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Abstract—Wireless power transfer (WPT) provides a novel
solution to the painstaking power-charging issue in wireless
sensor networks. However, due to the propagation loss, the fast
attenuation in energy transfer efficiency over the transmission
distance is the main impediment to the WPT application. In this
work, we apply the simultaneous wireless information and power
transfer (SWIPT) to a wirelessly powered sensor network, where
each node has two circuits which operate on energy harvesting
mode and information decoding mode separately. We propose a
novel Cooperative SWIPT Scheme (CSS) for this system. Firstly,
we present a conflict-free schedule initialization algorithm for
CSS. For a given conflict-free schedule, we formulate a resource
allocation problem to maximize the network energy efficiency,
which is then transformed to an equivalent convex optimization
problem and resolved via dual decomposition. Finally, a heuristic
algorithm is presented to achieve the transmission schedule with
the maximum energy efficiency and the corresponding resource
assignment policy. Simulation results indicate that the CSS can
significantly improve energy efficiency of the wirelessly powered
sensor network.
Index Terms—Wireless sensor networks, wireless information
and power transfer, energy efficiency, resource allocation.

I. I NTRODUCTION

W

IRELESS sensor networks (WSNs) are made up of
large quantities of sensor nodes with communication
capabilities, and one or more sinks. In the WSN, the nodes
collect data through the sensors and transmit them to the sinks
via single hop or multi-hop communication. It is widely used
in military and civil fields such as target tracking [1], intrusion
detection [2] and surveillance applications [3].
Traditionally, sensor nodes use batteries as supply power.
However, the energy scarcity of battery constitutes a major
impediment to the applications of WSN. Thus, a considerable
number of energy-aware protocols have been proposed to
reduce energy consumption to increase the lifetime of a WSN.
But these works are unable to provide a WSN with the ability
to achieve uninterrupted long-term or perpetual operation. In
order to resolve this problem, the EH technology has been
applied to wireless sensor networks, where the EH device
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enables the sensor nodes to replenish the energy from ambient
sources [5]-[9].
The conventional EH techniques enable the nodes to harvest
energy from the natural sources, for instance, wind and solar,
and store the harvested energy in the battery for future use if
it can not be consumed immediately. But in general, the EH
energy sources are stochastic in nature and therefore cannot
reliably power a WSN uninterruptedly, even if the adaptive
energy management and allocation scheme [5] is adopted.
Due to this drawback of the conventional EH technique,
new energy harvesting techniques like wireless power transfer
(WPT) have emerged to power a WSN. Different from the
conventional EH technique, WPT technique enables sensor
nodes to charge their batteries from electromagnetic radiation,
such as radio-frequency (RF) signals [11]. Compared with
conventional EH techniques based on ambient energy sources,
WPT is reliable and stable. Therefore, energy harvesting based
on WPT is appropriate for low-power applications, such as
sensor networks [12].
On the other hand, a major issue for WPT is the fast attenuation in energy transfer efficiency over the transmission distance
because of the propagation loss. Hence this issue has great
limits to the application of WPT. Therefore, a new method
is needed to improve the energy transfer efficiency. Since RF
signals that carry energy can at the same time be used as vehicle for transmitting information, a RF-based power transfer
technology, named SWIPT [13] can be applied to improve the
energy transfer efficiency. SWIPT can utilize both information
and energy conveyed by RF signals simultaneously, whereas
in traditional WSNs, the radio signal sent by a node can only
be used by the destination node for information decoding. In
this paper, we aim to maximize energy efficiency by taking
advantage of SWIPT technique in wirelessly powered sensor
networks. Specifically, our contributions are as follows:
∙ To resolve the energy transfer efficiency problem in
a WPT-based WSN, we propose a novel Cooperative
SWIPT Scheme (CSS). The superiority of CSS lies in
integrating power charging with data transfer and efficiently utilizing the energy transported by the signals.
Furthermore, this works aims at finding the conflict-free
schedule and the optimal resource allocation policy so
that the system energy efficiency is maximized.
∙ We propose a heuristic transmission schedule algorithm
for CSS. This algorithm searches for a conflict-free
schedule which can achieve maximum energy efficiency.
In particular, an initialization algorithm is proposed to
establish the initial conflict-free schedule for the heuristic
transmission schedule algorithm.
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For a given transmission conflict-free schedule, we formulate the cooperative power and information transfer
problem in CSS as a non-convex optimization problem of
finding the optimal resource allocation policy, which includes the transmission schedule, the transmission power
allocation, the control of sensing data size and the energy broadcast time allocation to maximize the energy
efficiency. This problem is transformed to an equivalent
convex problem and then optimally resolved by the dual
decomposition method.
The organization of the rest of this paper is as follows:
Section II reviews related works. Section III depicts the system
model and presents the CSS. Section IV presents a conflictfree schedule initialization algorithm. Section V formulates the
resource assignment problem for a given transmission schedule
and solves this problem. Section VI provides a heuristic
algorithm to find a transmission schedule with high energy
efficiency and the corresponding resource assignment. Section
VII discusses the performance bound of CSS. Section VIII
evaluates the system performance via simulations. Finally, the
paper is summarized in Section IX.
∙

II. R ELATED WORKS
A. Ambient Energy Harvesting
To date, many works have used ambient energy harvesting
techniques to power the wireless networks. The authors of [4]
present the hardware design principles for long-term solarpowered wireless sensor networks. In [5], to maximize the
network performance in the solar powered WSNs, the authors
propose a distributed sampling rate control algorithm. Niyato
et al. [6] present a queuing model to analyze the performances
of different sleep and wakeup strategies in a solar-powered
wireless sensor node. Other solar-powered sensor networks are
illustrated in [7] and [8]. Meninger et al. [9] propose a system
to convert ambient mechanical vibration into electrical energy
for use in powering low power electronic systems. In [10],
the authors study different MAC protocols to coordinate the
transmission of each WSN node powered by ambient energy
harvesting.
However, the nature energy sources used in these works
are time-varying and unreliable because of the time variations
of harvested energy. Compared with other ambient energy
harvesting techniques, the WPT technologies can provide the
networks with stable energy supplies.
B. Wireless Power Transfer
Presently, there are two typical WPT technologies, which
are respectively based on coupled magnetic resonances and
RF signals. The former is explored by Kurs et al. [14] and
WPT is realized by having magnetic resonant coils operate
at the same resonance frequency so that they are strongly
coupled via nonradiative magnetic resonance induction [15]
[16]. However, energy transfer based on magnetic resonances
is usually activated by near field induction from more powerful
nodes (e.g., sink and vehicles).
Different from the coupled magnetic resonances, RF signal can convey both energy and information simultaneously.
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Thus, a RF-based energy harvesting technique, called SWIPT,
realizes both useful utilizations of RF signals at the same
time. Although this power transfer technique is still at the
initial stage, there have been many researches on it in the
literatures (e.g., [12], [17]-[21]). The core concept of SWIPT
is that each node consists of two receiving circuits: EH
circuit and information decoding (ID) circuit, which enable
the nodes to harvest energy and decode information from the
RF signals [13]. Based on these two circuits, in [12], two
receiver designs, i.e., time switching and power splitting, are
proposed. For time switching design (e.g., [19]-[21]), each
node can switch between two modes, harvesting energy and
decoding information mode, to either harvest energy or decode
information, respectively; whereas for power splitting design
(e.g., [17]), each node separates the received RF signal into
two independent signal flows, one sent to the EH circuit and
the other to the ID circuit. By dual utilization of RF signals
for information and energy transfer, SWIPT enables wireless
systems to achieve sustainable operation at a lower cost [12].
The works in [19]-[21] adopt the time-switching SWIPT
technology. To control the tradeoff between information rate
and harvested energy, a framework for scheduling multiple
users in the downlink of a time-slotted SWIPT system with
SWIPT is provided in [19]. In [20], a dynamic algorithm is
presented to assign the time switching factor for minimizing
the time average power consumption in the time-switching
SWIPT systems. The joint transmit precoding and receiver
time switching design for MISO SWIPT systems is also
studied in [21]. However, these works consider the downlink
transmission systems. Other works focus on the three-node
networks [12] or one-hop networks [17]-[18]. Hence these
existing studies cannot be directly applied to the multihop
WSN with multiple nodes.
C. Application of WPT in Wireless Sensor Networks
Recently, the WPT technology has been applied to power
a WSN, for example, employing wireless chargers [22][23],
applying a mobile robot [16][24][25][26], and replenishing
energy from RF signals [27].
In [22], Tong et al. use commercial RF-based WPT products
[28], called Power-cast chips, to power up the batteries of
sensor nodes in an experiment. This experiment validates the
performance of the wireless charging technology for WSNs. In
[23], Doost et al. investigate the effect of distance and location
on the energy transfer through electromagnetic waves. These
works show that the WPT for a single node is inefficient.
Therefore, WPT has some limitations when applied to a WSN
because of low power transfer efficiency. Based on the WPT
technology, a mobile robot or car is applied to carry a wireless
charger to power a WSN in [16], [24], [25] and [26]. The robot
or car periodically visits some predefined sensor positions to
charge each sensor node. Though this technology significantly
improves the power transfer efficiency, it leads to much higher
maintenance cost obviously or for some applications it is
infeasible (e.g., for sensors embedded in building structures
or inside human bodies).
In [12], RF signals are used to achieve SWIPT in a MIMO
broadcasting system. However, this work studies the simple
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scenarios with only one or two user terminals. In [29], Tang
et al. consider a two-hop communication system. Assuming
each relay can replenish energy from transmitted RF signals
when the other relay transmits, they present an optimal transmission scheme. However, similar to [12], this scheme is only
for the simplified networks with two-hop communication. In
[30], SWIPT is applied to the clustered WSNs, where the
nodes harvest RF signal. However, this paper focuses on the
communication between two adjacent cluster heads instead
of the sensor nodes and sink, whereas two adjacent cluster
heads communicate directly or by one-hop relay. A further
investigation is needed to study the multihop communication
sensor network with a plurality of nodes.

