typical IoT application scenarios, and (b) System model.

policies, such as greedy policy and random round-robin
policy. Especially, when the scale of the system is rela-
tively small, the gain of the proposed policy compared
with the greedy policy is considerable. Moreover, the
EWSAoI decreases with the increment of transmit power
of the WPS, and the value of the EWSAoI decreases
slowly and finally tends to be zero. Besides, it is also seen
that when the transmit power is relatively small, the larger
the number of SNs, the smaller the EWSAoI. Conversely,
when the transmit power of the WPS is relatively large,
the larger the number of SNs, and the larger the EWSAoI.

The rest of the paper is organized as follows. In Section II,
the system model and channel model are presented, and AoI
model is described. In Section III, the successful data trans-
mission probability is analyzed and derived. In Section IV, the
scheduling problem in the multi-sensor WPSN is formulated,
and a low-complexity sub-optimal online scheduling policy is
proposed. Some numerical results and analysis are presented
in Section V. Finally, Section VI concludes the paper.

II. SYSTEM MODEL

A. Network Model

We consider an outdoor intelligent environmental monitor-
ing system consisting of a WPS, a MES, and N SNs indexed
by N = {1, 2, · · · , N}, as illustrated in Fig. 1. The MES
collects status updates (in data packets) from N SNs via
wireless links, where the SNs sample the real-time status
information of different physical processes, such as ambient
temperature and humidity, and soil acidity. Since the SNs are
energy limited, the SNs are powered by the WPS with WPT
technology. Specifically, the WPS first broadcasts RF signals
to charge the SNs and then the SNs transmit the sampled
status information to the MES for computing. It is assumed
that the WPS, the SNs, and the MES are all equipped with
single antenna due to their small sizes. Since the amount of
harvested energy over the wireless link cannot be very large,
each SN is equipped with a rechargeable capacity battery
to accumulate the harvested energy [33]. We assume that
information transmission and energy transfer are operating

over orthogonal frequency bands. Thus, the SN is able to
harvest and accumulate energy while transmitting the current
data packet.

The system is operated in a discrete-time manner, where
the time is equally slotted, with t ∈ {1, 2, · · · , T} denoting
the slot index and Ts being the length of each time slot. To
avoid inter-sensor interference, at most one SN is allowed to
be scheduled to transmit data in each time slot. If a SN is not
scheduled in a time slot, it will only harvest energy, and not
sample and not transmit data in the slot in order to save energy.
It is assumed that each SN has a data buffer with one packet-
length buffer size. At the beginning of time slot t, the SN who
is scheduled will sample a new data packet and replace the
old undelivered one stored in its data buffer.1

Let ai(t) ∈ {0, 1} denote the scheduling indicator of
the system at the beginning of time slot t, where i ∈
{1, 2, · · · , N}. If ai(t) = 1, SN i is scheduled and transmits
its sampled data packet in time slot t. Otherwise, if ai(t) = 0,
SN i is not scheduled and does not sample and transmit data
packet. As at most one SN is scheduled in each time slot, it
satisfies that

N∑
i=1

ai(t) ≤ 1, ∀t ∈ {1, 2, · · · , T}. (1)

B. Channel Model

To be general, we consider both the large-scale path loss and
the small-scale fading effects. Let dwi and dim be the distance
between the WPS and SN i and between SN i and the MES.
The log-distance path loss model is adopted, so the large-scale
channel gain between WPS and SN i and between SN i and
the MES can be expressed as ζd−κwi and ζd−κim , respectively,
where ζ is a constant and κ is the path loss factor.

1Since SNs can be passive sensors, the energy consumed by them to
generate data packets is much less than that for packet transmission [34] and
ignored here with the similarly treatment as in [25] and [26]. Moreover, since
the sensed and generated data packets are usually short, it can be assumed that
generating data packet also consumes a little bit of time, so ignored as in [25],
[26]. Therefore, this paper ignores the time and energy costs of generating
data packets at the SNs, which may be taken into account in the future.
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Let gi(t) and hi(t) denote the small-scale channel coeffi-
cients of the links from the WPS to SN i and from SN i to
the MES in time slot t, respectively. Block fading channel
model is employed and the interval of Ts is less than the
channel coherence time, so channel coefficients are regarded
to be static within each time slot but they may change from one
slot to the next randomly following independent Nakagami-m
distribution. As a result, the fading channel power gains |gi|2
and |hi|2 follow the Gamma distribution with means power
ui and vi, respectively. Thus, the probability density function
(PDF) of |gi|2 and |hi|2 can be respectively expressed by [35]

f|gi|2(x) =
λmii

Γ(mi)
xmi−1e−λix, (2)

and
f|hi|2(x) =

βnii
Γ(ni)

xni−1e−βix, (3)

with λi = mi/ui and βi = ni/vi being the ratio parameter,
and mi and ni representing the Nakagami-m fading factors.
Assuming that both mi and ni are integers, the cumulative
distribution function (CDF) of |gi|2 and |hi|2 are expressed as

F|gi|2(x) = 1− e−λix
mi−1∑
k=0

(λix)k

k!
, (4)

and

F|hi|2(x) = 1− e−βix
ni−1∑
k=0

(βix)k

k!
, (5)

respectively.

C. Energy Harvesting Model

The WPS keeps broadcasting RF signals to charge the SNs
with a fixed transmit power Pw over the downlink energy
transfer channel. The linear EH model is employed2, so the
amount of energy harvested by SN i from the WPS within
time slot t is given by

ei(t) = ηPw|gi(t)|2ζd−κwi Ts, (6)

where η ∈ (0, 1) is the energy conversion efficiency.
To improve the successful data transmission probability, SN

i uses all accumulated energy in its battery to transmit the
packet if it is scheduled at time slot t.3 Let Ei(t) denote the

2Although the non-linear EH model is more general and actual, it is also
more challenging to analyze. As a result, many recent works have still adopted
the linear EH model to study the basic performance of networks. Moreover, it
is noted that the linear EH model is also meaningful in most cases. Especially,
when the input energy is relatively small or the distance between the WPS
and the sensor is not very short, the EH circuit may still work in the linear
region [21], [36]. Thus, similar to many existing works, see, e.g., [25] and
[26], the linear EH model is adopted in our work to analyze the performance
of the multi-sensor WPCN system.

