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I. INTRODUCTION

The insurgence of the Internet of things (IoT) has provideda,paradigm shift to the traditional
healthcare domain [1], [2] and given a platform to advanced medical applications, such as
ambient assisted living (AAL), post-surgery monitoring, real-time athlete fitness tracking, remote
surgery, and ambulatory patient monitoring. These applications are latency-sensitive and require
massive data processing. To address these stringent requirements, multi-access edge computing
(MEC) is considered as a promising solution forathe healthcare sector [3]-[5]. In such MEC-
assisted healthcare systems, computing devi¢es, namely MEC servers, are located close to end-
users and provide support for healthcare applications that require massive data storage, complex
computation, low latency, and high reliability [6]. The wireless body area networks (WBANs)
or wearables placed on each user’s (body, sense, and collect physiological data from various
organs and offload them to the MEC server for further computation. Clearly, with the increase
in the number of WBAN users requesting healthcare services, the computational load on the
MEC server increases [7]. Further, in healthcare applications, the MEC servers are expected to
be always connected to*WBAN.users [8]. This results in continuous power consumption and a
higher electricity bill. Taythe US, the total electricity consumption of existing cloud servers and
data centers is nearly 2% of total electricity usage [9] and it is expected to increase more rapidly
in near future. Along with that, the MEC server causes higher carbon gas (C'O5) emission which
has a negative effeet, on the earth’s environment and climate change [10]. Thus, to counter this

alarming situation, the most important factors that need to be considered are power consumption
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and energy efficiency of the MEC server. In this work, we propose a resource management
scheme for a sustainable MEC-healthcare system, which considers both the energy aspect of the

MEC server and the resource needs of WBAN users.

A. Motivation

Recent works on MEC system, such as [11]-[15], have investigated“the problem of load
balancing, computation offloading, and power consumption ofthe MEC system. In [11], the
authors formulate an energy minimization problem of MEC systemiby,jointly optimizing users’
transmit power, bandwidth, CPU frequency, and offloading ratio. Work in [16] focus on the
admission control schemes for MEC server which limits the total amount of offloading task onto
the server. Other proposed methods are to change the MEC server CPU cycle speed dynamically
according to the load [17] and schedule MEC server switching<(i.e. ON when the number of tasks
is more than a threshold otherwise OFF) to minimize.the energy consumption [18]. Further, works
in [19], [20] proposed a solution where the MEC server offloads the incoming tasks to nearby idle
computing devices and in return incentivizes them for the cooperation. One of the examples of
such system is parking vehicle edge computing,(PVEC) [20], where the MEC server collects the
task from vehicles on road and offloads them to the nearest parking vehicles with idle computing
resources for execution. Apart from these solution approaches, another solution approach is to
install renewable energy generation umitufor individual MEC server [21]. Clearly, installation
of extra renewable unit occurs extra capital expenditure (CAPEX) which is determined by the
battery capacity, energy generatorweapacity, and other maintenance expenses. Also, the power
generated by the renewable soutees is time-variable and dependent on location and weather
conditions [22]. Thus, there 1s/an juncertainty associated with the amount of renewable energy
generation and non-zefo possibility of power outage.

In this context, one of the possible attractive look-forward solutions is collaboration between
MEC server and WBAN users. Since now-a-days smartphones and tabs with computing facility
are used as hub for WBAN, each WBAN user is capable of executing less-computation require-
ment tasks on their own [23]. Further, modern WBAN devices are equipped with harvesting
devices whichpgenerates power from the movement and activity of WBAN user and can be
utilized for power compensation. Therefore, the MEC server can reduce its computing load,
if the WBAN users partially compute their tasks locally using their own computing facility

and energy. However, the participating WBAN users will not participate in this collaboration
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with MEC servers due to following reason. In case of local computing, the WBAN user incurs
additional cost, such as computation cost and energy cost. Thus, for successful collaboration, the
MEC server needs to compensate participating WBAN users with proper incentives. Moreover,
the incentive scheme should consider individual WBAN users’ willingness, to contribute their
resources (computing facility and energy) for local computation [24]. Fortexample, some users
may contribute more resources with less compensation and others may demand more incentive.
To this end, we focus on the economic incentive that MEC server should provide to WBAN users
to achieve load reduction and energy efficiency. For that, we try to addeess following questions:
i) from the WBAN user perspective, how much amount of task it should compute locally and
how much to charge? and ii) from MEC server perspective, how: much it should pay to each

WBAN user?