3

Fig. 1: The given data gathering tree of a sensor network.

D. Optimal Resource Allocation in Wireless Network
In the recent years, the study of optimal resource allocation
in wireless networks has become an active research topic
(e.g. [31]-[33]). In [31], to meet the QoS requirements of
users in wireless networks, the utility-based resource allocation
algorithms are presented. In [32], Tan et al. develop the utilitybased resource allocation algorithms in three different tasks
and solve the network utility maximization problem. In [33],
resource allocation for energy-efficient secure communication
in OFDMA network is studied. Considering these researches
are not targeted at the wirelessly powered sensor network, we
should make a further study on finding the optimal resource
allocation policy in the wirelessly powered sensor network.
III. S YSTEM D ESCRIPTIONS
A. SWIPT-powered Sensor Network for Data Collection
We consider a WSN which is composed of 𝑁 sensor nodes
and one sink. In this WSN, all sensor nodes are dispersed
over the monitoring area and the sink is centrally located, as
depicted in Fig. 1. The WSN is formulated as a directed graph
𝒢 = (𝒩 , ℒ), where 𝒩 denotes the set of vertices representing
the sensor nodes, 𝑁 = |𝒩 |, ℒ = {𝑙𝑖𝑗 |𝑖, 𝑗 ∈ 𝒩 } and 𝑙𝑖𝑗
represents the wireless communication link from node 𝑖 to 𝑗,
which is denoted by the directed edge in Fig. 1. The links
form a tree topology, which is referred to as a data gathering
tree. Hence the data from each node is sent to the sink via
a unique path on the tree. In fact, the data gathering tree is
established based on the routing algorithms for WSNs (e.g.,
GBR [34]). Each node periodically sends its sensing data to
the sink along the path on the data gathering tree. The sink
not only receives the data from the nodes, but also broadcasts
energy to all nodes. Thus, the whole network is powered by
the sink.
Since both energy and information can be simultaneously
carried by the RF signal, the same signal can be used to not
only transmit information, but also charge the other nodes. As
shown in Fig. 2, to enable SWIPT, each source node operates
as both an information transmitter and an energy transferrer
in its transmitting slot. The destination node works as an
information receiver, while the other nodes work as energy
harvesting receivers. Therefore, we adopt a practical “time
switching” receiver design for a node, proposed in [12]. As
depicted in Fig. 2, it is composed of a rechargeable battery

Fig. 2: SWIPT in the transmitting slot of a node.





and two circuits to operate on energy harvesting mode and
information decoding mode separately. This design enables
the node to adaptively operate on two work-modes, i.e., energy



harvesting and information decoding modes.
B. Cooperative SWIPT Scheme
In order to improve energy transfer efficiency and avoid
transmission collisions, we propose a cooperative SWIPT
scheme (CSS), which is described bellow:





𝜏

Δ

Δ

Δ

Fig. 3: Time slot assignment.
Time is divided into many data gathering periods, as shown
in Fig. 3. Let 𝑇 represent the duration of each data gathering
period. To replenish energy and avoid collision, each data
gathering period is divided into an energy broadcast slot and
𝑚 data transmission slots. In the energy broadcast slot, the
sink broadcasts RF signal, and all sensors harvest energy
and store the harvested energy in their batteries. The data
transmission slots are equal in size and assigned to different

0090-6778 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCOMM.2017.2685580, IEEE
Transactions on Communications
JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, MARCH 2017

sensor nodes. When some nodes transmit sensing data to the
next-hop destination nodes in a slot, the destination nodes
receive data and decode the information. Meanwhile, other
nodes harvest wireless energy from the RF signal and store
the harvested energy in their batteries. In other words, each
node picks up a slot to transmit sensing data and harvests
wireless energy in other time slots if they do not receive
data. As illustrated in Fig. 3, 𝜏 denotes the duration of the
energy broadcast slot and Δ denotes the duration of the data
transmission slot. We assume 𝜏 + 𝑚Δ ≤ 𝑇 , where 𝑚 is the
total number of data transmission slots in a data gathering
period.
Similar to prior work in [20], we assume the RF signals
transmitted by the nodes are orthogonal to each other and do
not interfere with each other. Therefore, it is possible to have
multiple sensors to transmit data in the same data transmission
slot as long as they do not conflict with each other.
On the other hand, to synchronize the clocks of the nodes,
we adopt the reference broadcast synchronization (RBS) protocol [35] into the CSS. In some data gathering periods, the
sink broadcasts a number of reference packets at the beginning
of energy broadcast slot. Meanwhile, all nodes switch to
information decoding mode, receive these packets and record
their arrival time. Then the nodes exchange their recorded time
stamps and estimate their relative phase offsets in the data
transmission slots.
Based on the above scheme, our study focuses on finding
the optimal policy, which includes the transmission schedule,
the transmission power allocation, the control of sensing data
size and the energy broadcast time allocation to maximize the
energy efficiency.
IV. A S CHEDULE I NITIALIZATION A LGORITHM FOR CSS
In what follows, we present an algorithm to obtain a
conflict-free and energy efficient initial schedule for CSS.
Similar to [36], a conflict graph can be used to model the
conflict relation between wireless links. As shown in Fig. 4,
the vertices of a conflict graph ℱ correspond to the links in
the connectivity graph 𝒢. There is an edge between vertices
𝑙𝑏𝑑 and 𝑙𝑖𝑗 in ℱ if the links 𝑙𝑏𝑑 and 𝑙𝑖𝑗 conflict with each other,
that is, they have a node in common (i.e., 𝑏 = 𝑖 or 𝑑 = 𝑖 or
𝑏 = 𝑗 or 𝑑 = 𝑗). The conflict graph for a wireless network can
be built in polynomial time [36]. For a given sensor network
𝒢, we will find an initial conflict-free transmission schedule
based on its conflict graph ℱ. Define a 0-1 variable 𝛼𝑖𝑗 such
that 𝛼𝑖𝑗 = 1 if node 𝑖 cannot harvest wireless energy from
node 𝑗 when node 𝑗 is transmitting data in a data transmission
slot, which means node 𝑖 is transmitting or receiving data in
the same slot. Note that 𝛼𝑖𝑖 = 1.
A simple upper bound on the number of data transmission
slots in a conflict-free schedule is 𝑚 = 𝑁 . In this case, each
slot is assigned to only one sensor node to transmit data, so
the number of slots equals the number of sensor nodes in
the network. Every node can harvest wireless energy from the
maximum number of sensor nodes.
On the other hand, to reduce the number of data transmission slots, we define the notion of maximal independent set.
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Fig. 4: Connectivity graph 𝒢 and conflict graph ℱ.
Algorithm 1: Conflict-free schedule initialization algorithm
Inputs: Link set ℒ, conflict graph ℱ;
Outputs: maximal independent sets, initial schedule 𝛼𝑖𝑗 ;
1. 𝐾=1;
2. Repeat
3.
𝒬𝐾 = 𝜑;
4.
Remove a link 𝑙𝑖𝑗 from ℒ; Add 𝑙𝑖𝑗 to 𝒬𝐾 ;
5.
For each link 𝑙𝑝𝑞 in ℒ
6.
If there is no edge between vertex 𝑙𝑝𝑞 and
any vertex in 𝒬𝐾 according to ℱ
7.
Add link 𝑙𝑝𝑞 to 𝒬𝐾 ; Remove 𝑙𝑝𝑞 from ℒ;
8.
End If
9.
End For
10.
𝐾 ← 𝐾+1;
11. Until ℒ == 𝜑
12. 𝒮𝒬 ={𝒬1 ,𝒬2 ,...,𝒬𝐾 };
13. For each 𝒬𝑘 in 𝒮𝒬
14.
For any two links 𝑙𝑖𝑗 and 𝑙𝑝𝑞 in 𝒬𝑘
15.
𝛼𝑗𝑖 =𝛼𝑞𝑝 =𝛼𝑞𝑖 =𝛼𝑝𝑖 =𝛼𝑖𝑝 =𝛼𝑗𝑝 =1;
16.
End for
17. End for