3For the considered system, on the one hand, due to the small transmit
power and the long wireless charging distance, the amount of energy harvested
by each SN in each time slot is very small. On the other hand, in order to
achieve the goal of minimizing the average AoI, the energy harvested by SNs
over a period of time will be consumed, and it is difficult for the battery to
be fully charged. Therefore, in our work, SN i uses all accumulated energy
in its battery to transmit the packet if it is scheduled at time slot t. Moreover,
the available energy at each SN can be intelligently harnessed using DRL
methods, which we will take into account in future work.

available energy of SN i at the beginning of time slot t. Sup-
pose K time slots has elapsed since SN i was last scheduled
and transmitted a data packet, Ei(t) can be expressed by

Ei(t) = E
(K)
i (t) =

K∑
n=1

ei(n)

=

K∑
n=1

ηPw|gi(n)|2ζd−κwi Ts

= ξi

K∑
n=1

|gi(n)|2,

(7)

where ξi = ηPwζd
−κ
wi Ts.

Initially, SNs have no harvested energy, so at the beginning
of the 1st time slot, one have that

Ei(1) = 0, ∀i ∈ {1, 2, · · · , N}.

D. The Long-Term Expected Weighted Sum AoI

AoI, defined as the time elapsed since SN generates the last
received data packet, is employed to measure the timeliness
of the sampled data. Thus, the AoI of the data collected by
SN i at the t-th time slot is given by

∆i(t) = (t− Ui(t))Ts, (8)

where Ui(t) is the time slot index denoting the generation time
of SN i’s latest data packet received by the MES.

Let bi(t) denote the binary variable that indicates whether
a packet from SN i has been successfully delivered to the
MES in time slot t. Specifically, bi(t) = 1 indicates that the
data packet from SN i has been successfully delivered to the
MES in time slot t, and bi(t) = 0 indicates that the data packet
from SN i was not delivered successfully in time slot t. Let Di

denote the size of the data packet sampled by SN i and ci(t)
denote the amount of data that can be delivered within time
slot t. Since only when ci(t) ≥ Di, the MES can successfully
receive the data packet from SN i, the probability that the data
packet of SN i at time slot t is successfully received can be
expressed by

pi(t) = Pr{ci(t) ≥ Di}. (9)

As the data packet from SN i can be successfully received
by the MES only when ci(t) ≥ Di, the probability of bi(t) = 1
is equal to the probability of ci(t) ≥ Di. Thereby, one have
that 

Pr{bi(t) = 1} = pi(t), if ai(t) = 1;

Pr{bi(t) = 0} = 1− pi(t), if ai(t) = 1;

Pr{bi(t) = 0} = 1, if ai(t) = 0.

(10)

Particularly, if the MES successfully receives a new data
packet of SN i during time slot t, the AoI of the data packet
collected from SN i is reset to Ts, i.e., ∆i(t+ 1) = Ts. If the
MES does not receive a new data packet of SN i during time
slot t, the AoI of the data packet collected from SN i increases
Ts, i.e., ∆i(t + 1) = ∆i(t) + Ts. Without loss of generality,
in this paper, we assume that the initial AoI of all SNs is
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equal to Ts, i.e., ∆i(1) = Ts,∀i. With such an observation,
the evolution of ∆i(t) is described by

∆i(t+ 1) =

{
Ts, if bi(t) = 1;

∆i(t) + Ts, otherwise.
(11)

Then the average AoI of SN i at the MES over T time
slots can be captured by E

[∑T
t=1 ∆i(t)

]
/T , where E(·) is

the expectation operation. Thus, the long-term EWSAoI of
the entire network is given by

∆̄ = lim
T→∞

1

NT
E
[ T∑
t=1

N∑
i=1

αi∆i(t)

]
, (12)

where αi > 0 is the predefined weight of SN i measuring the
importance of SN i’s status update.

III. SUCCESSFUL DATA TRANSMISSION PROBABILITY

Since the evolution of AoI depends the probability that the
data packet of SN i is successfully received by MES at time
slot t, we first derive an explicit expression of the successful
data transmission probability in this section.

Let Pi(t) represent the available transmit power of SN i at
time slot t. Following (7), one have that

Pi(t) =
E

(K)
i (t)

Ts
=
ξi
∑K
n=1 |gi(n)|2

Ts
. (13)

Thus, if SN i is scheduled to perform information transmis-
sion in time slot t, according to Shannons formula, the amount
of data that can be delivered within time slot t is given by

ci(t) = TsW log2

(
1 +

Pi(t)|hi(t)|2ζ
N0dκim

)
, (14)

where W denotes the communication bandwidth and N0

represents the noise power at the MES.

Proposition 1. In the considered multi-sensor WPCN system,
assuming SN i has uninterruptedly harvested energy over K
slots before time slot t over a Nakagami-m fading channel,
the successful data transmission probability of SN i at time
slot t is

pi(t) =
2

Γ(ni)

miK−1∑
k=0

(λiβiFi)
ni+k

2

k!
Kni−k(2

√
λiβiFi),

(15)
where Fi = RiTs

ξi
with Ri = (2

Di
TsW − 1)N0d

κ
im/ζ.

Proof. According to (9) and (14), one have that

pi(t) =Pr
{
TsW log2

(
1 +

Pi(t)|hi(t)|2ζ
N0dκim

)
≥ Di

}
=Pr{Pi(t)|hi(t)|2 ≥ Ri},

(16)

where Ri = (2
Di
TsW − 1)N0d

κ
im/ζ. By applying the represen-

tation of Pi(t) in (13), (16) can be re-expressed by

pi(t) = Pr

{
ξi

(∑K
n=1 |gi(n)|2

)
|hi(t)|2

Ts
≥ Ri

}
= Pr

{(∑K

n=1
|gi(n)|2

)
|hi(t)|2 ≥ Fi

}
,

(17)

where Fi = RiTs
ξi

.

For convenience, we define Xi =
∑K
n=1 |gi(n)|2 and Yi =

|hi(t)|2, and Zi = XiYi. According to the additivity of the
gamma distribution, the PDF and CDF of Xi can be expressed
as [35]

fXi(x) =
λmiKi

Γ(miK)
xmiK−1e−λix, (18)

and

FXi(x) = 1− e−λix
miK−1∑
k=0

(λix)k

k!
. (19)

Thus, the CDF of Zi can be expressed as

FZi(z) =

∫ ∞
0

FXi

(z
y

)
fYi(y)dy. (20)

Then, we obtain Eq. (21), which can be found at the top of
the next page.

Using the following equation,∫ ∞
0

xne−axdx =
Γ(n+ 1)

an+1
, n > −1, a > 0, (22)

we can show I1 = 1.
Moreover, by utilizing the fact [ [37], 3.471.9], I2 is further

given by

I2 =

∫ ∞
0

[
e−λi

z
y

miK−1∑
k=0

(λi
z
y )k

k!

