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MER-WearNet: Medical-Emergency Response
Wearable Networking Powered by UAV-Assisted
Computing Offloading and WPT

Yingying Jiang
and Iztok Humar

Abstract—The global outbreak of the 2019-nCoV pneumonia
has led to illness and loss of life for a large number of people.
Many countries built medical-emergency facilities in remote
areas to isolate infected people in an attempt to contain the
spread of the virus. Various wearable devices based on smart
new fabrics can collect life-relevant data from patients on a
continuous basis. However, the computing capacity and battery
energy of wearable devices are limited. Prolonging the life cycle
of the wearable medical-emergency system for as long as
possible, while guaranteeing the effectiveness of the monitoring
tasks for the users, is a great challenge. Therefore, Medical-
Emergency Response Wearable Networking Powered by UAV-
assisted (unmanned aerial vehicle) computing offloading and
wireless power transfer (WPT), known as MER-WearNet, is
presented in this paper. Due to the ultra-low delay demand in the
medical emergency scenario, the proposed scheme uses UAV to
charge the wearable devices wirelessly, so that the wearable
devices can obtain more energy and ensure the efficient
completion of the computing offloading in the shortest possible
time. The successive convex optimization (SCP) is used to solve
the joint optimization model. Finally, simulation experiments
verify the effectiveness of the proposed scheme.

Index Terms—Medical emergency, UAV, WPT, wearable
network.

I. INTRODUCTION

HE epidemic disease report of the World Health Organi-
zation (WHO) on May 20, 2020, included nearly 4.8
million confirmed cases and more than 310 000 deaths
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from 2019-nCoV pneumonia globally, with these numbers con-
tinuing to rise [1]. In the epidemic disease report of the WHO on
April 11, 2020, 22 073 medical workers were confirmed as being
infected by 2019-nCoV [2]. Since the outbreak of the pandemic,
countries around the world have successively gone into lock-
downs, leading to global economy shrinking by about 1% [3].
The sudden outbreak of the 2019-nCoV pneumonia caused seri-
ous problems to medical systems and the economy in all coun-
tries. To prevent the further spread of 2019-nCoV, some
countries urgently built isolation hospitals in remote places, with
patients being treated and cured in these temporary isolation hos-
pitals. However, the question arises, about how life indicators
can be monitored continuously for 24 hours a day with models of
the vital signs being built. With the application of 5 G, the Inter-
net of Things, chips with low power consumption and the motiva-
tion of industrial design, various wearable devices based on new
smart fabrics play an increasingly important role in health moni-
toring. These devices become important entries and application
terminals for the Internet of Things in times of 5 G and will be
pivotal in the medical-emergency response to the 2019-nCoV
pneumonia [4], [5]. Smart wearable devices integrating Al and
wearable technology can collect the life indicators from patients
automatically, so that the doctor’s diagnosis and treatment can be
synced to the patient’s side. Additionally, the infection rate of
medical workers will be lowered by decreasing the contacts with
patients. Multiple wearable devices jointly monitor the user’s
various health data, such as monitoring the user’s body
temperature, heart rate, electrocardiogram (ECG), blood
pressure, blood oxygen, electroencephalogram (EEG), etc.
By analyzing multiple physiological indicators collected by
smart wearable devices, the patient’s health status can be
obtained in real time. However, the computing capacity,
battery energy and life cycle of smart wearable devices are
limited [6]. The challenges to guaranteeing the high-effi-
ciency charging of wearable devices in medical-emergency
response are as follows:

1) Real-time charging: Incomplete network facilities in
temporary medical-emergency locations cause difficul-
ties in guaranteeing real-time charging to various wear-
able devices in large numbers. In addition, the analysis
of the severity degree for patients should be updated in
real time based on changes in the physical signs. The
charging of wearable devices should also meet the
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requirement of a short delay in the medical-emergency
response.

2) Long-term monitoring: Due to the particular conditions
of the patients at medical-emergency locations, the con-
tinuous monitoring of patients’ health is required.
Therefore, the power supply of smart wearable devices
must not to be interrupted, and they must be charged
prior to any power failure.

3) Comfort of patients: During the pandemic, the patients
are in poor physical health. If the batteries of the wear-
able devices are frequently replaced, this will further
interfere with the patients’ care. Therefore, the require-
ment of maintaining high comfort levels for patients
must be considered.