Given a conflict graph ℱ with vertex set ℒ, an independent
set is defined as a set of vertices such that there is no edge
connecting arbitrary two vertices. A maximal independent set
is the one that has the most vertices. Links in a independent set
can be scheduled in the same slot. Let 𝒬1 ,𝒬2 ,...,𝒬𝐾 , (𝐾 ≤ 𝑁 )
𝐾
be a partition of the set ℒ, i.e., ∪ 𝒬𝑖 = ℒ, 𝒬𝑖 ∩ 𝒬𝑗 =
𝑖=1
𝜑, ∀𝑖 ̸= 𝑗, such that each 𝒬𝑖 is a maximal independent set.
Then we can assign a slot to each maximal independent
set, so that the number of time slots equals the number of
maximal independent sets (𝐾). Thus, based on a conflict graph
ℱ, we use Algorithm 1 below to obtain the partition of ℒ into
maximal independent sets and establish a conflict-free initial
transmission schedule which has the least number of data
transmission slots. In the next section, we formulate a resource
assignment problem to maximize the energy efficiency of the
wirelessly powered WSN for a given schedule.
V. O PTIMAL R ESOURCE A LLOCATION
A. Energy Consumption Model
Generally speaking, at each data gathering period, the
energy consumption of a node can be divided into three
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parts, corresponding to the energy consumptions for data
sensing/processing, data transmission and data reception, respectively. We define 𝐸𝑖𝑐𝑜𝑛 as the energy consumption for node
𝑖 in each data gathering period, which can be written as
𝐸𝑖𝑐𝑜𝑛 = 𝑟𝑖 𝜀 +

∑︁

𝑟𝑘 𝑒 + 𝑝𝑖 Δ,

(1)

(︃
𝑥𝑖 (0) + (𝑘 − 1)(𝐸𝑖 − 𝐸𝑖𝑐𝑜𝑛 )

𝑋𝑖 (𝑘, 𝑏) =
+𝜂ℎ𝑠𝑖 𝑃𝑠 𝜏 +

𝑁
∑︁

𝜂ℎ𝑗𝑖 𝑝𝑗 Δ(1 − 𝛼𝑖𝑗 ) · 1𝑡𝑠 (𝑗)≤𝑏

𝑗=1

)︃+

𝑘∈ℐ(𝑖)

where 𝑟𝑖 denotes amount of sensing data of node 𝑖 in each
data gathering period; 𝜀 and 𝑒 denote the energy consumptions
by a node for sensing/processing and receiving one unit data,
respectively; 𝑝𝑖 denotes the transmission power of node 𝑖,
and ℐ(𝑖) is the set of sensor nodes that use sensor node 𝑖
as intermediate relay node (excluding sensor node 𝑖) on the
data gathering tree, 𝑖 ∈ 𝒩 . The first term represents the energy
consumed by a node for data sensing/processing. The second
term denotes the energy spent by data reception. The last term
is the energy consumption for data transmission.
B. Energy Supply Model
According to the CSS, in each data gathering period, each
sensor node harvests wireless energy from the sink in the
energy broadcast slot and then harvests wireless energy when
other nodes transmit data in their allocated slots. Note that a
node cannot harvest wireless energy when it is transmitting or
receiving data. Thus, the total amount of energy 𝐸𝑖 harvested
by node 𝑖 in a data gathering period is
𝐸𝑖 = 𝜂ℎ𝑠𝑖 𝑃𝑠 𝜏 +

𝑁
∑︁

𝜂ℎ𝑗𝑖 𝑝𝑗 Δ(1 − 𝛼𝑖𝑗 ), 𝑖 ∈ 𝒩 ,

(2)

−𝑟𝑖 𝜀 · 1𝑡𝑒 (𝑖)≤𝑏 − 𝑝𝑖 Δ · 1𝑡𝑠 (𝑖)≤𝑏 −

∑︁

𝑟𝑘 𝑒 · 1𝑡𝑟 (𝑖)≤𝑏

.

𝑘∈ℐ(𝑖)

(4)
where (𝑥)+ = max{0, 𝑥} and 𝑥𝑖 (0) denotes the total
amount of initial energy stored in the battery of node 𝑖. The
indicator function for an event 𝐴 is represented by 1𝐴 , it equals
1 if 𝐴 occurs and is 0 otherwise. 𝑡𝑠 (𝑖), 𝑡𝑟 (𝑖) and 𝑡𝑒 (𝑖) denote
the transmitting, receiving and sensing slot number of node 𝑖,
respectively. Note that 𝑡𝑠 (𝑖) and 𝑡𝑟 (𝑖) can be obtained from
the transmission schedule. Particularly, the node goes into
temporal dead status if 𝑋𝑖 (𝑘, 𝑏) = 0. Therefore, to avoid the
occurrence of temporal death, in addition to condition (3), the
condition 𝑋𝑖 (𝑘, 𝑏) > 0 should also be satisfied. Consequently,
since (𝑘 − 1)(𝐸𝑖 − 𝐸𝑖𝑐𝑜𝑛 ) ≥ 0, 𝑥𝑖 (0) is lower bounded as
follows
𝑥𝑖 (0)
∑︀> 𝑟𝑖 𝜀 · 1𝑡𝑒 (𝑖)≤𝑏 + 𝑝𝑖 Δ · 1𝑡𝑠 (𝑖)≤𝑏
+
𝑟𝑘 𝑒 · 1𝑡𝑟 (𝑖)≤𝑏 − 𝜂ℎ𝑠𝑖 𝑃𝑠 𝜏 −
𝑘∈ℐ(𝑖)
𝑁
∑︀

(5)

𝜂ℎ𝑗𝑖 𝑝𝑗 Δ(1 − 𝛼𝑖𝑗 ) · 1𝑡𝑠 (𝑗)≤𝑏 .

𝑗=1

According to the optimized result, we can use (5) to obtain
the lower bound of 𝑥𝑖 (0) for each node.

𝑗=1

C. Channel Capacity Constraints
where 𝜂 denotes the energy conversion efficiency, 0 < 𝜂 < 1,
𝑃𝑠 is the sink broadcasting power and ℎ𝑖𝑗 denotes the channel
power gain between node 𝑖 and node 𝑗. Note that ℎ𝑠𝑖 denotes
the channel power gain between the sink and node 𝑖. We have
ℎ𝑖𝑗 = 𝜅𝐿−𝛾
𝑖𝑗 [30], where 𝐿𝑖𝑗 denotes the distance between
nodes 𝑖 and 𝑗, 𝛾 is a constant path loss exponent and 𝜅 is
a normalization constant depending on the radio propagation
properties of the environment. In (2), the first term denotes
the amount of energy harvested from the sink and the second
term represents the amount of energy harvested from the other
nodes.
According to the energy-neutral operation [37], to ensure a
sustainable network, the total amount of energy consumed by
a node cannot be more than the amount of harvested energy
in each data gathering period, namely,
𝐸𝑖𝑐𝑜𝑛

In each data gathering period, each node 𝑖 senses and
receives data, then transmits data in its allocated slot. We
assume that the data buffer of each node has enough capacity
to buffer all sensing data and received data. We assume that
𝑟𝑖 ≥ 𝑟min , ∀𝑖 ∈ 𝒩 ,

where 𝑟min denotes the minimum amount of sensing data limit
for a node. Then the data rate of node 𝑖 is given by
∑︀
𝑟𝑖 +
𝑟𝑘
𝑘∈ℐ(𝑖)

.
(7)
Δ
According to the Shannon’s formula, the channel capacity
𝐶𝑖𝑑 between the node 𝑖 and the node 𝑑 with bandwidth 𝜓 is
𝐷𝑖 =

𝐶𝑖𝑑 = 𝜓 log2 (1 +
≤ 𝐸𝑖 , ∀𝑖 ∈ 𝒩 .

(3)

Besides this, in order to keep the node sustainable in every
slot, the occurrence of temporal death of each node must
be avoided. The temporal death means the node depletes the
energy of its battery and keeps the dead status until it harvests
energy again [38]. In the 𝑘th data gathering period (𝑘 ≥ 1),
the residual energy stored in the battery of node 𝑖 at the end
of the 𝑏th slot (1 ≤ 𝑏 ≤ 𝑚), denoted by 𝑋𝑖 (𝑘, 𝑏), can be
expressed as

(6)

𝑝𝑖 ℎ𝑖𝑑
2 ),
𝜓𝜎𝑖𝑑

(8)

2
where 𝜎𝑖𝑑
denotes power spectral density of the additive white
Gaussian noise (AWGN) in the channel between the source
node 𝑖 and the destination node 𝑑; ℎ𝑖𝑑 represents the channel
power gain between the source node 𝑖 and the destination node
2
𝑖 ℎ𝑖𝑑
𝑑; 𝜓𝜎𝑖𝑑
is the variance of AWGN at destination node 𝑑; 𝑝𝜓𝜎
2
𝑖𝑑
is the signal-to-noise ratio (SNR) of the link. Therefore, the
following channel capacity constraint must be satisfied

𝐷𝑖 ≤ 𝐶𝑖𝑑 , ∀𝑖 ∈ 𝒩 .