] [
βnii

Γ(ni)
yni−1e−βiy

]
dy

=
βnii

Γ(ni)

miK−1∑
k=0

(λiz)
k

k!

∫ ∞
0

e−λi
z
y−βiyyni−k−1dy

=
2βi

ni

Γ(ni)

miK−1∑
k=0

(λiz)
k

k!

(
λiz

βi

)ni−k
2

Kni−k

(
2
√
λiβiz

)
=

2

Γ(ni)

miK−1∑
k=0

(λiβiz)
ni+k

2

k!
Kni−k(2

√
λiβiz),

(23)

where Kv is the v-th order modified Bessel function of the
second kind. According to (21), (22) and (23), the CDF of Zi
can be written as

FZi(z) = 1− 2

Γ(ni)

miK−1∑
k=0

(λiβiz)
ni+k

2

k!
Kni−k(2

√
λiβiz).

(24)
Therefore, we obtain

pi(t) =Pr
{
Zi ≥ Fi

}
= 1− FZi(Fi)

=
2

Γ(ni)

miK−1∑
k=0

(λiβiFi)
ni+k

2

k!
Kni−k(2

√
λiβiFi).

(25)
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FZi(z) =

∫ ∞
0

[
1− e−λi

z
y

miK−1∑
k=0

(λi
z
y )k

k!

] [
βnii

Γ(ni)
yni−1e−βiy

]
dy

=

∫ ∞
0

[
βnii

Γ(ni)
yni−1e−βiy

]
dy︸ ︷︷ ︸

I1

−
∫ ∞

0

[
e−λi

z
y

miK−1∑
k=0

(λi
z
y )k

k!

] [
βnii

Γ(ni)
yni−1e−βiy

]
dy︸ ︷︷ ︸

I2

.
(21)

IV. PROBLEM FORMULATION AND SOLUTION

A. Problem Formulation

The goal is to develop a low-complexity online scheduling
policy such that the long-term EWSAoI of the system could be
minimized. We denote the scheduling policy π as a sequence
of actions π = (aπ(1),aπ(2), · · · ,aπ(t), · · · ) ∈ Π, where
aπ(t) = (aπ1 (t), aπ2 (t), · · · , aπN (t)) and Π denotes the set of all
feasible scheduling policies, with aπi (t) being the scheduling
indicator of the system on SN i at the beginning of time
slot t with policy π. Specifically, aπi (t) = 1 indicates that
SN i is scheduled and aπi (t) = 0 indicates that SN i is not
scheduled. Then, the scheduling problem formulation can be
mathematically expressed by

P1 : min
π∈Π

lim
T→∞

1

NT
E
[ T∑
t=1

N∑
i=1

αi∆
π
i (t)

]
(26a)

s.t. aπi (t) ∈ {0, 1}, i ∈ {1, 2, · · · , N}, ∀t, (26b)∑N

i=1
aπi (t) ≤ 1, ∀t, (26c)

where ∆π
i (t) is AoI of SN i at the MES in time slot t with

policy π. The constraint (26c) follows the fact that at most
one SN is scheduled in each time slot to transmit data packet.
Since Ei(1) = 0 for i ∈ {1, 2, · · · , N}, no SN is scheduled to
transmit data packet in the first time slot. That is, aπ(1) = 0.

B. Problem Transformation

Problem P1 is a typical integer non-linear programming
(INLP) problem with the non-explicit expression of the objec-
tive function, so it is difficult to solve it directly. As is known,
Lyapunov method is able to make an online decision with au-
tonomous learning, we propose a low-complexity suboptimal
online scheduling policy based on Lyapunov function, which
is also referred to as the Max-Weight Policy in the sequel.

The Lyapunov optimization method does not require any
predictive information of random variables in the decision-
making process and is able to gradually optimize the decision
at each time period according to the changes of the external
environment [38], [39]. In addition, the Lyapunov optimization
algorithm has low complexity, which can effectively ensure the
rapidity of AoI-based task scheduling decisions. Accordingly,
we decompose the original scheduling problem into a series
of scheduling problems to minimize the one-slot conditional
Lyapunov Drift in each time slot.

Following the goal of minimizing EWSAoI, we first define
a quadratic Lyapunov function in terms of the weighted AoI,
i.e.,

L(∆(t)) =
1

2

N∑
i=1

αi∆
2
i (t), (27)

where ∆(t) is a state vector at time slot t with ∆(t) =
[∆1(t),∆2(t), · · · ,∆N (t)].

Then, the one-slot conditional Lyapunov Drift is defined as

δ(∆(t)) = E[L(∆(t+ 1))− L(∆(t))|∆(t)], (28)

where δ(∆(t)) actually represents the expected growth of
L(∆(t)) from time slot t to the next slot (t+ 1).

Therefore, the scheduling decisions for time slot t can be
obtained by solving the following Problem P2,

P2 : min
aπ(t)

δ(∆(t)) (29a)

s.t. aπi (t) ∈ {0, 1}, (29b)∑N

i=1
aπi (t) ≤ 1. (29c)

C. Online Scheduling Policy
According to (11), the dynamic evolution of the AoI of SN

i can be given by

∆i(t+ 1) = bπi (t) · Ts +
(
1− bπi (t)

)
·
(
∆i(t) + Ts

)
, (30)

where bπi (t) ∈ {0, 1} indicates whether a data packet from SN
i with policy π has been successfully delivered to the MES
in time slot t.

Substituting (30) into (27) and then substituting the updated
(27) into (28), the expression of the one-slot conditional
Lyapunov Drift can be given by

δ(∆(t)) =−1

2

N∑
i=1

E
[
bπi (t)|∆(t)

]
αi∆i(t)

(
∆i(t) + 2Ts

)
︸ ︷︷ ︸

term 1

+

N∑
i=1

αi∆i(t)Ts +
1

2

N∑
i=1

αiT
2
s︸ ︷︷ ︸

term 2

.

(31)

One can see that policy π is only related to the first term of
(31), i.e., term 1. In order to efficiently solve Problem P2 that
aims to minimize δ(∆(t)), the scheduling policy π should
maximize

N∑
i=1

E
[
bπi (t)|∆(t)

]
αi∆i(t)

(
∆i(t) + 2Ts

)︸ ︷︷ ︸
wi(t)

,∀t.
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Fig. 2. The corresponding workflow for all process chains.