Thanks to the rapid development of wireless power transfer
(WPT) technology, wireless charging can be used for smart wear-
able devices, thereby prolonging battery life and making frequent
battery changes unnecessary [7], [8]. In comparison with other
energy-harvesting technologies, such as wind and solar energy,
WPT utilizes radio-frequency signals to charge smart wearable
devices with a low power consumption and supply controllable
and stable energy [9]. On the other hand, the wireless communica-
tion link assisted by UAV has attracted a great deal of atten-
tion [10], [11]. During the pandemic, infected patients tend to be
kept in isolation in remote places for medical emergencies. There-
fore, the UAV can be used as the carrier of WPT that can charge
wearable devices and guarantee their long-term and effective
health monitoring [12]. In addition to being the carrier of the wire-
less-charging technology, it is also the carrier of edge computing
devices [13], [14], analyzing the physiological data of patients in
real time, building models of vital signs and assessing the severity
of the patients’ symptoms, which greatly increases the energy-
conversion efficiency of wireless charging and the communica-
tion performance of the medical-emergency response.

To address the limits of wearable-device charging and com-
puting power in the medical-emergency response scenario,
this article presents the Medical-Emergency Response Wear-
able Networking powered by UAV-assisted computing off-
loading and WPT (MER-WearNet). A wireless-charging
transmitter carried on the UAV was used to charge smart
wearable devices in real time. When multiple smart wearable
devices have obtained enough energy, due to their own limited
computing capabilities, they need to upload the collected data
to the UAV edge server for providing real-time patient health
analysis. According to the distance between smart wearable
devices and UAV, the current network environment and the
service demand of computing offloading, it is necessary to
determine the optimal charging time allocation, the computing
offloading sequence, and dynamically adjust the optimal hov-
ering position of UAV in the computing offload phase. In sum-
mary, the main contributions of this paper are as follows:

e This paper proposes a novel MER-WearNet schema,
namely wearable network for medical emergency
response. The wireless charging of UAV is used to
ensure the long-term continuous health monitoring of
smart wearable devices, and the joint optimization
model of charging time allocation, computing

offloading sequence decision and hovering positions of
UAV is established.

e We model the computing offloading sequence of smart
wearable devices as the traveling salesman problem
(TSP) and solves it based on genetic algorithm, and
then solves the charging time and the optimal hovering
positions of the UAV based on successful convex
optimization.

e The effectiveness of the proposed scheme is verified by
simulation experiments. The experimental results show
that the proposed scheme can make the energy obtained
by smart wearable devices through WPT meet the
requirements of computing task offloading, and greatly
reduce the delay of medical emergency response.

The reminder of this paper is arranged as follows. Section 2
summarizes the application scenarios of intelligent wearable
devices in the medical field, as well as the related work of
UAV WPT and computing offload. Section 3 introduces the
proposed smart wearable network architecture and the joint
optimization model of charging time allocation, computing
offloading sequence and hovering positions of UAV. Section
4 solves the joint optimization model. Section 5 conducts sim-
ulation experiments. Finally, Section 6 summarizes our work.

II. RELATED WORK

Smart wearable devices are widely used in medical health-
care, such as smart clothing and wearable effective robot pro-
posed by Chen et al. [15], [16], which can respectively
monitor physiological parameters such as ECG, blood pres-
sure, blood oxygen and psychological parameters such as
EEG, voice and tactile pressure. Shi et al. [17] proposed a
weight calculation method for heterogeneous wearable sensors
to reduce the interference caused by abnormal sensors in wear-
able devices and improve the accuracy of input data. There are
still some works focused on the design of networking proto-
cols in wearable networks, such as Liao et al. [18] proposed a
cooperative routing protocol based on incremental relay to
extend the lifetime of wearable networks. Kim et al. [19] pro-
posed an adaptive control algorithm for the WiFi coexistence
environment based on ZigBee to ensure the delay require-
ments of wearable sensors. Above work is mainly used for the
transmission of structured physiological data, and can not sup-
port large-scale multi-dimensional data transmission. In [20],
the author uses coordinator based MEC server to offload tasks
to improve the computing power of wearable devices. How-
ever, this paper assumes that the mobility of patients is based
on the nomadic mobility model, and the transition probability
of users in different locations in real life does not always fol-
low the existing prediction model.