(9)
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concave, and 𝑓1 ...𝑓{︀𝑀 are convex, and the domain
}︀ of the objective function is 𝑥 ∈ 𝑑𝑜𝑚 𝑓0 | 𝑐𝑇 𝑥 + 𝑑 > 0 . According
to [39], by the following one-to-one variable transformation

D. Optimization Problem
We define the network utility as
𝑈=

𝑁
∑︁

𝜔𝑖 𝑟𝑖 ,

(10)

𝑖=1

where 𝜔𝑖 is a non-negative weight for node 𝑖. The energy
consumption of sink in each data gathering period is given by
𝐸 = 𝜏 𝑃𝑠 +

𝑁
∑︁

𝑟𝑖 𝑒.

1
𝑥
, 𝑧= 𝑇
+𝑑
𝑐 𝑥+𝑑
the problem above is equivalent to
𝑦=

max 𝑔0 (𝑦, 𝑧)
Subject to 𝑔𝑖 (𝑦, 𝑧) ≤ 0, 𝑖 = 1, ..., 𝑀
𝐴𝑦 = 𝑏𝑧
𝑐𝑇 𝑦 + 𝑑𝑧 = 1,

(11)

𝑖=1

where 𝑒 denotes the energy consumptions by a node for
receiving one unit data. The first term indicates the total
energy consumption of sink in the energy broadcasting slot.
The second term is the energy consumption for receiving data
from nodes. Since the whole network is powered by the sink,
we define the network energy efficiency as the average utility
received by sink per Joule consumed energy of sink, i.e.,
𝑁
∑︀

𝑈
=
𝜉=
𝐸

𝜔𝑖 𝑟𝑖

𝑖=1

𝜏 𝑃𝑠 +

𝑁
∑︀

.

(12)

𝑟𝑖 𝑒

𝑖=1

We aim to find the optimal resource allocation policy, which
includes the transmission power allocation (𝑝), the control of
sensing data size (𝑟) and the energy broadcast time allocation
(𝜏 ), to maximize the energy efficiency 𝜉. That is, we have the
following optimization problem
𝑃1 :

max

𝜏,𝑝𝑖 ,𝑟𝑖 ,𝑖∈𝒩

𝜉

Subject to
𝐶1 : 𝐸𝑖𝑐𝑜𝑛 ≤ 𝐸𝑖 , 𝑖 ∈ 𝒩
𝐶2 : 𝐷𝑖 ≤ 𝐶𝑖𝑑 , ∀𝑖 ∈ 𝒩
𝐶3 : 𝑃min ≤ 𝑝𝑖 ≤ 𝑃max , 𝑖 ∈ 𝒩
𝐶4 : 𝑟𝑖 ≥ 𝑟min , 𝑖 ∈ 𝒩
𝐶5 : 𝜏 ≤ 𝑇 − 𝑚Δ,
𝐶6 : 𝜏 > 0, 𝐶7 : 𝑟𝑖 > 0, 𝐶8 : 𝑝𝑖 > 0, 𝑖 ∈ 𝒩 .

𝑐𝑇 𝑥

where 𝑔𝑖 is the perspective of 𝑓𝑖 , namely
𝑦
(13)
𝑔𝑖 (𝑦, 𝑧) = 𝑧𝑓𝑖 ( ), 𝑖 = 0, ..., 𝑀.
𝑧
The above transformation shows that we can transform a
convex-concave fractional problem into an equivalent convex
optimization problem.
The numerator of the objective function of problem 𝑃 1 is a
linear function of variables 𝑟𝑖 and hence it is both convex
and concave. It can be easily proved that the constraints
𝐶1 − 𝐶8 of problem 𝑃 1 are convex w.r.t. the optimization
variables 𝜏, 𝑟𝑖 , 𝑝𝑖 , 𝑖 ∈ 𝒩 . Besides, the denominator of the
objective function of problem 𝑃 1 is an affine function of
𝜏 and 𝑟𝑖 , 𝑖 ∈ 𝒩 . Thus, the above transformation can be
applied. The variables 𝑧 and 𝑦 = {𝑦𝑟1 ...𝑦𝑟𝑁 , 𝑦𝑝1 ...𝑦𝑝𝑁 , 𝑦𝜏 }
are introduced for variable transformation, where 𝑦𝜏 , 𝑦𝑟𝑖 , 𝑦𝑝𝑖
are the transformed variables of 𝜏, 𝑟𝑖 , 𝑝𝑖 , 𝑖 ∈ 𝒩 in the
original problem, respectively. The relationship between the
transformed variables and the original variables is
𝑦𝑟
𝑦𝑝
𝑦𝜏
, 𝑟𝑖 = 𝑖 , 𝑝𝑖 = 𝑖 , 𝑖 ∈ 𝒩 .
(14)
𝑧
𝑧
𝑧
According to perspective operation [39], the equivalent
problem 𝑃 2 of problem 𝑃 1 can be written as
𝜏=

𝑃2 :

max

𝑁
∑︁

𝑧,𝑦𝜏 ,𝑦𝑝𝑖 ,𝑦𝑟𝑖 ,𝑖∈𝒩

𝜔𝑖 𝑦𝑟𝑖

𝑖=1

Subject to
∑︁
𝐶1′ : 𝑦𝑟𝑖 𝜀 +
𝑦𝑟𝑘 𝑒 + 𝑦𝑝𝑖 Δ ≤ 𝜂ℎ𝑠𝑖 𝑃𝑠 𝑦𝜏 +
𝑘∈ℐ(𝑖)
𝑁
∑︀

𝜂ℎ𝑗𝑖 𝑦𝑝𝑗 Δ(1 − 𝛼𝑖𝑗 ) , ∀𝑖 ∈ 𝒩
∑︀
𝑦𝑟𝑖 +
𝑦𝑟𝑘
𝑦𝑝 ℎ𝑖𝑑
𝑘∈ℐ(𝑖)
:
≤ 𝑧𝜓 log2 (1 + 𝑖 2 ), ∀𝑖 ∈ 𝒩
Δ
𝑧𝜓𝜎𝑖𝑑
: 𝑧𝑃min ≤ 𝑦𝑝𝑖 ≤ 𝑧𝑃max , ∀𝑖 ∈ 𝒩
𝑧𝑟min
:
≤ 1, ∀𝑖 ∈ 𝒩
𝑦𝑟𝑖
: 𝑦𝜏 ≤ 𝑧(𝑇 − 𝑚Δ),
: 𝑦𝜏 > 0, 𝐶7′ : 𝑦𝑟𝑖 > 0, 𝐶8′ : 𝑦𝑝𝑖 > 0 , ∀𝑖 ∈ 𝒩 ,
𝑁
∑︁
: 𝑧 > 0, 𝐶10′ : 𝑃𝑠 𝑦𝜏 +
𝑒𝑦𝑟𝑖 = 1,
𝑗=1

E. Alternative Formulation

𝐶2′

Because of the fractional form of the objective function,
problem 𝑃 1 is nonconvex. In this subsection, we reformulate
it as a convex problem. 𝑃 1 is a convex-concave fractional
problem [39], which is of the following form

𝐶3′
𝐶4′

𝑓0 (𝑥)
𝑐𝑇 𝑥 + 𝑑
Subject to 𝑓𝑖 (𝑥) ≤ 0, 𝑖 = 1, ..., 𝑀
𝐴𝑥 = 𝑏,
max

where 𝑥 is a vector of optimization variables, 𝑐, 𝑏 are constant
vectors, 𝑑 is a constant and 𝐴 is a constant matrix. 𝑓0 is

𝐶5′
𝐶6′
𝐶9′

𝑖=1
′

where constraints 𝐶1 − 𝐶8′ correspond to constraints
𝐶1 − 𝐶8 of the problem 𝑃 1, respectively. Note that 𝐴 = 0. It
is shown in [39] that perspective operation preserves concavity,
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i.e., if function 𝑓 is convex, then so is its perspective function
𝑔. Similarly, if 𝑓 is concave, then so is 𝑔. Since the numerator
of the objective function of 𝑃 1 is concave and the constraints
𝐶1 − 𝐶8 of 𝑃 1 is convex, we can prove the transformed
optimization problem 𝑃 2 is convex due to perspective operation. Because of the convexity of problem 𝑃 2, the strong
duality holds. Hence we can resolve the primal problem 𝑃 2
by solving its dual problem, which will be discussed in the
following subsection.
F. Dual Problem Formulation
Introducing multipliers to constraints 𝐶1′ − 𝐶5′ , the Lagrangian of problem 𝑃 2 can be written as
𝑁
∑︀

𝐿(𝑧, 𝑦𝜏 , 𝑦𝑝 , 𝑦𝑟 , 𝜇, 𝜈, 𝛽, 𝜙, 𝜃, 𝜆) =

𝜔𝑖 𝑦𝑟𝑖 +

𝑁
∑︀

subject to 𝐶6′ − 𝐶9′ . Then the dual problem of problem 𝑃 2
is defined as
min

𝜇,𝜈,𝛽,𝜙,𝜃,𝜆

𝑔(𝜇, 𝜈, 𝛽, 𝜙, 𝜃, 𝜆).