That is, for SN i, if it is with the largest value of wi(t) among
all SNs, its corresponding bi(t) approaches to 1. Moreover, as
bi(t) depends on ∆(t) through ai(t), one have that

E[bi(t)|∆(t)] = E[bi(t)|ai(t)].

According to (10), we have that

E[bi(t)|ai(t)] = pi(t)ai(t). (32)

Based on the analysis above, to minimize δ(∆(t)), the SN
with the largest value of Wi(t) = pi(t)w(t) should be
scheduled. Thus, the optimal solution to Problem P2 can be
expressed by,

aπi (t) =

{
1, if i = arg max

i∈N
Wi(t);

0, otherwise.
(33)

That is, the SN with the largest Wi(t) will be scheduled. So,
our presented scheduling policy is called Max-Weight Policy.
Particularly, if there are two or more SNs with the same largest
Wi(t) in time slot t, one can be arbitrarily selected. For clarity,
the details of the presented Max-Weight Policy is summarized
in Algorithm 1.

Algorithm 1 The Presented Max-Weight Scheduling Policy.
Input: The distances dwi and dim, fading channel parameters,

the number of time slots elapsed since SN i last transmit-
ted data packet in time slot t, ∀i ∈ {1, 2, · · · , N}.

1: Observe the AoI of SN i at the MES in time slot t.
2: Calculate the probability of successful transmission for SN
i, i.e., pi(t);

3: Calculate the weight for SN i. The expression of weight
is given by

Wi(t) = pi(t)αi∆i(t)
(
∆i(t) + 2Ts

)
;

4: Select the SN with the maximum weight Wi∗(t), i∗ =
arg max

i∈N
Wi(t). Therefore, we get

aπi (t) =

{
1, if i = i∗;
0, otherwise.

Output: The optimal aπ(t).

The corresponding workflow for all process chains is shown
in Fig. 2.
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Fig. 3. The successful data transmission probability p versus the number of
slot time K.

D. Complexity Analysis

In time slot t, the weight of each SN needs to be calculated,
so the time complexity of each slot of Max-Weight Policy is
O(N). As problem P2 has to be solved for each time slot,
the complexity of the Max-weight policy over time T is about
T ·O(N).

V. SIMULATION RESULTS

In this section, simulation results are provided to validate
the proposed scheduling policy and demonstrate the AoI
performance of the considered multi-sensor system under the
proposed scheduling policy.

According to [14], [25], [30], the simulation parameters are
set as fellow. The transmit power of the WPS is Pw = 0.1 W,
and the energy conversion efficiency is η = 0.7. The system
bandwidth is W = 0.1 MHz, and the noise power at the
receiver is set as N0 = −60 dBm. The time slot length is
set as Ts = 1 s, and the size of data packet is D = 3000 bits.
The distances between the WPS and SN i and between SN i
and the MES are set as dwi = dim ∈ {12, 16} meters. The
large-scale path loss factor is set as κ = 2, and constant ζ is
set as 10−3. For the Nakagami-m small-scale fading channel,
mi and ni are set to be 2 for ∀i, and the ratio parameter
λ1 and βi are set to be 1 for ∀i. Generally, to highlight
the different importance of each SN, the weight of SN i is
αi = (N + 1− i)/N, ∀i ∈ {1, 2, · · · , N}.

First, to verify the correctness of the theoretical analysis
results of successful data transmission probability, Fig. 3 is
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Fig. 4. The EWSAoI versus the number of SNs under three different policies.
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Fig. 5. The normalized gain of the EWSAoI achieved by the Max-weight
policy to the EWSAoI achieved by the benchmark policies.

shown. It can be seen that the analytical results and the
simulation results match well, which validates our obtained
theoretical results. The simulation results are obtained by
the Monte Carlo simulation up to 5 ∗ 105 realizations. The
successful data transmission probability p increases with the
increase of K, while the increment decreases gradually. The
reason is that with the increase of K, the energy harvested by
the sensor increases, so the transmitted power increases, but
according to Shannon’s theory, the transmission rate will not
continue to increase.

For comparison, the greedy policy and random round-
robin (RR) policy are simulated as the benchmark policies.
In the greedy policy, the SN with the highest expected AoI is
scheduled in each time slot. In the random round-robin policy,
N time slots are a frame, and the channel in each frame is
allocated to each sensor for scheduling in a random cycle.

Fig. 4 shows the EWSAoI versus the number of SNs under
three scheduling policies. It is seen that compared with the
random RR policy, the EWSAoI achieved by our proposed
policy and the greedy policy are much smaller when N is
greater than 10. When the number of SNs is relatively small,
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Fig. 6. The EWSAoI versus the transmit power Pw under different N .

the gain of the proposed policy compared with the greedy
policy is more obvious. For the greedy policy, the SN with
the highest EWSAoI is scheduled in each time slot. This
policy may have the same SN continuously scheduled when
the number of SNs is relatively small. However, the scale of
the WPCNs are often not too large, so our proposed scheduling
policy is more efficient. It can also be seen that as the number
of SNs increases, the EWSAoI also increases (except under
the greedy policy). The reason may be that as the number of
SNs increases, the effect on EWSAoI of increasing the time
interval at which each SN is scheduled is greater than the
effect on EWSAoI of increasing transmit power.

In order to clearly observe the benefits brought by our
proposed Max-weight policy, Fig. 5 plots the normalized gain
of the EWSAoI achieved by the Max-weight policy to the
EWSAoI achieved by the greedy policy and that by the random
RR policy, respectively. The result shows that when N = 8,
the normalized gain to greedy policy and random RR policy
are about 67.6% and 7.2%, respectively.

Fig. 6 describes that the EWSAoI versus the transmit power
of the WPS Pw under different numbers of SNs. In the
simulations, the EWSAoI is obtained by the proposed Max-
wight policy. It is observed that the EWSAoI decreases with
the increment of transmit power Pw and then tends to be flat,
because higher Pw makes the battery charge faster and thus
increases the transmit power of the SN. Furthermore, due to
Shannon’s capacity theorem, the data transmission rate of the
SN cannot increase infinitely, so as Pw increases, the amount
of EWSAoI decrease slowly tends to zero. Interestingly, we
have also observed that when the transmit power Pw is
relatively small, the larger the number of SNs, the smaller
the EWSAoI. Conversely, when the transmit power Pw is
relatively large, the larger the number of SNs, and the larger
the EWSAoI. The reason is that when the transmission power
is small, the probability of successful transmission is small.
When the number of SNs increases, the time interval for
each SN to be scheduled increases, which increases the time
for harvesting energy, thereby increasing the probability of
successful transmission.
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different channel parameters.
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Fig. 8. The EWSAoI versus the number of SNs under different energy
conversion efficiency η.