Regarding offloading computing tasks to the UAV-driven
edge cloud, many research teams have carried out promising
work. Zhou et al. [9] studied the problem of computing rate
maximization in UAV enabled MEC wireless powered system
with causal constraints of energy acquisition and UAV speed
constraints under partial and binary offloading mode, and
gave the near optimal solution of CPU frequency, offloading
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time and transmission power. Yang et al. [10] studied the
problem of minimizing the sum of power consumption by
jointly optimizing user connections, power control, computing
power allocation and UAV path planning in a multi-UAV
MEC network, and proposed an iterative three sub-problem
solution algorithm. Bai et al. [21] proposed an energy effi-
ciency calculation offloading algorithm for UAV-MEC system
based on physical layer security, and found the best solution
for active and passive eavesdroppers. In the UAV cooperative
communication system, for the amplify and forward (AF) and
decode and forward (DF) protocol, Yin et al. [22] optimize
the UAV power profile, power splitting ratio profile and trajec-
tory to maximize the end-to-end throughput.

Due to the remarkable characteristics of flexibility, mobility
and freedom from spatial constraints, the development of
WPT technology provides a new energy supply scheme for
battery driven terminal equipment [23]. At present, a lot of
work has focused on improving the communication energy
efficiency of IoT equipment by combining UAV and WPT
technology. Xu et al. [24], [25] studied how to maximize the
minimum energy received by sensor nodes through trajectory
design in the limited charging time of UAV. In [26], the author
proposes a successive hover-and fly scheme to search the opti-
mal hover point and hover time based on genetic algorithm.
The goal is to maximize the minimum energy harvested by all
devices. In [27], the author maximizes the throughput of the
network by jointly optimizing the trajectory design and wire-
less resource allocation of UAV. Du er al. [28] proposed a
new TDMA workflow model, and established a joint optimiza-
tion model of IOT device connection, computing resource
allocation, UAV hover time, wireless charging time and ser-
vice order, so as to minimize the total energy consumption of
UAV. In [29], the author first uses WPT technology to charge
sensor nodes, and periodically sends data to cluster heads, and
then uses UAV to send data to sink node for further processing
and analysis. The author uses Lagrange dual method and heu-
ristic algorithm to reduce the computational complexity and
obtain the optimal time allocation scheme. In [30], the author
uses deep Q-learning algorithm to manage the resources of
UAV assisted WPT network. Baek et al. [31] uses the
Lagrange multiplier method and the proposed geometry-based
update algorithm to jointly solve the hover position and hover
time of the UAV, thereby maximizing the minimum energy
remaining after the sensor node receives energy and consumes
energy for data transmission.

Although UAV-enabled computing offloading and WPT have
been well studied in above works, very few work has focused on
solving the problems of charging, data collection and computing
tasks offloading faced by smart wearable devices in the wearable
network for medical emergencies. Our work is based on the TSP
model and successive convex optimization in the work of [32].
Different from the work of [32], we introduce the process of
wireless charging before wearable devices offloading computa-
tion tasks to the UAV. Therefore, the minimum delay of the sys-
tem needs to be added with the charging time, and the energy
constraint of wearable devices is based on the energy harvested
in the previous charging process.

III. SYSTEM MODEL AND PROBLEM FORMULATION

With the help of UAV’s mobility, flexibility and better
computing power, UAV is used to charge multiple smart wear-
able devices worn by patients in infectious disease isolation
places, and then carry out data transmission. When the data
collection is completed, the UAV carries out multimodal data
analysis to provide reliable patient health analysis results.
This process mainly includes three stages: the wireless charg-
ing stage of UAV for smart wearable devices, the data trans-
mission stage of smart wearable devices (computing task
offloading stage), and the multimodal data fusion and analysis
stage in UAV edge server, as shown in Fig. 1. The main nota-
tion is shown in Table I.

A. UAV Charging Model With WPT

We consider the scenario of a UAV with [N smart wearable
devices. The set of smart wearable devices is {w,,n €
{1,2,...,N}}. The space between smart wearable device and
UAV is three-dimensional. When charging, the UAV can
charge multiple intelligent wearable devices at the same time,
and the location of the UAV is recorded as lyay(0) =
(2(0),y(0), H), the position of smart wearable device wy, is
I, = (n, Yn,0). The height H of UAV is assumed to be fixed,
and H is the minimum height for UAV not to collide with
buildings, trees and other obstacles. The communication link
between UAV and smart wearable devices adopts Line-of-
Sight (LOS) mode. During charging, the distance between w,,
and UAV is expressed as:

dwﬁn = \/(I(O) - :L’")2 + (y(O) - yn,)z (1)
The channel gain during charging is as follows:

:30 130

hwn = =
TR+ HD T (2(0) — )+ (y(0) — y)® + H?