(19)

G. Optimal Solution to Dual Problem
We iteratively solve the dual problem (19) by decomposing it into two steps: 1) Step 1 computes the transformed optimization variables 𝑦𝜏 , 𝑦𝑝 , 𝑦𝑟 , 𝑧 for given dual
variables 𝜇, 𝜈, 𝛽, 𝜙, 𝜃, 𝜆; 2) Step 2 updates the dual variables
𝜇, 𝜈, 𝛽, 𝜙, 𝜃, 𝜆, based on the result of Step 1.
1) Step 1: First we solve the following primal problem
max 𝐿(𝑧, 𝑦𝜏 , 𝑦𝑝 , 𝑦𝑟 , 𝜇, 𝜈, 𝛽, 𝜙, 𝜃, 𝜆)
Subject to C6′ − C9′

(︃

(20)

𝜇𝑖 𝜂ℎ𝑠𝑖 𝑃𝑠 𝑦𝜏 for a fixed set of Lagrange multipliers 𝜇, 𝜈, 𝛽, 𝜙, 𝜃, 𝜆.
)︃
First, 𝑦𝜏 can be obtained by (16).
𝑁
∑︀
∑︀
Then we can apply the Karush-Kuhn-Tucker (KKT) condi+
𝜂ℎ𝑗𝑖 𝑦𝑝𝑗 Δ(1 − 𝛼𝑖𝑗 ) − 𝑦𝑟𝑖 𝜀 −
𝑦𝑟𝑘 𝑒 − 𝑦𝑝𝑖 Δ +
𝑗=1
𝑘∈ℐ(𝑖)
tions
[39] under nonnegative constraints. Since optimization
∑︀
)︃
(︃
𝑦𝑟𝑖 +
𝑦𝑟𝑘
𝑁
variables
𝑧, 𝑦𝑝 , 𝑦𝑟 are positive, we have
∑︀
𝑦𝑝𝑖 ℎ𝑖𝑑
𝑘∈ℐ(𝑖)
+
𝜈𝑖 𝑧𝜓 log2 (1 + 𝑧𝜓𝜎
2 ) −
Δ
𝑖=1

𝑖=1

𝑖𝑑

𝑖=1

𝛽 (𝑧(𝑇 − 𝑚Δ) − 𝑦𝜏 ) +

ℎ𝑖𝑑
𝜕𝐿
= −𝜇𝑖 Δ + 𝜈𝑖 𝑧𝜓
2 + 𝑦 ℎ )+
𝜕𝑦𝑝𝑖
ln 2 × (𝑧𝜓𝜎𝑖𝑑
𝑝𝑖 𝑖𝑑
𝜙𝑖 − 𝜃𝑖 = 0, 𝑖 ∈ 𝒩 ,

𝑁
∑︀

𝜙𝑖 (𝑦𝑝𝑖 − 𝑧𝑃min )+
𝑖=1
)︁
(︁
𝑁
𝑁
∑︀
∑︀
.
𝜃𝑖 (𝑧𝑃max − 𝑦𝑝𝑖 ) +
𝜆𝑖 1 − 𝑧𝑟𝑦min
𝑟

𝑖=1

𝑖

𝑖=1

(15)
The constraints 𝐶6′ − 𝐶9′ will be assimilated into the
Karush-Kuhn-Tucker (KKT) conditions when deriving the
solution later.
Rearranging the equality constraint 𝐶10′ , we have
1−
𝑦𝜏 =

(21)

𝑁
∑︀
𝑖=1

𝑒𝑦𝑟𝑖
.

𝑃𝑠

(16)

Inserting (16) into (15), we can rewrite (15) as
𝑁
∑︀
𝐿(𝑧, 𝑦𝜏 , 𝑦𝑝 , 𝑦𝑟 , 𝜇, 𝜈, 𝛽, 𝜙, 𝜃, 𝜆) =
𝜔𝑖 𝑦𝑟𝑖 +
𝑖=1
(︃
(︂
)︂
𝑁
𝑁
𝑁
∑︀
∑︀
∑︀
𝜇𝑖 𝜂ℎ𝑠𝑖 1 −
𝑒𝑦𝑟𝑖 +
𝜂ℎ𝑗𝑖 𝑦𝑝𝑗 Δ(1 − 𝛼𝑖𝑗 )
𝑖=1
𝑖=1
)︃ 𝑗=1
∑︀
−𝑦𝑟𝑖 𝜀 −
𝑦𝑟𝑘 𝑒 − 𝑦𝑝𝑖 Δ +
𝑘∈ℐ(𝑖)
∑︀
)︃
(︃
𝑦𝑟𝑖 +
𝑦𝑟𝑘
𝑁
∑︀
𝑦𝑝𝑖 ℎ𝑖𝑑
𝑘∈ℐ(𝑖)
𝜈𝑖 𝑧𝜓 log2 (1 + 𝑧𝜓𝜎2 ) −
+
Δ
𝑖𝑑
𝑖=1
⎛
⎞
𝑁
∑︀
1−
𝑒𝑦𝑟𝑖
𝑁
∑︀
𝑖=1
⎠+
𝛽 ⎝𝑧(𝑇 − 𝑚Δ) −
𝜙𝑖 (𝑦𝑝𝑖 − 𝑧𝑃min )
𝑃𝑠

𝑁

∑︁
𝑒𝛽
𝜕𝐿
𝜈𝑖
= 𝜔𝑖 −
𝑒𝜇𝑘 𝜂ℎ𝑠𝑘 − 𝜇𝑖 𝜀 −
+
+
𝜕𝑦𝑟𝑖
Δ 𝑃𝑠
𝑘=1
𝑧𝜆𝑖 𝑟min
= 0, 𝑖 ∈ 𝒩 ,
𝑦𝑟2𝑖

(22)

(︂
)︂
𝑁
𝜕𝐿 ∑︁
𝑦𝑝 ℎ𝑖𝑑
𝜓𝑦𝑝𝑖 ℎ𝑖𝑑
𝜈𝑖 𝜓 log2 (1 + 𝑖 2 ) −
=
2 + 𝑦 ℎ ) ln 2
𝜕𝑧
𝑧𝜓𝜎𝑖𝑑
(𝑧𝜓𝜎𝑖𝑑
𝑝𝑖 𝑖𝑑
𝑖=1
𝑁
𝑁
𝑁
∑︁
∑︁
∑︁ 𝜆𝑖 𝑟min
+𝛽(𝑇 − 𝑚Δ) −
𝜙𝑖 𝑃min +
𝜃𝑖 𝑃max −
= 0.
𝑦𝑟𝑖
𝑖=1
𝑖=1
𝑖=1
(23)
Rearranging (21) and (22), we obtain
(︂
)︂
𝜈𝑖 𝜓
𝜎2 𝜓
𝑦𝑝𝑖 = 𝑧
− 𝑖𝑑
,
(24)
(𝜇𝑖 Δ − 𝜙𝑖 + 𝜃𝑖 ) ln 2
ℎ𝑖𝑑

𝑦𝑟𝑖

⎯
⎸
=⎸
⎸ 𝑁
⎷ ∑︀

𝑧𝜆𝑖 𝑟min
𝑒𝜇𝑘 𝜂ℎ𝑠𝑘 + 𝜇𝑖 𝜀 +

𝑘=1

.
𝜈𝑖
Δ

−

𝑒𝛽
𝑃𝑠

(25)

− 𝜔𝑖

Inserting (24) and (25) into (23), we get

𝑖=1

+

𝑁
∑︀

𝜃𝑖 (𝑧𝑃max − 𝑦𝑝𝑖 ) +

𝑖=1

𝑁
∑︀

(︁

𝜆𝑖 1 −

𝑖=1

𝑧𝑟min
𝑦𝑟𝑖

)︁

⎛
.
(17)