Fig. 7 displays that the EWSAoI versus the distance between
the SNs and the MES under different shape parameters of
Nakagami-m channels mi and ni. In the simulations, the
EWSAoI is obtained by the proposed Max-wight policy, and
dwi is set as 16 m, ∀i. One can see that the EWSAoI increases
with the increment of the distance between the SNs and the
MES. The reason is that in order to obtain more energy, the
longer the distance, the more time is required. It can also
be seen that when the transmission channel fading model is
close to Rayleigh fading (i.e., mi and ni are close to 1), the
AoI performance of the system is worst. This is because the
probability of successful data transmission decreases, so the
EWSAoI increases. It can also be seen that the change of
parameter values of the data transmission channel has a greater
impact on the EWSAoI.

Fig. 8 shows the EWSAoI versus the number of SNs under
different energy transmission efficiency η. It can be seen that
the larger η is, the smaller EWSAoI is, because the larger η
is, the more energy harvested by SNs, and thus the greater the
transmit power. However, in practice, the energy conversion
efficiency is generally small, so the value of the energy
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Fig. 9. The successful data transmission probability p versus the transmit
power Pw under different K.

conversion efficiency should be set reasonably. In particular, it
can be seen from the figure that when η = 0.5, the EWSAoI
of the system with 8 SNs is greater than the EWSAoI of the
system with 10 SNs, and the EWSAoI of the system with
10 SNs is greater than the EWSAoI of the system with 12
SNs. This is because the energy harvesting interval of the
SN is small and the energy conversion efficiency is small,
so the harvested energy is small and the data transmission
always fails. Therefore, the EWSAoI is relatively large. This
observation in Fig. 8 is useful when considering a IoT system
design. It indicates that the proposed system analysis approach
is a useful tool, especially for the SN number is not too big.

To evaluate the effect of the transmit power on the success-
ful transmission probability. Fig. 9 illustrates the successful
data transmission probability p versus the transmit power Pw
under different K. It can be observed that as the transmit
power Pw increases, the successful transmission probability
grows logarithmically. Additionally, the larger K is, the greater
the successful transmission probability becomes. This is be-
cause the larger K is, the more energy is harvested by SNs.

VI. CONCLUSION

This paper studied the online scheduling policy for multi-
sensor WPCNs to minimize the EWSAoI of the system, in
which a WPS charges multiple SNs by WPT, and then SNs
are scheduled to transmit their sampled real-time status infor-
mation to the MES for decision making. For such a system,
we first analyzed the successful data transmission probability
and derived a closed-form expression for it over Nakagami-m
fading channels. Next, to pursue an efficient online scheduling
policy that minimizes the long-term EWSAoI of the sys-
tem, we formulated a discrete-time scheduling problem for
scheduling the SNs at the beginning of each time. Then, an
efficient online scheduling policy, i.e., Max-Weight policy, was
proposed based on Lyapunov optimization theory. Simulations
verify our presented theoretical results and show that our
proposed policy outperforms other benchmark policies such
as greedy policy and random RR policy. Especially, when the
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scale of the system is relatively small, the gain of the proposed
policy compared with the greedy policy is considerable, which
indicates that a simple and flexible system design is more
attractive in the viewpoint of power supply and sensing data
freshness for IoT.

REFERENCES

[1] P. Papadimitratos, et al., “Vehicular communication systems: Enabling
technologies, applications, and future outlook on intelligent transporta-
tion, IEEE Commun. Mag., vol. 47, no. 11, pp. 8495, Nov. 2009.

[2] S. Fang, L. Xu, Y. Zhu, et al., “An integrated system for regional
environmental monitoring and management based on Internet of Things,”
IEEE Trans. Ind. Informat., vol. 10, no. 2, pp. 1596-1605, May 2014.

[3] S. Kaul, R. D. Yates, and M. Gruteser, “Real-time status: How often
should one update?” in Proc. IEEE INFOCOM, Mar. 2012, 2731-2735.

[4] R. Talak and E. H. Modiano, “Age-delay tradeoffs in queueing systems,”
IEEE Trans. Inf. Theory, vol. 67, no. 3, pp. 1743-1758, Mar. 2021.

[5] M. Moltafet, M. Leinonen and M. Codreanu, “On the age of information
in multi-source queueing models,” IEEE Trans. Commun., vol. 68, no. 8,
pp. 5003-5017, Aug. 2020.

[6] A. Arafa, K. Banawan, K. G. Seddik and H. V. Poor, “Sample, quantize,
and encode: timely estimation over noisy channels,” IEEE Trans.
Commun., vol. 69, no. 10, pp. 6485-6499, Oct. 2021.

[7] T. Z. Ornee, Y. Sun, “Sampling and remote estimation for the Ornstein-
Uhlenbeck process through queues: age of information and beyond,”
IEEE/ACM Trans. Netw., vol. 29, no. 5, pp. 1962-1975, Oct. 2021.

[8] M. A. Abd-Elmagid and H. S. Dhillon, “Average peak age-of-information
minimization in UAV-assisted IoT networks,” IEEE Trans. Veh. Technol,
vol. 68, no. 2, pp. 2003-2008, Feb. 2019.

[9] H. Hu, K. Xiong, G. Qu, Q. Ni, et al., “AoI-minimal trajectory planning
and data collection in UAV-assisted wireless powered IoT networks,”
IEEE Internet Things J., vol. 8, no. 2, pp. 1211-1223, 15 Jan.15, 2021.

[10] J. Liu, P. Tong, X. Wang, B. Bai and H. Dai, “UAV-aided data collection
for information freshness in wireless sensor networks,” IEEE Trans.
Wireless Commun., vol. 20, no. 4, pp. 2368-2382, Apr. 2021.

[11] X. Zhou, W. Wang, N. U. Hassan, C. Yuen and D. Niyato, “Age of
information aware content resale mechanism with edge caching,” IEEE
Trans. Commun., vol. 69, no. 8, pp. 5269-5282, Aug. 2021.

[12] S. Zhang, L. Wang, H. Luo, X. Ma and S. Zhou, “AoI-delay tradeoff
in mobile edge caching with freshness-aware content refreshing,” IEEE
Trans. Wireless Commun., vol. 20, no. 8, pp. 5329-5342, Aug. 2021.

[13] Y. P. Hsu, E. Modiano, et al, “Scheduling algorithms for minimizing
age of information in wireless broadcast networks with random arrivals,”
IEEE Trans. Mobile Comput., vol. 19, no. 12, pp. 2903-2915, Dec. 2020.