2

By is the power attenuation gain when the distance between
UAYV and wearable devices is 1 m. During the charging time
ty, the energy collected by the wearable device w, is:

Eharvest,n = Mp[)hw,nto (3)

Where u is the WPT energy conversion coefficient, py is the
communication power when UAV charges smart wearable
devices.

B. Computing Offloading of Wearable Devices

After the charging is completed, the smart wearable device
needs to transmit collected data to UAV, perform multimodal
physiological data analysis and complete the offloading of the
computing task. We adopt the fly-hover mode in [32], that is,
when the smart wearable device w, is uploading data, the
UAYV needs to fly to the best hovering point corresponding to
wy,. The UAV will continue to fly to the next hovering point
for data transmission with the next wearable device after com-
pleting the computing task offloading of w,. The set of
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Fig. 1. System architecture of MER-WearNet.
TABLEI Bo
NOTATION TABLE hegm) = E Tt H?
- — c,p(n)
Notation Description
Po Charging power _ B 0
to Charging time 2 2 2
z(¢p(n)) —x n)) — H
Eharvest,n Harvested energy of wy, ( (¢( )) ¢(n)) + (y(¢( )) y¢(n>) +
hw,n/hen The channel gain of WPT stage or computing offloading (4)
stage
Pn Data uploading power of wearable devices
r(n) Data transmission rate between wearable devices and UAV . p . . el
] Computing offloading sequence of wearable devices The Slgnal to interference noise ratio (SINR) is:
B Transmission bandwidth
th,n The data uploading time of the wearable device, also the (¢(n)) _ p¢(n)h(z,¢(n) (5)
hovering time of the UAV 4 - o2
s(n) Data transmission amount of wearable devices
Sn,min Minimum data transmission requirements Wh . h .. f th bl
Econ,n Energy consumption of data transmission ere p¢>(n) 18 the transmission power o the wearable
dy(n).6(nt1) | The flight distance of UAV between two hovering points device wgy(y), and o? is the white Gaussian noise. According to
triy UAV flying time Shannon’s theorem, the data transmission rate of wearable
v UAV flying speed

computing offloading sequence is expressed as ® = {61,
Os,...,0pn}, let ¢(n) = O,,, which represents the index of
the smart wearable device. Then, the hovering position of
UAV is {lpav(o(1)),lpav(¢(2)), ..., luav(e(n))}. lyav
(p(n)) = (z(ep(n)),y(¢(n)), H) is the best hovering position
of the UAV when the smart wearable device wy,, offloads
computing task. The channel gain of the smart wearable
device wyy) is as follows:

device wgy(y) is:

r(¢(n)) = Blog,(1 + y(¢(n))) (©)

Among them, B is the data transmission bandwidth when
computing offloading. For wearable device wg,), if the hover-
ing time of UAV at corresponding hovering point liay (¢(n))
is t,¢(n)» then the data transmission amount of wg,) during
this period is:

s(p(n)) = r(d(n))tngm) = Blogo(1+ y((n)))them (1)
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Because in the medical emergency response scenario, smart
wearable devices need to complete the offloading of comput-
ing tasks in the shortest possible time, so each wearable device
needs to meet a certain amount of data transmission require-
mMents Sy(n), min during the hovering time of the UAV, which is:

BlOgQ(l + y(¢(n)))th,¢(n) > S¢(n),min 3

Wearable devices consume a certain amount of energy during
data transmission. In the transmission time ¢}, 4(,), the energy
consumed by wg,,) can be expressed as:

Econ,,q>(n) = pd)(n)thﬁqb(n) &)

Since the energy collected by the wearable device weyy)
during the charging process i8S FEjgpest (n)> and the energy
consumed by data transmission cannot exceed the collected
energy. Therefore, there are the following constraints:

pd)(n)th,,d)(n,) < upo hw,d)(n,) Lo (10)

C. UAV Flying Time

The flight distance of UAV from hovering position
lyav(¢(n)) to the next hovering position Iy (¢(n + 1)) is as
follows:

() pln+1) =
\/(ﬂf(rﬁ(n +1)) = a(¢(n))* + (y(¢(n + 1)) — y(¢(n)))?
(1n
The flight time of UAV is calculated as follows:
Ly = Ni dy(n) g(n+1) (12)
=0 v

D. Problem Formulation

In the case of medical emergency, it is necessary to com-
plete data transmission in the shortest possible time in order to
get the patient’s health status analysis as soon as possible.
Therefore, the goal of this paper is to minimize the total time
for smart wearable devices to complete charging and comput-
ing tasks offloading. The optimization problem in this paper
can be summed up as P1:

N
P1: =1y + Z them) + thy

n=1

min T
t0,®.,2(¢(n)).y(#(n))
s.it. Cl:v < vpax
C2 : pymytngm) < mPohwgmto, Vn € {1,2,..., N}
C3 : Blog,(1 + V(¢(n)))tlL,¢(n) 2 Sp(n)min

Vn e {1,2,...,N}

The constraint condition C1 indicates that the flight speed of
UAV between hovering points corresponding to each

wearable device does not exceed the maximum speed, while
C2 and C3 are the requirements of energy constraint and data
transmission amount respectively.