B. Contributions

In this paper, our main objective is to minimize the MEC server energy consumption by
controlling the amount of offloading task from the WBAN users, and focus on the incentive
amount that the server must pay to the WBAN users to encourage them for local processing.
Specifically, each WBAN user individually first decides how much amount of task to compute
locally. Because the WBAN users differ in terms of their energy and computation costs, the
task computation amount varies. ThesMEC) server compensates each WBAN user based on
the amount of local computation tasksy We' model this collaboration between MEC server and
WBAN users using Nash bargaining theory, which is fair and Pareto-efficient [25]-[27]. In
our case, the MEC server bargains with each WBAN user for task offloading amount and the
corresponding reimbursement. /Futther, we analyze the bargaining process using two different
bargaining protocols. First, sequential bargaining, where the MEC server bargains with WBAN
user one-by-one in a pre-specified order. Second is concurrent bargaining where the MEC server
negotiates with all WBAN users at the same time. Analytically, we find the closed form Nash
bargaining solution (INBS) for both the bargaining protocols. The main contributions of the work
are as follows:

o First/weymodel the collaborative framework between MEC server and WBAN users to

improve the energy efficiency of the system. For that, we define the utility functions to
map the benefits (profits) of the participating WBAN users and define the payoff function

to determine the energy cost reduction of the MEC server. Thereafter, we introduce the
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problem of optimizing the amount of task for local execution and partial offloading, to
maximize the social welfare function.

o We design a bargaining game to model the interaction between MEC server and the par-
ticipating WBAN users and determine the Nash bargaining solution (NBS), which ensures
Pareto-efficient and fair outcome. Further, we analyze the bargainingwprocess between the
MEC server and WBAN users for two different protocols and_obtain‘the closed form NBS
for both the protocols.

« Finally, we evaluate the performance of the proposed bargaining,seltition through extensive
simulations. The simulation results show that the proposed bargaining solution improves

the payoffs of both the MEC server and the participating/WBAN users.

In Section II, we discussed the existing related works. We describe the system model in Section
IIT and formulate the optimization problem. In Section IV, we-describe the sequential bargaining
and Section V discusses the concurrent bargainings Further, we show the numerical evaluation

of the proposed bargaining frameworks in Section VI and conclude the paper in Section VII.

II. RELATED WORKS

In recent years, most works focus on computation offloading, energy efficiency, and resource
allocation scheme for MEC system. A complete survey on MEC system architecture and com-
putation offloading techniques is presented,in'[28]. Further, a detailed review on the exploitation
of the MEC system on accomplishment,of different Internet of things (IoT)-based applications
is studied in [7].

Bi et al. [11] formulate an enetgy minimization problem by jointly optimizing users’ transmit
power, CPU frequency, and bandwidth. Qin et al. [13] focus on the latency-energy tradeoff issue
of MEC-enhanced wirgless heterogeneous network and propose a task offloading framework with
an objective to jointly minimize latency and energy consumption. Sheng et al. [15] proposed
a collaborative framework between smart mobile devices, radio access networks, and MEC
server to minimize the overall energy consumption of smart devices. The proposed method
exploits inter-coupling, i.e., the collaborations between smart devices, and inner-coupling, i.e.,
collaboration between mobile devices, radio networks and MEC servers, to reduce the overall
energy consumption. In [29], the authors formulate an energy consumption minimization problem
for D2D-enabled MEC system by considering energy of server, relay nodes, and devices. khan

et al. [30] designed an computation offloading algorithm for multi-server MEC system where the
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users are equipped with energy harvesting units. The majority of above works are user-centric,
i.e., focuses mainly on the energy consumption minimization of the users. However, the energy
consumption of MEC server is overlooked, which is of main focus in our work. In [18], the
authors studied the energy consumption problem of the MEC server and preposed aidistributed
server activation mechanism, based on minority game approach. In [31],authors proposed novel
approach to determine optimal data offloading scheme in multi-MEC, server. environment, while
considering both the communication and computation uncertainty of the MEC server and the

risk-seeking nature of participating users.