[14] I. Kadota, A. Sinha, E. Uysal-Biyikoglu, et al., “Scheduling policies
for minimizing age of information in broadcast wireless networks,”
IEEE/ACM Trans. Netw, vol. 26, no. 6, pp. 2637-2650, Dec. 2018.

[15] M. Li, C. Chen, H. Wu, X. Guan and X. Shen, “Age-of-information
aware scheduling for edge-assisted industrial wireless networks,” IEEE
Trans. Ind. Informat., vol. 17, no. 8, pp. 5562-5571, Aug. 2021.

[16] Q. He, G. Dán and V. Fodor, “Joint assignment and scheduling for
minimizing age of correlated information,” IEEE/ACM Trans. Netw., vol.
27, no. 5, pp. 1887-1900, Oct. 2019.

[17] A. Arafa, J. Yang, S. Ulukus and H. V. Poor, “Timely status updating
over erasure channels using an energy harvesting sensor: single and
multiple sources,” IEEE Trans. Green Commun. & Netw., vol. 6, no. 1,
pp. 6-19, Mar. 2022.

[18] P. Schulz et al., “Latency critical IoT applications in 5G: Perspective on
the design of radio interface and network architecture, IEEE Commun.
Mag., vol. 55, no. 2, pp. 70-78, Feb. 2017.

[19] Y. Guo, K. Xiong, Y. Lu, B. Gao, P. Fan and K. B. Letaief, “SLIPT-
enabled multi-LED MU-MISO VLC networks: joint Beamforming and
DC bias optimization,” IEEE Trans. Green Commun. & Netw., 2022.

[20] M. L. Ku, W. Li, Y. Chen, and K. J. Ray Liu, “Advances in energy
harvesting communications: past, present, and future challenges,” IEEE
Commun. Surv. Tuts., vol. 18, no. 2, pp. 1384-1412, Apr.-Jun. 2016.

[21] K. Xiong, P. Fan, C. Zhang, K. Ben Letaief, “Wireless information
and energy transfer for two-hop non-regenerative MIMO-OFDM relay
networks,” IEEE J. Sel. Areas Commun., vol. 33, no. 8, pp. 1595-1611,
Aug. 2015.

[22] R. Zhang, K. Xiong, Y. Lu, et al., “Energy efficiency maximization
in RIS-assisted SWIPT networks with RSMA: A PPO-based approach,”
IEEE J. Sel. Areas Commun., vol. 41, no. 5, pp. 1413-1430, May 2023.

[23] H. Hu, K. Xiong, Y. Zhang, P. Fan, T. Liu, and S. Kang, “Age of
information in wireless powered networks in low SNR region for future
5G,” Entropy, vol. 20, no. 12, p. 948, Dec. 2018.

[24] X. Wu, J. Yang and J. Wu, “Optimal status update for age of information
minimization with an energy harvesting source,” IEEE Trans. Green
Commun. & Netw., vol. 2, no. 1, pp. 193-204, Mar. 2018.

[25] I. Krikidis, “Average age of information in wireless powered sensor
networks,” IEEE Wireless Commun. Lett., vol. 8, no. 2, pp. 628-631,
Apr. 2019.

[26] Y. Dong, Z. Chen, and P. Fan, “Uplink age of information of uni-laterally
powered two-way data exchanging systems,” in Proc. IEEE INFOCOM
WKSHPS, Apr. 2018, pp. 559-564.

[27] Y. Lu, K. Xiong, P. Fan, Z. Zhong, and K. B. Letaief, “Online
transmission policy in wireless powered networks with urgency-aware
age of information,” in Proc. IEEE IWCMC, Jun. 2019, pp. 1096-1101.

[28] H. Hu, K. Xiong, Y. Lu, B. Gao, P. Fan and K. B. Letaief, “α-β
AoI penalty in wireless-powered status update networks,” IEEE Internet
Things J., vol. 9, no. 1, pp. 474-484, Jan. 2022.

[29] H. Wu, H. Tian, S. Fan and J. Ren, “Data age aware scheduling for
wireless powered mobile-edge computing in industrial internet of things,”
IEEE Trans. Ind. Informat., vol. 17, no. 1, pp. 398-408, Jan. 2021.

[30] M. A. Abd-Elmagid, N. Pappas and H. S. Dhillon, “On the role of age
of information in the internet of things,” IEEE Commun. Mag., vol. 57,
no. 12, pp. 72-77, Dec. 2019.

[31] M. A. Abd-Elmagid, et al., “A reinforcement learning framework for
optimizing age of information in RF-powered communication systems,”
IEEE Trans. Commun., vol. 68, no. 8, pp. 4747-4760, Aug. 2020.

[32] S. Leng and A. Yener, “An actor-critic reinforcement learning approach
to minimum age of information scheduling in energy harvesting net-
works,” in Proc. IEEE ICASSP, 2021, pp. 8128-8132.

[33] Z. Chen, N. Pappas, et al., “Age of information in a multiple access
channel with heterogeneous traffic and an energy harvesting node,” in
Proc. IEEE INFOCOM WKSHPS, 2019, pp. 662-667.

[34] Q. Shang, H. Guo, X. Liu and M. Zhou, “A wireless energy and
thermoelectric energy harvesting system for low power passive sensor
network,” in Proc. IEEE MTT-S IWS, 2020, pp. 1-3.

[35] R. Jiang, K. Xiong, P. Fan, et al., “Outage probability and throughput
of multi-relay SWIPT-WPCN networks with nonlinear EH model and
imperfect CSI,” IEEE Syst. J., vol. 14, no. 1, pp. 1206-1217, Mar. 2020.

[36] Z. Wei, X. Yu, D. W. K. Ng and R. Schober, “Resource allocation for
simultaneous wireless information and power transfer systems: A tutorial
overview,” in Proc. IEEE, vol. 110, no. 1, pp. 127-149, Jan. 2022.

[37] I. S. Gradshteyn and I. M. Ryzhik, Table of integrals, series, and
products, San Francisco, CA, USA: Academic, 2014.

[38] L. Tassiulas and A. Ephremides, “Stability properties of constrained
queueing systems and scheduling policies for maximum throughput in
multi-hop radio networks,” IEEE Trans. Autom. Control, vol. 37, no. 12,
pp. 1936-1948, Dec. 1992.

[39] M. J. Neely, “Stochastic network optimization with application to
communication and queueing systems,” Morgan & Claypool, 2010.

