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Abstract: In the Internet of Things (IoT)-based smart city applications,
employing the Data Collectors (DC) as the data brokers between the nodes
and Base Station (BS) can be a promising solution to enhance the energy
efficiency of energy-constrained IoT sensor nodes. There are several schemes
that utilize mobile DCs to collect the data packets from sensor nodes.
However, moving DCs along the hundreds of thousands of sensors sparsely
distributed across a smart city is considered a design challenge in such
schemes. Another concern lies in how these mobile DCs are being powered.
Therefore, to overcome these limitations, we exploit multiple energy-limited
Static Data Collectors (SDC) which are deployed at the locations optimized
so that the energy consumption of both nodes and SDCs is minimized.
Likewise, an Unmanned Aerial Vehicle (UAV)-enabled wireless power transfer
is considered for sustaining the SDCs to avoid their energy depletion and data
packet loss. The sustainable charging process operates periodically in each
cycle so that the UAV flies from a charging station and after recharging the
SDCs, it comes back to the station to be recharged. In this study, we formulate
a problem to optimize the movement trajectory and charging time of UAV so
that sustainable operation of SDCs during a cycle can be achieved. Unlike
the prior studies, our proposed scheme determines the optimal trajectory
and charging time at the beginning of each cycle which leads to increase
accuracy in comparison with long-term optimization-based schemes. The
outcomes of simulation experiments show that the proposed scheme achieves
improved network performance in terms of data delivery ratio (12.5%); system
throughput (6.6%); total energy consumption (59.19%); and network lifetime
(58%) as compared to previous related works.
Keywords: Smart city; wireless sensor network; power constraint; energy
efficiency