Thus, the dual function is given by
𝑔(𝜇, 𝜈, 𝛽, 𝜙, 𝜃, 𝜆) =

max

𝑧,𝑦𝜏 ,𝑦𝑝 ,𝑦𝑟

𝑁
∑︀

⎜
⎜ 𝑖=1
𝑧=⎜
⎜
⎝

𝐿(𝑧, 𝑦𝜏 , 𝑦𝑝 , 𝑦𝑟 , 𝜇, 𝜈, 𝛽, 𝜙, 𝜃, 𝜆),
(18)

√︃(︂

𝑁
∑︀

𝑒𝜇𝑘 𝜂ℎ𝑠𝑘 + 𝜇𝑖 𝜀 +

𝑘=1

𝑌

𝜈𝑖
Δ

−

𝑒𝛽
𝑃𝑠

)︂

⎞2

− 𝜔𝑖 𝜆𝑖 𝑟min ⎟
⎟
⎟ ,
⎟
⎠
(26)

where
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𝑁
∑︁

8

(︂
𝜓𝜈𝑖 log2

1
ℎ𝑖𝑑 𝜈𝑖
−
+
2
(𝜇𝑖 Δ − 𝜙𝑖 + 𝜃𝑖 ) 𝜎𝑖𝑑 ln 2 ln 2
𝑖=1
)︂
2
𝜎𝑖𝑑
(𝜇𝑖 Δ − 𝜙𝑖 + 𝜃𝑖 )
+ 𝛽(𝑇 − 𝑚Δ)−
ℎ𝑖𝑑 𝜈𝑖
𝑁
𝑁
∑︁
∑︁
𝜙𝑖 𝑃min +
𝜃𝑖 𝑃max .

𝑌 =

𝑖=1

𝑖=1

(27)
To sum up, for given 𝜇, 𝜈, 𝛽, 𝜙, 𝜃, 𝜆, we update 𝑧 by (26)
firstly. Then, according to the updated 𝑧, 𝑦𝑝𝑖 and 𝑦𝑟𝑖 are
obtained by (24) and (25), respectively. Finally, based on the
updated 𝑦𝑟𝑖 , we use (16) to calculate 𝑦𝜏 .
2) Step 2: Next we utilize subgradient method to solve the
dual problem defined in (19). Thus, the Lagrange multipliers
updates are as follows
[︃
(︃
𝑁
∑︀
𝜇𝑖 (𝑙+1) = 𝜇𝑖 (𝑙) −𝛿
𝜂ℎ𝑗𝑖 𝑦𝑝𝑗 (𝑙) Δ(1 − 𝛼𝑖𝑗 )+
𝑗=1
)︃]︃+
∑︀
𝜂ℎ𝑠𝑖 𝑃𝑠 𝑦𝜏 (𝑙) − 𝑦𝑟𝑖 (𝑙) 𝜀 −
𝑦𝑟𝑘 (𝑙) 𝑒 − 𝑦𝑝𝑖 (𝑙) Δ
,
𝑘∈ℐ(𝑖)

(28)
[︂
(︂
𝑦𝑝 (𝑙)ℎ𝑖𝑑
𝜈𝑖 (𝑙 + 1) = 𝜈𝑖 (𝑙) − 𝛿 𝑧(𝑙)𝜓 log2 (1 + 𝑖
2 )
𝑧(𝑙)𝜓𝜎𝑖𝑑
∑︀
⎞⎤+
𝑦𝑟𝑖 (𝑙) +
𝑦𝑟𝑘 (𝑙)
𝑘∈ℐ(𝑖)
⎟⎥
−
⎠⎦ ,
Δ

Algorithm 2: Resource Allocation Algorithm
1. Initialization:
2. Initialize 𝜇𝑖 , 𝜈𝑖 , 𝛽, 𝜙𝑖 , 𝜃𝑖 , 𝜆𝑖 , 𝑦𝜏 , 𝑧, 𝑦𝑝𝑖 , 𝑦𝑟𝑖 , 𝑖 ∈ 𝒩 ;
3. 𝑙=0, 𝑅𝑦* = 𝜑, 𝑅𝑦 = 𝜑;
4. Repeat
5.
Update multipliers 𝛽, 𝜇𝑖 , 𝜈𝑖 , 𝜙𝑖 , 𝜃𝑖 , 𝜆𝑖 , 𝑖 ∈ 𝒩 using
(28)-(33);
6.
According to updated multipliers, compute 𝑧 by (26);
7.
Compute 𝑦𝑝𝑖 , 𝑦𝑟𝑖 , 𝑖 ∈ 𝒩 , using (24) and (25);
8.
According to updated 𝑦𝑟𝑖 , update 𝑦𝜏 by (16);
9.
If 𝑅𝑦 == {𝑧, 𝑦𝜏 , 𝑦𝑝𝑖 , 𝑦𝑟𝑖 , 𝑖 ∈ 𝒩 }
10.
𝑅𝑦* = 𝑅𝑦 .
11. Else
12.
𝑅𝑦 = {𝑧, 𝑦𝜏 , 𝑦𝑝𝑖 , 𝑦𝑟𝑖 , 𝑖 ∈ 𝒩 }
13. End if
14. 𝑙 ← 𝑙 + 1;
15. If 𝑙 == 𝑙𝑚𝑎𝑥
16.
𝑅𝑦* = 𝑅𝑦
17. End if
18. Until 𝑅𝑦* ̸= 𝜑 .
19. Transform 𝑅𝑦* to 𝑅* using (14).
20. Return 𝑅* .

(29)

+

(30)

𝜙𝑖 (𝑙 + 1) = [𝜙𝑖 (𝑙) − 𝛿 (𝑦𝑝𝑖 (𝑙) − 𝑧 (𝑙) 𝑃min )] ,

+

(31)

𝜃𝑖 (𝑙 + 1) = [𝜃𝑖 (𝑙) − 𝛿 (𝑧 (𝑙) 𝑃max − 𝑦𝑝𝑖 (𝑙))] ,

+

(32)

[︂
(︂
)︂]︂+
𝑧 (𝑙) 𝑟min
,
𝜆𝑖 (𝑙 + 1) = 𝜆𝑖 (𝑙) − 𝛿 1 −
𝑦𝑟𝑖 (𝑙)

(33)

𝛽 (𝑙 + 1) = [𝛽 (𝑙) − 𝛿 (𝑧 (𝑙) (𝑇 − 𝑚Δ) − 𝑦𝜏 (𝑙))] ,

variables based on the results of Step 2 and passes these
updated variables to Step 2. This procedure is repeated until
convergence is obtained or the maximum allowable number of
iterations is reached.

where 𝑖 ∈ 𝒩 and 𝑙 denotes the iteration index. 𝛿 represents
a constant step size, 𝛿 > 0 and [·]+ = max(·, 0). Finally
we summarize the optimal resource allocation algorithm for
a given transmission schedule in Algorithm 2. Here, 𝑅* is the
optimal resource assignment policy of problem 𝑃 1 for a given
schedule, which includes the optimization variables 𝑧, 𝜏 , 𝑝𝑖
and 𝑟𝑖 , 𝑖 ∈ 𝒩 . 𝑅𝑦 is a transformed resource assignment policy
of transformed problem 𝑃 2, which includes the transformed
variables 𝑧, 𝑦𝜏 , 𝑦𝑝𝑖 and 𝑦𝑟𝑖 , 𝑖 ∈ 𝒩 . 𝑅𝑦* denotes the optimal
transformed resource assignment policy for a given schedule.
By the one-to-one variable transformation using equations
(14), we can obtain 𝑅* from 𝑅𝑦* . 𝑙𝑚𝑎𝑥 denotes the maximum
number of iterations. In each iteration of Algorithm 2, Step 2
updates Lagrange multipliers via the gradient update equations
(28)-(33). Then Step 1 updates the transformed optimization