IV. PROBLEM SOLUTION

The variables to be solved for problem P1 include charging
time ¢y, computing offloading sequence ®, and the hovering
position of UAV in each wearable device. Because the posi-
tion variable of UAV involved in constraint C3 is a non-con-
vex and non-concave function in the denominator of log
function, and the hovering sequence of UAV is also unknown,
P1 is difficult to solve. Therefore, we first determine the hov-
ering sequence of UAYV, that is, the computing tasks’ offload-
ing sequence of wearable devices, and then solve the charging
time and hovering position.

A. Determining the Computing Offloading Sequence of
Wearable Devices

If the hovering position of UAV is known, problem P1 can
be decomposed into two subproblems: the minimization of
flight time, the minimization of the sum of charging time and
hovering time, which can be attributed to P2.1 and P2.2
respectively. Problem P2.1 can be expressed as:

= g pn11)

n=0

P2.1:

st Cl:v < vpax

It is obvious that UAV uses the maximum speed to fly
between the hovering points to minimize the flight time. Then
the main solution of P2.1 is that the UAV has the smallest fly-
ing distance between /N hovering points, which requires deter-
mining the hovering sequence ®. Referring to [32], the UAV
flight distance minimization problem can be solved by solving
TSP to determine the computing offloading sequence of wear-
able devices. Assuming that the N hovering positions of the
UAY are just above each wearable device, we use the genetic
algorithm to solve TSP of P2.1. Set the population size as M,
the population of each generation in the evolution process is
expressed as Z*, and k is the number of generations. Genetic
algorithm for TSP includes initialization of population, calcu-
lation of fitness, selection of parent chromosomes, crossover
and mutation. The specific process is as follows:

(1) Initialize the Population: M paths are generated ran-
domly, and M chromosomes are obtained. Each path corre-
sponds to a computing offloading sequence of wearable
devices. Each path is composed of the location of /N wearable
devices and the location of UAV when charging.

(2) Calculate the Fitness Value: We set the fitness function
to the reciprocal of the sum of distances in P2.1, which is
fF = —=x—L—— f* represents the fitness function value

2o G (n+)
of the m-th chromosome in the k-th generation population.

(3) Select Parent Chromosomes: The roulette algorithm is

used to select two chromosomes from the current population
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as parent chromosomes. Calculate the cumulative probability
of each chromosome fitness function value, and then the par-
ent chromosomes are determined according to the cumulative
probability range of the generated random number. The single
probkability of each chromosome is calculated as: prf’n =
fm
S
eprt = cprf | +prf . The two selected chromosomes are
recorded as CT, C5.

(4) Crossver: Determine whether to perform the crossover
operation according to the crossover probability «. Two inter-
sections e; and ey are generated randomly, and the wearable
device index numbers of chromosome C¥ and C} from e; to
ey are exchanged. If there are duplicate wearable devices in
the chromosomes after crossover, perform the deduplication
operation again to obtain two new son chromosomes.

(5) Mutation: After crossover, we decide whether to mutate
the two son chromosomes according to the mutation probabil-
ity e. Randomly generate two mutation points m;, ms, and
reverse the positions of the two daughter chromosomes from
mi to mo.

The process of (2)—(5) is repeated until M new populations
are generated, and then the next generation cycle is carried out
until the set maximum generation number. Select the chromo-
some with the largest fitness function value f, * in all generations,
then we can determine the hovering sequence ®* of UAV.