1 Introduction

The vast urbanization of population has provoked the need for smart cities [1–3]. A smart city
refers to a set of Wireless Sensor Network (WSN)-based systems which leads to transformation of
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traditional services to smart services such as smart health, smart homes, smart driving, and smart
energy [4].
In a smart city, a WSN-based system consists of several battery-powered sensor nodes which
generate different types of data from environment according to their defined functions and send to
a control station [5]. Due to equipping the sensor nodes with limited energy resources, the energy
efficiency is considered as one the most important challenges in WSNs [6,7]. There are several
schemes which attempt to minimize the energy consumption of nodes and maximize the network
lifetime [8–11].
In the last years, utilizing mobile agents (mobile data collector, mobile base station, mobile relay
nodes) to collect data packets from sensor nodes is considered as an encouraging solution to reduce
the transmission range of sensor nodes and their energy consumption which results in improving the
energy efficiency [5,12–17]. In such applications, mobility can be achieved by attending the mobile
elements with mobilizers for controlling their locations or they can be attached to transporters like
vehicles, animals, robots. In mobile Data Collector (DC)-based schemes, DCs are responsible to move
along rendezvous locations to collect data from sensor nodes and forward to a BS. The aim behind
such schemes is to reduce the data transmission range of node and thereby reducing their energy
consumption [15,18–20].
In addition, there are several works that utilize mobile BS to achieve energy efficiency. Sink
mobility can also improve the connectivity and reduce the collision, message loss, and latency. In [21],
an optimized energy-efficient path planning strategy is presented to enhance the network lifetime and
overcome the energy hole problem. In their study, multiple mobile sinks are utilized in order to enhance
the energy efficiency of cluster heads. To this end, it is attempted to optimize the sojourn locations of
mobile sink based on the weighted vertex cover problem. Furthermore, in [22], two mobile sinks are
utilized to move along clusters and achieve balanced remaining lifetime of member nodes and cluster
heads which leads to improve the coverage time and lifetime of the network. Moreover, an Energyefficient Mobile-sink Sojourn Location Optimization (EMSLO) scheme is presented in [23], which
aims to maximize the coverage time and enhance the balanced energy consumption of nodes in a smart
home. To this end, the sojourn locations of mobile sink is determined so that the variance energy of
nodes is minimized.
Although, these approaches could remarkably enhance the network lifetime and energy efficiency,
most of them consider unlimited energy supplies for these mobile devices. However, this assumption
not only imposes high implementation cost on the network, but also it is not within a realistic network
scenario. Moreover, in dense and large scale networks, multiple mobile devices need to be employed,
which leads to extra network overhead due to optimizing their trajectory, sojourn location, sojourn
time simultaneously. Therefore, in this paper, we propose an Energy Efficient Static Data Collectorbased (E2SDC) scheme that utilizes a few number rechargeable energy-limited Static Data Collectors
(SDC), which are responsible to receive data from sensor nodes and forward to the base station.
Likewise, to avoid the data packet loss which stems from energy depletion of SDCs, it is required
to keep SDCs alive and recharge their batteries frequently.
In the past decade, Wireless Power Transfer (WPT) technologies has been integrated into rechargeable sensor networks which leads to maximize the operation time of rechargeable devices. There are
several works which employ Wireless Mobile Chargers (WMC) to move along energy limited devices
and recharge their batteries [24,25]. In most of such schemes, it is attempted to achieve sustainable
operation of rechargeable devices via optimizing the trajectory and charging time of WMCs. However,
in most of them, a long run prediction of trajectory, charging locations and charging time of mobile
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devices has been performed, which leads to reduce the accuracy. Therefore, in this work, it is attempted
to optimize the trajectory and charging time of WMC during a charging cycle in such a way that
keeping SDCs alive is guaranteed.
Among all WPT technologies, exploiting UAVs as energy transmitters for energy supplies [26–29],
is most proper for smart cities environment due to existence of obstacles between rechargeable devices.
Consequently, in this paper, we utilize an energy-limited UAV equipped with wireless charger which is
able to recharge the SDCs. The main contributions of the proposed scheme are as follows:
• Unlike the previous data collector based schemes, which have utilized mobile data collectors,
we employ few number static data collectors as the data transmission brokers between nodes
and BS.
• In the proposed scheme, we consider the energy consumption of both sensor nodes and SDCs
in optimizing the locations of SDCs.
• Unlike the prior WPT based schemes that attempt to enhance the operation time of sensor
nodes, the aim behind our proposed work is to avoid the energy depletion of other service
providers (static data collectors) via recharging their batteries permanently, which leads to
reduce the data packet loss.
• In this paper, it is attempted to keep SDCs alive during a charging cycle using optimization
of moving path and charging time of UAV. However, to the best of our knowledge, most of
previous schemes attempt to achieve a long-run prediction of trajectory, charging locations and
charging time of WMC, which leads to reduce optimization accuracy and results in decreased
system throughput.
The remaining sections are organized as follows: Sections 1 and 2 give introduction and related
work, respectively. The system model is explained in Section 3. The proposed scheme is given in
Section 4. Simulation results is presented in Section 5. Section 6 gives the conclusion.
2 Related Work