Theorem 1: For a constant step size 𝛿, Algorithm 2
converges to 𝑅𝑦* .
Proof: By using Equation (16),(24),(25) and (26), we can
obtain a unique 𝑅𝑦 = {𝑧, 𝑦𝜏 , 𝑦𝑝𝑖 , 𝑦𝑟𝑖 , 𝑖 ∈ 𝒩 }. Since the
Lagrangian multipliers 𝛽, 𝜇𝑖 , 𝜈𝑖 , 𝜙𝑖 , 𝜃𝑖 , 𝜆𝑖 can be obtain by
optimization variables 𝑧, 𝑦𝜏 , 𝑦𝑝𝑖 , 𝑦𝑟𝑖 , 𝑖 ∈ 𝒩 and network
utility function is concave, there exists a step size 𝛿 which
guarantees 𝛽, 𝜇𝑖 , 𝜈𝑖 , 𝜙𝑖 , 𝜃𝑖 , 𝜆𝑖 converge to the optimal dual
solution 𝜁 = {𝛽 * , 𝜇*𝑖 , 𝜈𝑖* , 𝜙*𝑖 , 𝜃𝑖* , 𝜆*𝑖 , 𝑖 ∈ 𝒩 } [40]. It is easy
to find that ∇𝐿(𝜁) satisfies Lipschitz continuous, because
the curvatures of the utility function are bounded away from
zero [41]. Therefore, Algorithm 2 with a constant step size 𝛿,
0 < 𝛿 < 2/𝜗, converges to the optimal transformed resource
assignment policy 𝑅𝑦* , where 𝜗 is the Lipschitz constant.
VI. H EURISTIC T RANSMISSION S CHEDULING A LGORITHM
Recall that in Section IV we started with an initial transmission schedule, for which we can compute the optimal resource
allocation and the corresponding energy efficiency. Ideally we
would like to find the transmission schedule with the maximum energy efficiency. However, enumerating all possible
partitions of the data gathering tree in terms of independent
sets is computationally prohibitive. Here we provide a heuristic
algorithm to find a transmission schedule with high energy
efficiency and the corresponding resource allocation policy.
The proposed algorithm is given as Algorithm 3.
If a node transmits or receives data in slot 𝑘, it cannot
harvest wireless energy from the nodes which are assigned
slot 𝑘 to transmit. Therefore, to increase the total amount of
harvested energy of a node which transmits or receives data
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Algorithm 3: Heuristic transmission schedule algorithm
Inputs: Link set ℒ, conflict graph ℱ;
̃︀ 𝑅,
̃︀ optimal schedule 𝛼𝑖𝑗 ;
Outputs: 𝜉,
1. Initialization:
Use Algorithm 1 to obtain the maximal independent
sets 𝒬1 ,𝒬2 ,...,𝒬𝐾 and establish the conflict-free
initial schedule 𝛼𝑖𝑗 ;
𝒮𝒬 ={𝒬1 ,𝒬2 ,...,𝒬𝐾 };
̃︀
Set 𝑚 to its lower bound, i.e., 𝑚 = 𝐾; 𝜉=0.
2. Use Algorithm 2 to obtain intermediate optimal policies
𝑅* and maximum energy efficiency 𝜉 * under this
schedule;
̃︀ 𝜉̃︀ = 𝜉 * , 𝑅
̃︀ = 𝑅* ;
3. If 𝜉 * > 𝜉,
̃︀ 𝑅
̃︀ and schedule 𝛼𝑖𝑗 , terminate
4. If 𝑚 = 𝑁 , then return 𝜉,
the algorithm. Otherwise, go to step 5;
5. Pick the set 𝒬, which has the most number of vertices,
from the set 𝒮𝒬 ; Divide 𝒬 into two independent sets 𝒬1
and 𝒬2 , 𝒬1 contains vertices 𝑣1 , 𝑣2 , ..., 𝑣⌈ 𝑛 ⌉ and 𝒬2
2

contains vertices 𝑣⌈ 𝑛 ⌉+1 , ..., 𝑣𝑛 , 𝑛 is the number of
2
vertices in 𝒬; Replace 𝒬 with 𝒬1 , 𝒬2 in 𝒮𝒬 ;
𝑚 ← 𝑚 + 1;
6. Recompute schedule 𝛼𝑖𝑗 ;
7. Go to Step 2.

in slot 𝑘, we must decrease the number of links which are
assigned slot 𝑘. Thus, in each iteration of Algorithm 3, we add
a new slot to the schedule and perform a new slot assignment.
To achieve the greatest increase of harvested energy of nodes,
Algorithm 3 finds the slot which is assigned to most number of
links and breaks these links into two sets which are assigned
to two slots.
ℱ, ℒ

𝛼𝑖𝑗

𝛼𝑖𝑗

𝜏 * ,𝑟 * ,𝑝*

* ,𝑦 * ,𝑦 *
𝑧 * ,𝑦𝜏
𝑟 𝑝

𝑧,𝑦𝜏 ,𝑦𝑟 ,𝑦𝑝

𝜇,𝜈,𝛽,𝜙,𝜃,𝜆

9

process to look for higher energy efficiency. In each iteration,
for a given transmission schedule 𝛼𝑖𝑗 , we use Algorithm 2 to
obtain intermediate optimal policies 𝑅* and maximum energy
efficiency 𝜉 * under this schedule. In Algorithm 2, we firstly
establish optimization problem 𝑃 1 which aims to maximize
the energy efficiency. Then we transform problem 𝑃 1 into
an equivalent convex optimization problem 𝑃 2. Finally, we
resolve the problem 𝑃 2 by solving its dual problem (19). After
that, we adjust the schedule 𝛼𝑖𝑗 by performing a new slot
assignment. This procedure is repeated until the number of
time slots reaches the upper bound, which equals the number
of sensor nodes in the network.
We now analyze the time complexity of Algorithm 3. It
consists of two loops. The outer loop is to search for a
transmission schedule which can achieve maximum energy
efficiency. The number of iteration of outer loop can be given
by 𝑁 −𝐾+1. On the other hand, the inner loop is to update the
optimization variables and Lagrange multipliers. In the worst
case, the number of iterations of inner loop is 𝑙𝑚𝑎𝑥 . Hence the
time complexity of Algorithm 3 is 𝑂(𝑙max × (𝑁 − 𝐾 + 1)).
VII. P ERFORMANCE B OUND A NALYSIS
In this section, we derive the performance bound of CSS.
To do this, we investigate the maximum cooperative energy
transfer ratio of each node. The cooperative energy transfer
ratio of a node is defined as the ratio of the energy harvested
from other nodes to the energy directly harvested from the sink
in each data gathering period. For better cooperative energy
transfer ratio, a node should harvest most energy from other
nodes via cooperative energy transfer in each data gathering
period. The following theorem states the upper bound for the
harvested energy from other nodes in each data gathering
period.
Theorem 2: 𝐵𝑖 denotes the total amount of harvested
energy from other nodes for node 𝑖 in each data gathering
period, which is upper bounded as follows
∞
∑︀
𝐵𝑖 ≤
𝜒𝑘 ,
(34)
𝑘=1

where 𝜒𝑘 (𝑘 ≥ 1) are given by

𝑅* , 𝜉 *
̃︀ = 𝜉* , 𝑅
̃︀ = 𝑅*
𝜉

̃︀ ?
𝜉* > 𝜉

𝜒1 =

𝑁
∑︁

[︂
𝑘
∏︀
𝜒𝑘 =
...
𝜂 𝑘 ℎ𝑗1 𝑖 (
ℎ𝑗𝑏 𝑗𝑏−1 )
𝑗1 =1
𝑗𝑘 =1
𝑏=2
]︂
𝑘
∏︀
(1 − 𝛼𝑖𝑗1 )(
(1 − 𝛼𝑗𝑏−1 𝑗𝑏 ))(𝜂ℎ𝑠𝑗𝑘 𝑃𝑠 𝜏 ) , 𝑘 ≥ 2.
𝑁
∑︀

̃︀ 𝑅
̃︀
𝜉,



[𝜂ℎ𝑗1 𝑖 (1 − 𝛼𝑖𝑗1 )(𝜂ℎ𝑠𝑗1 𝑃𝑠 𝜏 )],

𝑗1 =1
𝑁
∑︀

𝑏=2
𝛼𝑖𝑗 .

Fig. 5: The framework of Algorithm 3.
The framework of Algorithm 3 is given by Fig. 5 and we
summarize Algorithm 3 as follows. Algorithm 3 starts with
the maximal independent sets and initial transmission schedule
𝛼𝑖𝑗 obtained by using algorithm 1. Then we use an iterative

Proof: Note that each node switches its operations periodically between harvesting energy and broadcasting wireless
energy. Hence, each node can be viewed as power-transfer
relay, which relays energy between a node or sink and other
nodes via wireless power transfer. In order to ensure that the
node can harvest most of the energy, the other nodes only
work as energy relays. Therefore, the maximum amount of
harvesting energy from other nodes for node 𝑖 can be divided
into several parts depending on the number of hops of relay.
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For the two-hop relay, node 𝑗1 (𝑗1 ∈ 𝒩 ) relays energy
between the sink 𝑠 and node 𝑖. Thus, the first part is computed
by
𝑁
∑︁
𝜒1 =
[𝜂ℎ𝑗1 𝑖 (1 − 𝛼𝑖𝑗1 )(𝜂ℎ𝑠𝑗1 𝑃𝑠 𝜏 )]
(35)
𝑗1 =1