P2.2 is the minimization of the sum of charging time and
hovering time. When the hovering position of UAV is deter-
mined, P2.2 has nothing to do with hovering sequence. Since
we assume that the UAV hovers just above each wearable
device, the distance between UAV and wearable device at
each hovering point is calculated to be 0. The problem P2.2
can be expressed as:

and the cumulative probability is calculated as:

P2.2: mlnTl—t()—l—Zthn

tosth.n n—1

st. C2: pnth.n < Mp()hw nt();vn € {17 27 )

N}

o2 H?2
N}

C3: BlOgQ (1 + pnﬂo )th,n > Sn,mins

Yne{l,2,...,

The variables to be solved in P2.2 include the charging time
ty and the hover time 3, at each wearable device. The prob-
lem can be solved by linear programming (LP). When the hov-
ering position of the UAV is known, P2.1 and P2.2 determine
the computing offloading sequence and charging time of wear-
able devices, and then the overall minimum time of the two
stages can be determined. The solving process of P2.1 and
P2.2 is attributed to Algorithm 1.

B. Optimal Charging Time Allocation and Hovering Position
Solution

After the computing offloading sequence is determined by
genetic algorithm, P1 is still difficult to solve because the con-
straint C3 is a non-convex and non-concave function. According

Algorithm 1. Time minimization based on genetic algorithm

and linear programming

Input:
The location of smart wearable device [,,, and the location {74y (0)
of the UAV in the WPT phase;
Genetic algorithm related parameters: population size M, cross-
over probability «, mutation probability €;

Output:
Charging time ¢y, computing offloading sequence ®*, minimized
overall time T;

1: Initialize the population and randomly generate M sequences;

2: for k=1,2,..., MaxGeneration do

3: form=1,3,5...,Mdo

4: Calculate the fitness function value and cumulative proba-
bility of M chromosomes respectively;

5: Select two chromosomes C¥, C% from Z* according to the
cumulative probability;

6: Perform a crossover operation on CF, C§ according to the

crossover probability, and perform a deduplication opera-
tion on the wearable device that is repeated after the cross-
over to generate two new chromosomes;

7: According to the mutation probability, two mutation points
are randomly generated, and the mutation position is
reversed;

8:  end for

9: end for

10: Select the chromosome corresponding to the largest 7’; from all
populations, determine the sequencer ®*, and obtain the mini-
mum flight time ¢ 1,3

11: Solve the LP problem in P2.2, and get the sum of the minimum
charging time and hovering time 77;

12: Calculate the minimum total time 1" = T + ¢ p,.

to [32], [33], we introduce the slack variable {w(¢"(n))}, and
then obtain the lower bound 7 of the data transmission rate r
through the first-order Taylor expansion. In the i-th iteration, 7;
is convex with respect to (2(¢"(n)) — 2g(n)” + (y(¢"(n)) —
y(,,*(,L))Q. 7; is obtained by the following transformation:

> — 49" () (26" () = 2470’
+ (W@ () = ()" (@8 (1) = 2gr()”
— (50" ) =y )”) + Bi(& ()

Blogy(1+y(¢"(n)))
)
) —

21,(¢"(n)) (13)
Where
Ai(¢7(n) =

B(pd,*(")ﬂo/aQ)long
(m + (@ (9" () — 20 (m)” + (Wi(9° (1) — ygrm)” + P¢*<n>ﬁ0/"2)
1
(12 + (20" (1) — )+ (9" () —

o) (14)
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*(n 02
logg(l + - Pert >ﬁ2°/ - 2)
H? + (zi(¢*(n)) — Tg () + (0i(@*(n) = Ygr ()
(15)
Then P1 is transformed into P3:
P3: min T=ty+ gt (
10,26 () 4(6* (1) (8" (. ! Z ™
N—1
)y da>*<n>,¢*(n+1>
n—0 Umax
st. C2: Do (n)thg* (n) < PO, g (n)t0, VT € {1,2,...,N}
C3: (,()((]5* (n))t}z7¢*(71,) > S¢* (n),min» Vn € {17 27 o 7N}

C4:ri(¢*(n)) > w(¢*(n)),¥n € {1,2,..., N}

After introducing the slack variable w(¢*(n)) in P3, the left
(9" (n))th.p+(n) of constraint C3 is still non-convex. To solve
the problem, referring to [34], we replace w(¢*(n))th p*n)

o(¢*(n )2 —(@ )2
with (w(9"( ))+th,¢ (n)) 4( (9" (n))— th(b n) _ Then apply the first-
order Taylor expansion to (w(¢*(n)) + th‘(l,*(n)) . In the i-th
iteration, the inequality constraint C3 in P3 is transformed into
the following formula:

(a)vl(d)* (n)) + ti,h,qﬁ"(n))2 + (a)((b* (n)) + thd)’(n) - wi((l)*(n)) B ti,h,¢*(n))

1 2
(@i () + ting )
2

2
(©(@ (7)) = thg: ()
- 4 — S¢*(n).min > 0,

Vne{1,2,...,N}

(16)