In last decades, several schemes attempt to utilize data collectors as the data brokers between
nodes and BS. In [30], the authors proposed an optimization framework for mobile data collection in
energy harvesting WSNs. Authors employed mobile data collectors, named SenCar, which collects the
data packets from specific sensor nodes and balances the energy consumption in the network. They
first provide a case study in a solar-powered network to show the spatial-temporal energy consumption
variation. Then, they improved a two-step data collection scheme. At the first step, some anchor nodes
are selected as the sojourn positions of SenCars. At the second step, distributed algorithms are designed
in order to maximize network utility.
In [31], the authors utilize multiple mobile DCs called mobile data patrons that are responsible
to collect data from the sensor nodes in a sparse network and transfer to the BS, where, mobile
data patrons require high amounts of energy to do transmission. In that work, authors attempt to
improve the data transmission rate in such a way that the energy consumption of mobile data patrons
can be minimized as much as possible. In [15], an efficient lifetime expansion method (LIEX) is
presented, which utilized a mobile DC as a mediator between nodes and BS. In LIEX, the mobile DC
is responsible to collect data packets from sensor nodes and then forward directly to the BS, which
leads to reduce the data transmission range of sensor nodes and their energy consumption. In such
scheme, the network area is divided into four logical sections and the mobile DC employs a learning
automata to move towards the area center or to the network center at regular intervals of time. In
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[18], an Adaptive Hierarchical Data Dissemination (AHDD) mechanism is presented to overcome the
fault-tolerance and energy hole problems. In AHDD, multiple mobile DCs are employed and their
trajectory and sojourn locations are determined so that the energy consumption of sensor nodes will
be balanced as much as possible.
An Intelligent Proficient Data Collection Approach (IPDCA) is proposed in [19] to transfer data
packets from a large scale smart city to the control station. IPDCA employs multiple mobile DCs to
read data from rendezvous points and then forward to a BS. Likewise, Bat algorithm is employed to
optimize the movement trajectory of mobile DCs. An energy efficient procedure is described in [20]
for a heterogeneous WSN, which utilized a mobile agent to reduce the energy consumption of nodes
with lower remaining energy. In fact, the mobile agent is responsible to collect data from the nodes
with higher energy consumption and then forward to a BS.
Furthermore, with the rapid expansion of charging technologies, a large number of studies have
focused on charging algorithms for wireless chargers based WSNs. In [26], it is attempted to discover
a Wireless Mobile Charger Excursion Optimization (WMCEO) in order to improve the operation
time of nodes using a Wireless Mobile Charger (WMC). To this end, there are charging regions in
the network and the mobile charger moves along these regions to recharge the nodes located at each
region. In that work, first, the movement trajectory of charger is optimized so that the maximized
energy efficiency can be achieved. Then, the charging time of charger is determined in such a way that
the nodes belonging to the respective charging region is fully recharged. Furthermore, a Fair Energy
Division Scheme (FEDS) is proposed in [27] aims to sustain the operation time of sensor nodes using
two separate WMCs. The main objectives of FEDS are as follows: firstly, an energy share is assigned to
each node, which is determined with respect to the energy consumption rate of the nodes and secondly,
the energy levels and energy replenishment time of WMCs are taken into consideration in charging
time optimization. In addition, Collaborative Mobile Sink Sojourn Time Optimization (CMS2TO)
scheme is presented in [32] aims to maximize the network lifetime. To this end, CMS2TO attempts to
determine the optimal sojourn location of mobile agent in such wise that balance operation time of
nodes can be achieved. An energy efficient tour optimization of WMC based scheme is presented in [33]
which aims to enhance the network performance. Their proposed scheme consists of two algorithms
to optimize the movement path and charging time of WMC, where the aims behind these algorithms
are to achieve balanced energy consumption and enhanced network lifetime, respectively.
3 System Model and Assumptions

The network model of the proposed scheme is depicted in Fig. 1. We consider a smart city with a
set of N heterogeneous energy aware smart device with fixed locations, which are randomly deployed
at the ground surface. The smart devices or the sensor nodes sense different types of data from a
smart city environment and forward to a Base Station (BS). Moreover, in order to reduce the data
transmission range of nodes and enhance the energy efficiency, we consider that there are M number
of rechargeable energy limited SDCs as the brokers between nodes and the BS. It is assumed that all
SDCs have different energy levels with respect to their power consumption rates
In this work, in order to avoid data packet loss, we consider a scenario that all SDCs need to be kept
alive during cycle. Each SDC consumes energy for receiving data from sensor nodes and forwarding to
the BS. In order to recharge the batteries of SDCs, we utilize a UAV equipped with Wireless Charger
(WC) which moves along SDCs to transfer energy to their batteries. The power supply of UAV needs
to be recharged at the end of a charging cycle after recharging the last SDC. To this aim, the UAV
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moves toward a charging station and stays there for a limited ϕ time unit to be fully recharged. Fig. 2
shows a charging cycle in the proposed scheme.

Figure 1: Network model

T1

T2

...