Ning et al. [6] present joint resource allocation and transmission scheduling to minimize the
overall system cost of MEC-enabled 5G-based healthcare” monitoring system. A cooperative
game is proposed to assign bandwidth for intra-WBAN communication between the gateway
device and sensors. Further, for beyond-WBAN,/a, potential game-based approach is proposed
to let WBAN users decide whether to opt for local execution or offload to the MEC server.
Isa et al. [8] proposed an energy-efficient fog-based healthcare system while considering the
energy consumption in various network layers. The authors address the issue of processing
server placement problem at access network using mixed-inter linear programming to minimize
the energy consumption of the network, Yuan€t al. [32] proposed a two-stage game theoretic
approach to obtain computation offloading decision for MEC-enabled WBAN system. First,
based on the task priorities each WBAN. user decides which task to execute locally and which
to offload to the MEC server. After‘receiving offloaded task from the WBAN users, the MEC
exploit a game theoretic model/for, computing resource allocation to WBAN users. Bishoyi and
Misra in [4], modeled the economic interaction between MEC server and WBAN users using
Stackelberg game and proposed a pricing mechanism to minimize the overall computational cost

of MEC server.

Synthesis: All thesaboye works are either user-centric or MEC server-centric, i.e. each side
tries to maximize their own benefits individually without considering about the others. More
specifically, the.interaction between the MEC server and the participating users are captured
using non-cooperative model and not considered the cooperation between them. Thus, in this
work, we consider a cooperative framework between the MEC server and WBAN users and

design a incentive mechanism that motivates WBAN users for cooperation.
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III. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a MEC-assisted healthcare system consisting of one MEC server and N WBAN
users, as shown in the Figure 1. The set of WBAN users is denoted as ANu=.{1,2,--- ,N}.
The WBAN users are connected wirelessly to the MEC server. The MEC server is connected to
the cellular base station and communicates with WBAN users through it. Each WBAN user is
equipped with various physiological sensors and a hub (e.g. tab, smattyphone) [33]. The sensors
sense and collect data from various organs continuously and transmits them to the hub. The hub
temporarily stores the data and offloads them to MEC server for further computation. We divide
the time horizon into discrete time slots each with identical length ¢.

If all the WBAN users offload their computational tasks to'the' MEC server, the load on the
server increases. Note that, the MEC server consumes powersfor processing the task, thus the
total power consumption increases as the load on the seryer increases. As such, the key issue
is to design a mechanism to reduce the computational load and improve the energy efficiency
of the MEC server. Since the hub of WBAN user is equipped with its own processing unit,
aside from full offloading to MEC server, the hub can compute partial amount of data locally.
However, the local computation incurs additional cost, such as energy cost, to the WBAN user.
In that case, the MEC server can reimburse. WBAN users for the additional cost by encouraging
them to compute a portion of the task loeally, thereby reducing the overall load on the server.
Towards that end, we examine the economic interaction between the MEC server and WBAN
users in order to control the amount of*eomputational task offloading to the MEC server. We
specifically design a reimbursement scheme that the MEC server must offer to various WBAN

users in order to encourage them to,compute the task locally.

A. Task Model

The hub aggregates all the physiological data packets transmitted by the sensors. Based on
[34], [35], we assume that the data arrival processes at each sensor nodes are independent and
follow Poisson process [36]. Then, the aggregate arrival process of data packets at hub of WBAN
user ¢ € N/is also Poisson process. Let J\; is the data packet arrival rate at hub of WBAN user
1. We denete sthat the packet size (in bytes) of WBAN user ¢ as ;. Thus, the total amount of
data (in bytes) aggregated at hub of WBAN user i € N is

Zi =i\ 6]
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Figure 1: A MEC-assisted healthcare system with a MEC Server and WBAN users

We define the computational task of WBAN user 7 as a\2-tuple < Z;, w; >, where w; is the
computation intensity, i.e. the number of CPU cycles per.second required to compute one byte
of task. If a WBAN user agrees to cooperate, with the MEC server, then it has to execute partial
amount of task locally. Let x; denote the amount'of task (in bytes) that the WBAN user i € N/
decides to compute locally. Clearly, the amount /ofitask WBAN user ¢ decides to compute locally
depends on its computation capacity. Theréfore, the WBAN user 7 € N should satisfy following
constraint,

raw; < f 2)

where f/"** is the total computational resource (CPU cycles/sec) of WBAN user .