Huimin Hu received the B.E. degree from the
School of Electronic and Information Engineering,
Lanzhou Jiaotong University, Lanzhou, China, in
2017, received the Ph.D. degree from the School
of Computer and Information Technology, Beijing
Jiaotong University (BJTU), Beijing, China, in 2023.
She was a Joint Ph.D. Student with the Department
of Electrical and Computer Engineering, University
of Victoria, Victoria, B.C., Canada, under the super-
vision of Professor Hong-Chuan Yang, from Aug.
2021 to Aug. 2022. She won the Best Paper Awards

of the 25th and 26th Annual Conference of Chinese Institute of Electronics
Information Theory(CIEIT) in 2018 and 2019, respectively.

Her research interests include age of information, energy harvesting in
wireless communication networks, UAV-aided communications, and wireless
sensor networks, etc.

This article has been accepted for publication in IEEE Transactions on Green Communications and Networking. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TGCN.2023.3290007

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Lancaster University. Downloaded on August 22,2023 at 14:16:46 UTC from IEEE Xplore.  Restrictions apply. 



11

Ke Xiong (M’14) received the B.S. and Ph.D.
degrees from Beijing Jiaotong University (BJTU),
Beijing, China, in 2004 and 2010, respectively.

From April 2010 to February 2013, he was a
Postdoctoral Research Fellow with the Department
of Electronics Engineering, Tsinghua University,
Beijing. Since March 2013, he has been a Lecturer,
an Associate Professor of BJTU, where he is cur-
rently a Full Professor and the Vice Dean of the
School of Computer and Information Technology.
From September 2015 to September 2016, he was

a Visiting Scholar with the University of Maryland, College Park, MD,
USA. He has published more than 100 academic papers in referred journals
and conferences. His current research interests include wireless cooperative
networks, wireless powered networks, and network information theory.

Dr. Xiong is a member of China Computer Federation (CCF) and also a
senior member of the Chinese Institute of Electronics (CIE). He won the Best
Student Paper Awards of the HWMC’2014, the best student paper awards of
the 25th and 26th Annual Conference of Information Theory of CIT (CIT-
IT), the IEEE ICC’2020, and also the TAOS Technical Committee at IEEE
ICC’2020. He also served as the Session Chair of IEEE GLOBECOM’2012,
IET ICWMMN’2013, IEEE ICC’2013, ACM MOMM’2014, and the Publicity
and Publication Chair of IEEE HMWC’2014, as well as the TPC Co-
Chair of IET ICWMMN’2017 and IET ICWMMN’2019. He also currently
serves as a Reviewer for more than 15 international journals, including IEEE
TRANSACTIONS ON SIGNAL PROCESSING, IEEE TRANSACTIONS
ON WIRELESS COMMUNICATIONS, IEEE TRANSACTIONS ON COM-
MUNICATIONS, IEEE TRANSACTIONS ON VEHICULAR TECHNOL-
OGY, IEEE COMMUNICATIONS LETTERS, IEEE SIGNAL PROCESSING
LETTERS, and IEEE WIRELESS COMMUNICATIONS LETTERS. In 2017,
he serves as the leading Editor for the Special Issue on Recent Advances
in Wireless Powered Communication Networks of EURASIP JOURNAL
ON WIRELESS COMMUNICATIONS AND NETWORKING and the Guest
Editor of the Special Issue on Recent Advances in Cloud-Aware Mobile Fog
Computing of Wireless Communications and Mobile Computing. He serves as
the Associate Editor-in Chief of the CHINA’S NEW INDUSTRIALIZATION
STRATEGY and an Editor for INTERNATIONAL JOURNAL OF COM-
PUTER ENGINEERING AND SOFTWARE TECHNOLOGY.

Hong-Chuan Yang Hong-Chuan Yang (S’00, M’03,
SM’07) received his Ph.D. degree in Electrical En-
gineering from the University of Minnesota, Min-
neapolis, USA, in 2003. Since then, Dr. Yang has
been with the Department of Electrical and Com-
puter Engineering at the University of Victoria,
Victoria, B.C., Canada, where he is now a professor.
From 1995 to 1998, Dr. Yang was a Research
Associate at the China Academy of Information
and Communications Technology (CAICT), Beijing,
China. His current research focuses on the design

and analysis of intelligent wireless transmission systems for advanced Internet
of Things. Dr. Yang has published over 200 referred journal and conference
papers. He is the author of Introduction of Digital Wireless Communications
by IET press and the co-author of Advanced Wireless Transmission Technolo-
gies by Cambridge University Press. He is a registered professional engineer
(P. Eng.) in British Columbia, Canada.

Qiang Ni (Senior Member, IEEE) received the
B.Sc., M.Sc., and Ph.D. degrees in engineering
from Huazhong University of Science and Tech-
nology, Wuhan, China, in 1993, 1996, and 1999,
respectively. He is currently a professor at the
School of Computing and Communications, Lan-
caster University, LA1 4WA Lancaster, U.K. His
research areas include future generation communi-
cations and networking, including green communi-
cations/networking, millimeter-wave wireless, cog-
nitive radio systems, 5G/6G, SDN, cloud networks,

edge computing, dispersed computing, Internet of Things, cyber physical
systems, artificial intelligence/machine learning, and vehicular networks. He
has authored or coauthored 300+ papers in these areas.

Bo Gao (M’14) received his Ph.D. degree in com-
puter engineering from Virginia Tech, Blacksburg,
USA in 2014. He was an Assistant Professor in
the Institute of Computing Technology at Chinese
Academy of Sciences, Beijing, China from 2014 to
2017. He was a Visiting Researcher in the School
of Computing and Communications at Lancaster
University, Lancaster, UK from 2018 to 2019. He
is currently an Associate Professor in the School
of Computer and Information Technology at Beijing
Jiaotong University, Beijing, China. He has directed

a number of research projects sponsored by the National Natural Science
Foundation of China (NSFC) or other funding agencies. He is a member of
IEEE and ACM. His research interests include wireless networking, mobile
computing, multi-agent systems, and machine learning.

Pingyi Fan (M’03-SM’09) received the B.S and
M.S. degrees from the Department of Mathematics
of Hebei University in 1985 and Nankai University
in 1990, respectively, received his Ph.D. degree from
the Department of Electronic Engineering, Tsinghua
University, Beijing, China in 1994. He is a professor
of department of EE of Tsinghua University cur-
rently.