Tm-1

Tm

Figure 2: Charging cycle
Furthermore, we employ the power transmission model used in [34] to transfer energy from WMC
to SDCs as follows:
2

Gs Gr ηPt
ω
(1)
Pr =
LP
4π(D + β)
where the Pr and Pt denote the received and transmitted energy level. Likewise, Gs and Gr are the
energy sender and energy receiver, respectively. Likewise, D, η, LP and ω denote the distance between
Gs and Gr, rectifier efficiency, the polarization loss, and the wavelength. Moreover, in short-distance
transmissions, β is used to adjust the Friis’ free space equation [35]. Then, Eq. (1) can be rewritten as
follows:
μ
(2)
Pr =
(D + β)2
Where,
Gs Gr ηPt  ω 2
(3)
μ=
LP
4π
Moreover, based on [32], μ = 4.32 × 10−4 and β = 0.2316.
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4 Energy-Efficient Static Data Collector-based Scheme

In this work, to reduce the data transmission range of nodes and their energy consumption, M
number of SDCs are utilized, which are responsible to receive the data packets from sensor nodes and
transfer to the BS. Having said that, to enhance the efficiency of SDCs, they need to be located at the
optimal positions. On the other hand, as the employed SDCs are equipped with limited power supplies,
to reduce the data packet loss, it is required to keep them alive as much as possible. To this end, a UAV
is utilized which moves along SDCs to recharge their energy supplies. To achieve these objectives, we
propose a E2SDC scheme which consists of two algorithms. In the first algorithm, the locations of
SDCs are optimized so that the total energy consumption of nodes and SDCs will be minimized. In
the second algorithm, the movement trajectory and the charging time of UAV is optimized so that the
SDCs will not exhaust their energy during a charging cycle.
4.1 Location Optimization of SDCs Mechanism

As the energy consumption of power-consuming ground devices depends on their distances to
their destinations, employing the brokers between nodes and BS leads to reduce their transmission
range and energy consumption. To this end, in this work, we utilize few number of energy limited
SDCs as the mediators between the nodes and BS. Likewise, in order to enhance the efficiency of
SDCs, it is required to optimize the location of SDCs in the network. Therefore, in this section, we
attempt to identify the optimal positions of SDCs in such a way that the energy consumption of nodes
and SDCs is minimized as much as possible.
In this work, each node consume energy to transfer its sensed data to its respective SDC as follows:
Etx = l(Eelec + ∝ d n )

(4)

In the above equation, Eelec, α and n are the electronic energy, the energy consumed for op-amp
in data transmission and path loss exponent, respectively. d denotes the distance between the node and
respective SDC. The energy consumption of ith SDC to receive and transfer data packets to the BS
can be formulated as follows:
Er (i) = λ(i) × l(Eelec )

(5)

Etr (i) = λ(i) × β × l(Eelec + αdtoBS )
n

(6)

where λ denotes the number of nodes which communicate with the ith SDC and β is the compression
ratio and is in the range [1/λ, 1] that β=1/λ is the perfect compression as the collected data are
forwarded to the BS into a single packet. Then, the total energy consumption of ith SDC at each
time unit is determined as follows:
ESDC(i) = Er + Etr

(7)

Moreover, please let consider L = {l1, l2, . . . ln} is a set of locations of sensor nodes and p={p1,
p2, . . . , pm} is the locations of the SDCs. In this study, it is assumed that each node connects to the SDC
with minimum distance. Then, in order to determine the respective SDC of each node, the distance
between each node and the SDCs is needed to be separately determined.
∀ x ∈ L, ∀ y ∈ p (d(x, y) = distance (x, y))

(8)

ResSDC(x) = SDC with Min(d(x, :))

(9)
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where ResSDC denotes the respective SDC of xth node. Then, the p is selected with joint consideration
of the distance between nodes and SDCs and the energy consumption of SDCs. Therefore, the
locations of SDCs will be optimized so that, firstly, the distance between nodes and SDCs is minimized;
secondly, the SDCs consume least energy. Consequently, the problem is formulated as follows:
Minimize : η1
η2

M


N


distance (L(i), ResSDC(i)) +

i=1

(10)

ESDC(i)

i=1

where η1 and η2 are the weighting factors which specify the contribution percentage of the components
in calculating the cost. After deploying the SDCs at the optimal locations, sensor nodes receive position
information packets from SDCs and each node selects the nearest SDC to forward its sensed data.
4.2 Sustainable Operation Time of SDCs-based Mechanism