Then P3 can be transformed into P4:

P4 min T =ty+ thgt (n)F
to(¢* () y(@* (n) (9" (n) 0 Z hg*(
gi%&w&ﬂ
n=0 Umax
st. C2 and C4
(16)

During each iteration, P4 can be solved with the standard
convex optimization toolkit CVX [35]. In the initial iteration,
the hover position of the UAV is set to be directly above
each wearable device. After finding the optimal UAV hover-
ing position 2*(¢*(n)), y*(¢*(n)) in each iteration, z;(¢*(n))
and y;(¢"(n)) in the next iteration is replaced with
x*(¢*(n)), y* (¢*(n)) until the algorithm converges to the opti-
mal value and no longer changes. The successive convex opti-
mization is summarized as Algorithm 2.

Algorithm 2. SCP-based hovering position and charging time

solutiong

Input:

Data transmission requirements S, i for smart wearable devices;

Charging power py, UAV position ly74y(0) in WPT;

Output:

Charging time ¢y, N hovering positions {(z(

mum time 77

1: According to Algorithm 1, determine the computing offloading

sequence @ of wearable devices;
2: [Initialize the position of UAV at N hovering points z;(¢"(n))
= Tyt (n), Y1(9° (1)) = Ygr ()3

3: while i < max_iteration do

4:  Use the CVX toolkit to solve the convex optimization problem

in P4, and get the hover position z*(¢*(n)), y*(¢*(n)) and the
charging time #;;
Updated 41 (6" () = (6" (1), y111(9" (n) = (6" (n);
Update A;11(¢"(n)),Bi(¢*(n)), (r;(¢*(n))) according to for-
mula (14), (15) and (13);

7:  updatei =1+ 1;

¢"(n)), y(¢" (n))), mini-

8: end while
TABLE I
SIMULATING SETTING
Parameters | Value
The height of UAV 10m
Channel power attenuation gain Bg with a distance of Im | -30dB
UAV max flying speed vmax 5 m/s
Energy harvesting coefficient p 0.8
Charging power pg 1w
Transmission power 0.0011W
Transmission bandwidth 20MHz
White Gaussian noise power 1079w

V. EXPERIMENT
A. Simulation Setting

We assume that multiple smart wearable devices are ran-
domly distributed in an area of 10m x 10 m. Unless other-
wise specified, the number of smart wearable devices in this
paper is 15. When charging, the UAV is in the center of the
area, the height of the UAV is 10 m, and the maximum flight
speed is 5 m/s. The energy conversion efficiency p during
charging is 0.8, the charging power py is 1 W, the channel
gain B, when the distance is 1 m is —30 dB, and the white
Gaussian noise o” is 10~"W. When wearable devices offload
computing tasks, the power p,, of data uploading is 0.0011 w,
the bandwidth B is 20 MHz, and the requirement of data trans-
mission is 14Mbits. The specific parameter settings are shown
in Table II.

B. Performance Analysis

Fig. 2 shows the evolution process of the shortest flight dis-
tance corresponding to the number of different wearable devi-
ces when the UAV hovers just above the wearable devices.
With the increase of the number of wearable devices, the short-
est flight distance of UAV converges more and more slowly.
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Fig. 2. Iterative process of UAV shortest flight distance in Algorithm 1.
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Fig. 3. The initial shortest flight path and final hovering position of UAV.

Figs. 3(a) and 3(b) show the shortest flight path of UAV hover-
ing just above the wearable devices when the number of wear-
able devices is 15 and 25 respectively, and the final hovering
path obtained by SCP algorithm. In fact, by analyzing the red
path in Fig. 3, it is found that N hovering points of UAV consti-
tute a straight line. In this case, no matter what the hovering
sequence of UAV is, the sum of the flight distances of UAV at
each hovering point is the same, which leads to that the total
time has nothing to do with the computing offloading sequence
of wearable devices. Therefore, the computing offloading
sequence can be given randomly, and then the hovering
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Fig. 4. Convergence process of minimum time under different number of
wearable devices.

position, charging time allocation and total time can be
obtained directly by using Algorithm 2.