From Aug. 1997 to March. 1998, he visited Hong
Kong University of Science and Technology as Re-
search Associate. From May. 1998 to Oct. 1999, he

visited University of Delaware, USA, as research fellow. In March. 2005, he
visited NICT of Japan as visiting Professor. From June. 2005 to May 2014,
he visited Hong Kong University of Science and Technology for many times
and from July 2011 to Sept. 2011, he was a visiting professor of Institute
of Network Coding, Chinese University of Hong Kong. He is currently a
Professor with the Department of EE, Tsinghua University. His main research
interests include B5G technology in wireless communications such as MIMO,
OFDMA, Network coding, Network information theory, Machine learning and
Big data analysis.

Dr. Fan is an Overseas Member of IEICE. He has received some academic
awards, including the IEEE WCNC’08 Best Paper Award, ACM IWCMC’10
Best Paper Award, IEEE Globecom’14 Best Paper Award, IEEE ICC’20 Best
Paper Award, IEEE TAOS Technical Committee’20 Best Paper Award, and the
CIEIT Best Paper Awards in 2018 and in 2019. Also, he has received IEEE
ComSoc Excellent Editor Award for IEEE TRANSACTIONS ON WIRELESS
COMMUNICATIONS in 2009. He has attended to organize many interna-
tional conferences including as General Co-Chair of EAI Chinacom 2020, and
IEEE VTS HMWC 2014, the TPC Co-Chair of IEEE International Conference
on Wireless Communications, Networking and Information Security (WCNIS
2010) and the TPC member of IEEE ICC, GLOBECOM, WCNC, VTC,
INFOCOM. He is also a Reviewer of more than 30 international Journals,
including 20 IEEE Journals and 8 EURASIP Journals. He has served as an
editor of IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS,
INTERNATIONAL JOURNAL OF AD HOC AND UBIQUITOUS COM-
PUTING (Inderscience), JOURNAL OF WIRELESS COMMUNICATION
AND MOBILE COMPUTING (Wiley), ELECTRONICS (MDPI), and OPEN
JOURNAL OF MATHEMATICAL SCIENCES.

This article has been accepted for publication in IEEE Transactions on Green Communications and Networking. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TGCN.2023.3290007

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Lancaster University. Downloaded on August 22,2023 at 14:16:46 UTC from IEEE Xplore.  Restrictions apply. 



12

Khaled Ben Letaief (S’85-M’86-SM’97-F’03) re-
ceived the B.S. degree (Hons.) in electrical en-
gineering from Purdue University, West Lafayette,
IN, USA, in December 1984, and the M.S. and
Ph.D. degrees in electrical engineering from Purdue
University, West Lafayette, IN, USA, in August 1986
and May 1990, respectively.

From 1990 to 1993, he was a Faculty Mem-
ber with the University of Melbourne, Melbourne,
VIC, Australia. Since 1993, he has been with the
Hong Kong University of Science & Technology

(HKUST). While at HKUST, he has held many administrative positions,
including the Head of the Electronic and Computer Engineering department,
Director of the Wireless IC Design Center, founding Director of Huawei
Innovation Laboratory, and Director of the Hong Kong Telecom Institute
of Information Technology. While at HKUST he has also served as Chair
Professor and Dean of Engineering. Under his leadership, the School of
Engineering has not only transformed its education and scope and produced
very high caliber scholarship, it has also actively pursued knowledge transfer
and societal engagement in broad contexts. It has also dazzled in international
rankings (rising from #26 in 2009 to #14 in the world in 2015 according to QS
World University Rankings.) From September 2015 to March 2018, he joined
HBKU as Provost to help establish a research-intensive university in Qatar
in partnership with strategic partners that include Northwestern University,
Carnegie Mellon University, Cornell, and Texas A&M.

Dr. Letaief is a Member of the United States National Academy of
Engineering, a Fellow of Hong Kong Institution of Engineers, and a Member
of the Hong Kong Academy of Engineering Sciences. He is also recognized
by Thomson Reuters as an ISI Highly Cited Researcher and was listed among
the 2020 top 30 of AI 2000 Internet of Things Most Influential Scholars. He
is currently an Internationally Recognized Leader in wireless communications
and networks with research interest in artificial intelligence, big data analytics
systems, mobile cloud and edge computing, tactile Internet, 5G systems and
beyond. In these areas, he has over 630 papers with over 38,350 citations and
an h-index of 87 along with 15 patents, including 11 U.S. inventions.

Dr. Letaief was the recipient of many distinguished awards and honors
including the 2019 Distinguished Research Excellence Award by HKUST
School of Engineering (Highest research award and only one recipient/three
years is honored for his/her contributions), the 2019 IEEE Communications
Society and Information Theory Society Joint Paper Award, the 2018 IEEE
Signal Processing Society Young Author Best Paper Award, the 2017 IEEE
Cognitive Networks Technical Committee Publication Award, the 2016 IEEE
Signal Processing Society Young Author Best Paper Award, the 2016 IEEE
Marconi Prize Paper Award in Wireless Communications, the 2011 IEEE
Wireless Communications Technical Committee Recognition Award, the
2011 IEEE Communications Society Harold Sobol Award, the 2010 Purdue
University Outstanding Electrical and Computer Engineer Award, the 2009
IEEE Marconi Prize Award in Wireless Communications, the 2007 IEEE
Communications Society Joseph LoCicero Publications Exemplary Award,
and more than 16 IEEE Best Paper Awards.

He served as consultants for different organizations including Huawei, AS-
TRI, ZTE, Nortel, PricewaterhouseCoopers, and Motorola. He is the founding
Editor-in-Chief of the prestigious IEEE TRANSACTIONS ON WIRELESS
COMMUNICATIONS and has served on the editorial board of other pre-
mier journals including the IEEE JOURNAL ON SELECTED AREAS IN
COMMUNICATIONS Wireless Series (as the Editor-in-Chief). He has also
been involved in organizing many flagship international conferences. He also
served as the President of the IEEE Communications Society from 2018
to 2019, the world’s leading organization for communications professionals
with headquarter in New York City and members in 162 countries. He
is well recognized for his dedicated service to professional societies and
IEEE, where he has served in many leadership positions. These include
Treasurer of the IEEE Communications Society, the IEEE Communications
Society Vice-President for Conferences, the Chair of IEEE Committee on
Wireless Communications, a elected member of IEEE Product Services and
Publications Board, and the IEEE Communications Society Vice-President for
Technical Activities.

This article has been accepted for publication in IEEE Transactions on Green Communications and Networking. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TGCN.2023.3290007

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Lancaster University. Downloaded on August 22,2023 at 14:16:46 UTC from IEEE Xplore.  Restrictions apply. 