In this study, it is assumed that SDCs are equipped with limited battery supplies. Therefore,
energy depletion of SDCs leads to stop its operation, which results in increased data packet loss and
reduces network performance. Consequently, avoiding of energy exhaustion of SDCs is considered as
a challenge in this work. To this end, we utilize a WC attached on a UAV to recharge the SDCs.
In the proposed scheme, the UAV is responsible for transferring energy to the batteries of SDCs
during the charging cycles. In each charging cycle, UAV starts to move from a charging station, keeps
move along SDCs, then lands and sojourns at the location of each SDC for a limited charging time
to charge its battery and finally comes back to the charging station to harvest energy or recharge its
power supply (ϕ).
The main goal behind the proposed algorithm is to optimize the recharging order and the charging
time of UAV at each SDC in such wise that the SDCs will not deplete their energy during the cycle.
In the other word, the proposed algorithm guarantees the sustainable operation of SDCs during the
respective charging cycle.
In this work, the recharging order of SDCs is determined so that the service quality is improved.
Therefore, the SDCs with higher energy expenditure and lower remaining energy has higher priority
to get service from UAV. To this end, UAV broadcasts request packets throughout the network and
each SDC sends a remaining energy information (Rem) packet to the UAV. Then, UAV determines the
order of SDCs according to their remaining energy level, as O = {O1, O2, . . . , Om}.
Afterwards, the charging time at each SDC needs to be determined so that sustainable operation of
SDCs will be guaranteed. To this end, UAV calculates the required energy level of each SDC according
to received remaining energy information as follows:
REQi = Capacity − Remi

(11)

where, Capacity denotes the battery capacity of SDCs. Likewise, if we consider T= {T1,T2, . . . ,Tm} is
the set of charging time of UAV at SDCs during a cycle, then„ the Charging Time (CT) of UAV can
be formulated as follows:
m

Ti
(12)
CT =
i=1

In addition, the travel time of UAV during a cycle can be formulated as follows:
TT = TP × Speed

(13)
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where, the speed denotes the velocity of UAV. Likewise, TP is the travelled path of UAV during a
cycle, which is the summation of the Euclidean distances between SDCs and vertical distance between
landing point at each SDC and flying altitude of UAV.
TP =



m−1

distance(Pi , Pi+1 ) + distance(PCS , P1 )+

i=1

(14)

distance(Pm , PCS ) + (m × 2) × Height
where, PCS denotes the location of charging station and height is the flight altitude of UAV. Therefore,
the cycle time can be determined using below Equation.
CycleTime = TT + CT + ϕ

(15)

In above Equation, ϕ signifies the replenishing time of UAV at the charging station. Furthermore,
the total energy consumption of a SDC during a cycle can be determined using following equation:
Ei = (ESDCi × CycleTime)

(16)

Accordingly, the remaining energy level of each SDC at the end of a cycle, will be:
Rem2i = Remi − Ei + (Ti × λ)

(17)

where λ indicates the received energy level at each time unit. In E2SDC scheme, it is attempted to
transfer the required energy level of each SDC to its battery. Furthermore, as the main goal of the
proposed algorithm is to guarantee that the SDCs will be kept alive, the remaining energy of SDCs
need to be positive at the end of each cycle. Therefore, the following problem can be formulated.
m

Ti
Maximize :
i=1

suject to : Ti > 0
Ti ≤ REQi
Rem2i > 0

(18)

5 Simulation Results

The simulation results to evaluate the E2SDC is presented in this section. The area of simulation
map of the E2SDC scheme is approximately 200 m × 200 m with 100∼500 sensor nodes and 2∼6 SDCs
and a static sink. In the methodology of the simulations, we start with evaluation of the impact of
utilizing SDCs on the network performance against utilizing mobile data collector [15] and mobile
sink [32]. Secondly, the impact of the introduced model for optimizing of the locations of SDCs on the
network behavior is evaluated and compared with random deployment of SDC and position selection
model proposed in [23]. Finally, the proposed UAV’ tour optimization model is compared with related
schemes proposed in [26,27,33]. The relevant parameters are shown in the Tab. 1.
5.1 Impact of Utilizing SDCs