Furthermore, the 𝑘th part is the energy harvested from other
nodes via 𝑘 + 1 hop relay and follows
[︂
𝑁
𝑁
𝑘
∑︀
∑︀
∏︀
ℎ𝑗𝑏 𝑗𝑏−1 )
𝜒𝑘 =
...
𝜂 𝑘 ℎ𝑗1 𝑖 (
𝑗1 =1
𝑗𝑘 =1
𝑏=2
]︂
(36)
𝑘
∏︀
(1 − 𝛼𝑗𝑏−1 𝑗𝑏 ))(𝜂ℎ𝑠𝑗𝑘 𝑃𝑠 𝜏 ) .
(1 − 𝛼𝑖𝑗1 )(
𝑏=2

where 𝑘 ≥ 2. The nodes 𝑗1 , 𝑗2 ,..., 𝑗𝑘 relay energy via 𝑘+1 hop
between the sink 𝑠 and node 𝑖. Note that the 𝑘 hop energy relay
transfer is completed within 𝑘 data gathering periods. The
maximum harvested energy for node 𝑖 in each data gathering
period can be obtained by summing up 𝜒𝑘 for 𝑘 = 1, 2, ..., ∞.
This completes the proof of Theorem 2.
According to Theorem 2, the maximum cooperative energy
transfer ratio of node 𝑖 is given by
∞
∑︀

𝜁𝑖𝑚 =

𝜒𝑘

𝑘=1

𝜂ℎ𝑠𝑖 𝑃𝑠 𝜏

(37)

where 𝜂ℎ𝑠𝑖 𝑃𝑠 𝜏 is the total amount of energy harvested directly
from the sink in the energy broadcast slot. We then expand
the size of the network and investigate the change of the
maximum cooperative energy transfer ratio of a node. Suppose
the distance between every two nodes is increased by 𝑛 times,
̃︀
i.e., 𝐿̃︁
𝑖𝑗 = 𝑛𝐿𝑖𝑗 (𝑛 > 1), where 𝐿 is the distance after
expansion. The maximum cooperative energy transfer ratio of
a node is
∞
∑︀
𝜒
̃︁𝑘
𝑚 = 𝑘=1
𝜁̃︁
(38)
𝑖
𝜂 ℎ̃︁
𝑠𝑖 𝑃𝑠 𝜏

VIII. S IMULATION R ESULTS
In this section, the simulation results are provided to show
the performance of CSS for the network scenario shown in Fig.
6. Specifically, we consider a WSN with 20 sensor nodes, 1
sink node, and 20 links. Unless otherwise stated, we set the
parameters as follows: Δ = 1𝑠, 𝑇 = 20𝑠, 𝑁 = 20, 𝑃𝑚𝑎𝑥 =
1 × 10−2 𝑊, 𝑃𝑚𝑖𝑛 = 1 × 10−9 𝑊, 𝑃𝑠 = 0.1𝑊, 𝜂 = 0.8, 𝜀 =
200𝑛𝐽, 𝑒 = 50𝑛𝐽, 𝑟𝑚𝑖𝑛 = 1 × 103 , 𝜅 = 1, 𝛾 = 2, 𝜓 =
1 × 103 𝐻𝑧. We assume all nodes have the same weight 𝜔𝑖 =
1(𝑖 ∈ 𝒩 ) and all channels have the same variance of AWGN,
2
= 5 × 10−7 𝑊 (𝑖 ∈ 𝒩 , (𝑖, 𝑑) ∈ ℒ). We compare CSS
i.e., 𝜓𝜎𝑖𝑑
with three other WPT schemes, including the non-cooperative
WPT scheme, non-optimal schedule WPT scheme and WPT
scheme with fixed transmission power. Similar to CSS, these
WPT schemes divide each data gathering period into an energy
broadcast slot and several data transmission slots and assign
data transmission slots to sensor nodes for transmitting and
receiving data. The sink broadcasts energy in the energy
broadcast slot. Unlike CSS, in the non-cooperative WPT
scheme, all nodes harvest wireless energy only in the energy
broadcast slot when the sink broadcasts wireless energy. In the
non-optimal schedule WPT scheme, instead of looking for the
suboptimal schedule, the transmission schedule is according
to the initial schedule computed by Algorithm 1. As for WPT
scheme with fixed transmission power, all nodes transmit data
with the same fixed power and we let the transmission power
equal to 2 × 10−4 𝑊 .

−𝛾 −𝛾
̃︁
Since ℎ𝑖𝑗 = 𝜅𝐿−𝛾
𝐿𝑖𝑗 = 𝑛−𝛾 ℎ𝑖𝑗 , we have
𝑖𝑗 , ℎ𝑖𝑗 = 𝜅𝑛
∞
∑︀
𝑚
𝜁̃︁
𝑖 =

𝑛−𝑘𝛾 𝜒𝑘

𝑘=1

𝜂ℎ𝑠𝑖 𝑃𝑠 𝜏

(39)
Fig. 6: Network topology.

𝑘

Since 0 < 𝜂 < 1, 𝜂 is very small when 𝑘 is large
enough. Thus, it is easy to obtain the approximate value of
𝑚
𝜁̃︁
𝑖 . According to the formula (39), the maximum cooperative
energy transfer ratio of a node decreases with the growth of
𝑛. To evaluate the performance bound of CSS, we introduce a
threshold of the averaged maximum cooperative energy transfer ratio for all nodes. If the average maximum cooperative
energy transfer ratio for all nodes is less than this threshold, the
energy harvested from other nodes is too small in comparison
with the energy directly harvested from the sink. On this basis,
we can compute the maximum size of the network by finding a
parameter 𝑛 that enables average maximum cooperative energy
transfer ratio to equal the given threshold.

Firstly, we evaluate the impact of energy conversion efficiency (𝜂) on energy efficiency for different schemes. Fig. 7
depicts the relationship between the energy efficiency and the
energy conversion efficiency.
We observe from Fig. 7 that the energy efficiency in all
schemes increases with the increase of energy conversion
efficiency. This is because higher energy conversion efficiency
leads to more harvested energy from RF signals. Another
observation is that CSS exhibits higher energy efficiency of
network over other schemes. This is because each node harvests wireless energy from other nodes in addition to the sink
in CSS. Therefore, compared to non-cooperative WPT scheme,
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Fig. 7: Energy efficiency vs. energy conversion efficiency.

CSS increases the amount of energy harvested by each node,
which leads to more data sensed by each node. Moreover, the
optimal schedule and optimal transmission power allocation
in CSS can improve the energy efficiency of network.
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Fig. 9: Energy efficiency vs. network radius.

amount of harvested energy for a node in each data gathering
period decreases with the increase of the radius. On the other
hand, we can observe that CSS achieves the highest energy
efficiency.
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Fig. 8: Energy efficiency vs. sink broadcasting power.
Fig. 10: Energy efficiency vs. number of nodes.
Next, we investigate the impact of broadcasting power of
sink on energy efficiency. Fig. 8 depicts the energy efficiency
of network versus the broadcasting power of sink for the
four schemes. As shown in Fig. 8, the CSS performs better
than other schemes. Moreover, we can find that the energy
efficiency of network under different broadcasting power of
sink for four schemes is nearly equal. This is because the
nodes harvest more energy and generate more sensing data in
each data gathering period when the broadcasting power of
the sink increases. It means the network utility increases with
the increase of the broadcasting power of sink. As a result,
the energy efficiency of network under different broadcasting
power of sink is nearly equal.
Then we consider a circular field, where the radius varies
during the experiments. The sink is centrally located in this
circular field and 20 sensor nodes are uniformly distributed
in the circular field. It can be seen in Fig. 9 that when the
network radius increases, the energy efficiency decreases for
all schemes. This is because since all nodes are uniformly
distributed in the circular field, the average distance between
two nodes increases when the radius increases, which leads
to lower channel power gains. As a result, the average total

Fig. 10 indicates the relationship between the energy efficiency and the total number of nodes. Note that all sensor
nodes are uniformly distributed in a circular field and the
radius of the circular field is 10m. We can see from Fig. 10
for all four schemes, the energy efficiency increases with the
increase of the number of nodes. This is because that the total
amount of data sensed will increase, as the number of nodes
increases. Moreover, the CSS performs better than other three
schemes.
To evaluate the performance of CSS, we investigate the
impact of network radius on average cooperative energy transfer ratio for all nodes. As shown in Fig. 11, in the CSS,
the average cooperative energy transfer ratio decreases when
network radius increases. This is because the amount of energy
harvested from other nodes decreases quickly with the increase
of the network radius. Another observation is that a higher
average cooperative energy transfer ratio is achieved while the
total number of nodes increases. This is because CSS makes
a sensor node harvest more energy from other nodes if more
sensor nodes are deployed in the network.
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IX. C ONCLUSIONS
This paper has proposed applying the SWIPT technology to
wirelessly powered sensor networks. We aim to find optimal
policies, which includes transmission schedule, transmission
power allocation, the control of sensing data size and the
energy broadcast time allocation to maximize energy efficiency
and ensure the perpetual operation of wirelessly powered
sensor networks. To achieve this goal, we have proposed a
novel Cooperative SWIPT Scheme that consists of a conflictfree schedule initialization algorithm, a cooperative resource
allocation algorithm and a heuristic algorithm to obtain the
transmission schedule with maximum energy efficiency and
the corresponding resource allocation policy. Simulation results show that the CSS can maximize energy efficiency of
the wirelessly powered sensor network.
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