Fig. 4 shows the iterative process of solving problem P4
based on SCP algorithm to get the total time. We can find that
in the second or third iteration, the algorithm can converge to
the optimal value. The different number of wearable devices
does not have much effect on the total time. Although the total
time of 25 and 30 wearable devices is larger, the total time of
N = 20 is smaller than the total time of N = 15. Therefore,
in the network architecture mentioned in this article, even if
the number of wearable devices is increased, the overall delay
of the system will not necessarily increase accordingly. In the
case of medical emergency, if the number of patients or wear-
able devices is increased, UAV can still transmit enough
energy for these devices, so that these wearable devices can
ensure effective data acquisition and transmission, and ensure
that the analysis results of patients’ vital signs are not affected.
given randomly, and then the hovering position, charging time
allocation and total time can be obtained directly by using
Algorithm 2.

Fig. 5 shows the impact of minimum data transmission
requirements on the overall service time. Fig. 5(a) shows the
change of total system time with the increase of charging
power in WPT stage and different data transmission require-
ments. It can be seen that under the four data transmission
requirements, the larger the charging power is, the smaller the
total time is. The total time required by the system will also
increase with the demand for data transmission. This is
because the higher the charging power, the wearable device
can collect enough energy in a shorter time to complete the
data transmission requirements, that is, the charging time is
shorter, so the overall time is shorter. The higher the require-
ment of data transmission, the more transmission time is
needed, and more charging time is needed to obtain more
energy to ensure the data transmission, so the total time is
more. In Fig. 5(b), with the increase of transmission band-
width, the transmission time required to complete the data
transmission is reduced, so the total time is reduced. In Fig. 5
(c), with the increase of flight speed, the flight time of UAV
decreases, resulting in the decrease of total time. However,
compared to the impact of charging power and transmission
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Fig. 6. Comparison of the total time obtained by different schemas.

bandwidth on the total time, the flight speed has a slower
impact on the total time, and the rate at which the total time
decreases is slower.

Fig. 6 shows the impact of different schemes on the overall
system time. We compare the proposed MER-WearNet
scheme with the three schemes, namely, the scheme of UAV
hovering directly above the wearable device in Algorithm 1,
the static UAV scheme, and randomly assigning association
schema after obtaining the hovering trajectory of UAV
according to Algorithm 2. In the static UAV scheme, it is
assumed that the UAV is always in the center of the region.
As can be seen from Fig. 6, with the increase of charging
power, transmission bandwidth and maximum flight speed,
the total time of MER-WearNet proposed in this paper is
smaller than that of the other three schemes. In Algorithm 1,
when the UAV hovering position is directly above the wear-
able device, although the transmission distance decreases, the
data transmission rate increases and the transmission time
decreases, but the charging time and flight time increase more,
so the total time required is the most. In the static UAV
scheme, the UAV is always in the charging position, which
leads to the decrease of UAV flight distance and flight time,
but the data transmission time is still larger than that of MER-
WearNet. When the hovering position of UAV is determined,
it takes more time to randomly allocate the association
between UAV and wearable device than computing offloading
sequence corresponding to the shortest distance determined by
genetic algorithm in MER-WearNet. In Fig. 6(c), with the
increase of flight speed, since the flight distance of static UAV

Bandwidth (Hz) x107

(b) Under the change of transmission bandwidth

4 45 5 1 2 3 4 5 6 7 8 9 10
Max velocity (m/s)

(c) Under the change of maximum flight speed
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Fig. 7. The impact of the number of smart wearable devices on the results.

is 0, the total time will not change with the flight speed. In the
random association schema, although the flight distance is the
same as that of MER-WearNet, since the connection method
between the UAV and the wearable device is random, the data
transmission time and charging time are random. The total
time of MER-WearNet decreases as the flight speed increases.
Fig. 7 is the total time comparison of the four schemes
under different number of wearable devices. Under the four
schemes, the larger the number of wearable devices does not
necessarily increase the total time, but the total time of MER-
WearNet is the smallest. Fig.refharvestenergy shows the
energy harvested by 15 smart wearable devices. It can be seen
that the energy collected by each device is above 0.14 mW.
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Fig. 8. Energy harvested by 15 smart wearable devices.

VI. CONCLUSION

In this paper, WPT technology and UAV mobile edge technol-
ogy are combined to solve the bottleneck problem of limited bat-
tery energy and computing power of intelligent wearable
devices, and extend the life cycle of wearable network. An MER-
WearNet scheme was proposed, which uses WPT technology to
solve the power supply problem of wearable devices worn by
patients in medical emergency scenarios, and establishes a joint
optimization model of charging time allocation, wearable com-
puting offloading sequence and hovering position of UAV. Then
it is solved based on genetic algorithm and SCP. The simulation
results show that the proposed MER-WearNet scheme can effec-
tively reduce the total time of the system and meet the delay
requirements in medical emergency scenarios.
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