Fig. 3 presents the data delivery ratio in three approaches, while increasing the number of sensors.
As seen, in our proposed E2SDC, the data delivery ratio is higher than two other schemes. This is due
to utilizing mobile devices in [8,9], which leads to frequent trajectory changes and high packet loss
rate [35]. In addition, unlike two other related works, in our proposed scheme, increasing the number
of nodes does not have impact on the network performance in terms of data delivery ratio. This is
because, in mobile device based schemes, mobile sink or mobile DC needs to meet all nodes to serve
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them. Consequently, increasing the number of nodes leads to rise the movement path of mobile devices,
which results in reduced data delivery ratio.
Table 1: Relevant parameters
Parameters

Value

Number of nodes
Network area
Packet size
Initial energy of nodes
Energy dissipated in the op-amp
Eelec
Number of SDCs
Initial energy of SDC

100∼500
200 m × 200 m
128 bit
0.5 J
0.0013e-12
50e-9
2∼6
10 J

Figure 3: Data delivery ratio
Next, Fig. 4 evaluates the network performance in terms of end to end delay under varying number
of nodes. As shown, the end-to-end delay of E2SDC, LIEX and CMS2TO schemes increased by
incrementing the number of nodes. The reason behind this, higher the number of nodes in the network,
incurs extra congestion in the network. However, E2SDC achieved lower average end-to-end delay
compared to existing schemes thanks to utilizing multiple SDCs to collect data from sensor nodes.
The total energy consumption of nodes during a cycle is evaluated in Fig. 5 among different
schemes as number of nodes increases. Obviously, higher number of nodes results in increasing the total
energy consumption of network. E2SDC improves the performance as compared to existing schemes.
The reason for the energy consumption reduction is to utilize the multiple SDCs, which leads to reduce
the data transmission range of nodes and results in decreasing the energy consumption of nodes.
Moreover, the network lifetime is evaluated by considering number of rounds till first node
depletes its energy supply. The purpose of evaluating the network lifetime is to show the improvement
of E2SDC in saving the energy and prolonging the network operation time. Fig. 6 illustrates the
network lifetime while varying number of nodes. Based on the simulation results, the proposed E2SDC
scheme outperforms than other existing schemes as it has longer network lifetime at different node
densities. Unlike the existing schemes, in E2SDC scheme, employing multiple SDCs leads to reduce
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the transmission range of nodes and decrease their energy consumption which results in enhanced
network lifetime. Whereas, in LIEX and CMS2TO schemes, due to utilizing single mobile device, all
sensor nodes have to send their data packet to the same destination even if they are located farther
from mobile agent.

Figure 4: Data delay

Figure 5: Energy consumption of sensor nodes

Figure 6: Network lifetime
Fig. 7 depicts the system throughput as the number of collected data per second. As evidenced,
our proposed protocol outperforms mobile sink and mobile DC based schemes. This is due to utilizing
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mobile devices in previous schemes which leads to frequent trajectory changes and high packet loss
ratio.

Figure 7: System throughput
The STD total energy consumption of SDCs is evaluated in Fig. 8 under different node distributions and number of SDCs. Increasing the number of SDCs clearly leads to increment in total energy
consumption. However, as can be observed, the node distribution does not have impact on the energy
consumption of SDCs. In addition, the effect of number of SDCs on the total energy consumption
of sensor nodes are evaluated in Fig. 9. As evidenced, the energy consumption of nodes is reduced
by incrementing the number of SDCs. This is due to increasing the number of SDCs which leads to
reduce the transmission range of nodes and their energy consumption.

Figure 8: Total energy consumption of SDCs
5.2 Location Optimization of SDCs

In this sub-section, the impact of proposed location optimization of SDCs on the network performance is illustrated and compared with random deployment of SDCs and the location optimization
scheme proposed in [23]. The performance comparison of E2SDC is estimated in terms of energy
consumption of SDCs and sensor nodes.
Fig. 10 illustrates the energy consumption of SDCs in three approaches under different number
of nodes. obviously, increasing the number of nodes leads to increase the number of collected data
packets.
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Figure 9: Energy consumption of nodes

Figure 10: Energy consumption of SDCs
Likewise, as can be seen, in our proposed location optimization of SDCs mechanism, SDCs
consume less energy compared with random deployment and EMSLO approaches. This is because,
E2SDC scheme does not only consider the energy consumption of nodes but also takes into account
the energy consumption of SDCs in optimizing the locations of SDCs. In addition, based on Fig. 11,
in E2SDC, the sensor nodes consume less energy in comparison with two other mechanisms thanks
to minimize the distance between nodes and SDCs using Eq. (9).

Figure 11: Energy consumption of sensor nodes
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5.3 Sustainable Operation Time of SDCs

In this sub-section, the proposed sustainable operation time of SDCs-based mechanism is evaluated in terms of computation time, charging time of UAV, and energy consumption ratio of SDCs.
likewise, the movement path and charging time of UAV is determined by the approaches proposed in
CTOWMC, WMCEO2, and FEDS schemes, inclusively. Then, the result of the proposed mechanism
is compared with the relevant algorithms.
Fig. 12 depicts the computation time, defined as the running time of the mechanism, of the
four different approaches under different node densities. The computational time of the proposed
mechanism is clearly shorter than those of the three other schemes, which spend a remarkable
length of time to determine the sojourn location of the charger. Our proposed scheme shortens the
computational time because the UAV moves along a predefined path to recharge the SDCs.

Figure 12: Computation time
Fig. 13 illustrates the charging time of UAV during a cycle under different number of nodes. As
can be seen, our proposed approach outperforms other relevant schemes thanks to equation which
defines a proper limitation for determining the charge time of UAV.

Figure 13: Charging time of UAV during a cycle
Fig. 14 depicts the energy consumption ratio of SDCs at the end of a cycle. Incrementing the
number of nodes clearly leads to increase the data received by SDCs which results in arising the energy
consumption of SDCs. Furthermore, as depicted, E2SDC and FEDS outperform CTOWMC and
WMCEO2, as in both E2SDC and FEDS approaches, the remaining energy of SDCs has been taken
into consideration in path optimization of UAV.
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Figure 14: Energy consumption ratio of SDCs
6 Conclusion

In this paper, we present an efficient energy static data collector based scheme using UAV-enabled
wireless power transfer in smart cities. We utilize multiple energy limited static data collectors which
are responsible for reducing the data transmission range of nodes by receiving the data packets from
sensor nodes and forwarding to the BS. First, we attempt to optimize the location of SDCs so that
the minimized energy consumption of nodes and SDCs can be achieved. Unlike the prior studies, in
the proposed scheme, the service providers (SDCs) are equipped with limited power supplies. Energy
depletion of SDCs leads to data packet loss and reduce the network performance. Therefore, to
address this limitation, we apply a UAV to recharge the batteries of SDCs frequently and sustain
their operation time. To this end, it is attempted to optimize the trajectory and charging time of UAV
during cycle in such a way that permanent operation time of SDCs would be guaranteed. Most of
previous studies perform a long term prediction of trajectory and charging time of mobile agents,
which leads to reduce the accuracy. Therefore, our proposed scheme repeats to do optimization of
UAV’s trajectory and charging time at the beginning of each cycle in such wise that the sustainable
operation of SDCs can be guaranteed during a cycle. Finally, through simulations, we confirmed that
the proposed scheme provides the perpetual operation of SDCs. Moreover, based on simulation results,
it is observed that E2SDC outperforms other related works in terms of different evaluation metrics.
The experimental results show that the proposed scheme achieves improved network performance in
terms of data delivery ratio (12.5%); system throughput (6.6%); total energy consumption (59.19%);
and network lifetime (58%) as compared to previous related works. Moreover, the proposed approach
can be extended in the future works by considering the energy consumption of UAV in trajectory and
charging time optimization. Additionally, in this study, we only developed the method for sustaining
the SDCs operation. Accordingly, the future studies can further improve our method by recharging
the sensor nodes by UAV to achieve perpetual operation of sensor nodes which results in permanent
network lifetime.
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