B. Communication Model

Each WBAN user uploads its task to MEC server through wireless medium. The task offloading
duration of WBAN wuser is dependent on its uplink transmission rate. Therefore, the uplink

transmission rateg’7; of WBAN user ¢ € A is defined as

vy = Wlog, (1+p > 3)

0—2
where W is the bandwidth, p; is the transmitting power of WBAN user i, H; is the channel

gain, and o2 is the additive white Gaussian noise variance.
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Table I: Basic Notations

Symbol | Physical Meaning
N Number of WBAN users
hy Packet arrival rate of WBAN user«
l; Packet size (in bytes) of WBAN user
1
Z; Total amount of data (in bytes)
w; Number of CPU cycle required for
processing one byte of data
x; Local computing task amount of
WBAN user ¢
fi Computation capacity of ' WBAN user
1
fre® | Total computation,capacity of WBAN
user ¢
T Uplink transmission rate of WBAN
user ¢
Di Transmitting power,of WBAN user ¢
H; Channel gain of WBAN user ¢
eff 7 Task offloading/energy consumption
of WBAN user ¢
T;(-) | Transmissien energy cost of WBAN
user/?
o Unityprice’of transmission energy con-
sumption of WBAN user ¢
T; Effective capacitive coefficient of
WBAN user ¢
L oYl Lower and upper bound of the physi-
ological parameter
8 Health severity index of WBAN user
1
Vi Total cost of WBAN user ¢
k; Reimbursement amount of WBAN
user ¢
Ié] Energy sensitivity of the MEC server
E; Total energy cost of the MEC server
U(-) | Total payoff of the MEC server
S(-) | Social welfare function
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C. Energy Consumption Model

In case of task offloading, the WBAN user consumes energy due to wireless transmission.
The transmission energy consumption is dependent on task offloading amount, uplink rate (r;),
and transmitting power (p;). From Equation (3), the transmitting power,p; is defined as p;, =
H% (2%*1). Therefore, the energy consumption of WBAN user i € N foroffloading Z; amount

of task to the MEC server is

T riH,;

efff _ Zipi _ Z; (2%_1) 4)

Let T;(e?/7) be the transmission energy cost incurred to WBAN user i € A for consuming
eff ! unit of energy during task offloading. In our case, we modelithe transmission cost function
as linear function, i.e.

Ti (27 = aye!? %)

where a; > 0 is the unit price of transmission energy consumption. Note that, one can employ
different cost functions instead of linear function. The analysis remains same until the chosen

function is convex in nature.

Further, Local computing incurs additional emergy cost to WBAN user. Clearly, the energy
consumption of the WBAN user depends‘en the amount of task size, i.e. x;. Further, we denote
fi as the computation capacity (in CPU cyeles/sec) of WBAN user ¢ and f; < f/"**. Therefore,

the total energy consumption of WBAN"aser i € N for local computation is [4],
e = Tiziw; f7 (6)

where 7; 1s the effective eapacitance coefficient and depends on WBAN user ¢’s chip architecture.
7, f? signifies the enefgy. consumption of each CPU cycle [31]. Further, we define computation
energy cost (C;(e5)) of WBAN user ¢ as the energy cost incurred due to consuming ef unit of

energy, i.e.

Ci(€§) = vi(€5)? = i wiwi f} (7)

where ; > 0'is.the unit price of the computational power consumption of WBAN user 7. The
value of 7; depends on the severity of the WBAN user [8], i.e. 7, = f((;), where (; is the
severity index of WBAN user 7. Clearly, for highly sever data the computation requirement is

higher than the less server data, thus the value of ~; is higher for highly sever data. The severity
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of medical data, (;, can be expressed as [24],

(DY — @;)* — (D; — )?

STl 1 e

®)

where ®; is the measured value of particular physiological parameter of WBAN user i. ¢ and
Y are the lower and upper bounds of the that physiological parameter; respectively [37]. The

severity index plays an important role when the WBAN user takessitsyoffloading decision.

D. WBAN User’s Payoff

In this subsection, we quantify the benefit that each"WBAN user receives if they agree to

cooperate with the MEC server and execute the task,locally.

First, we consider the scenario where the WBAN user decides not to cooperate with the MEC
server. In that case, the WBAN user offloads its task completely to the MEC server, i.e. z; = 0.
The cost incurred to the WBAN user is due to theytransmission energy cost (7;). Also, each user
pays mandatory subscription fee to MECsserver for availing service. We denote I'; > 0 as the

subscription fee of user i. Thus, the aggregated cost of WBAN user 1 is

Vit T + Ti(Z:)
o Zip;
=T, 4P ©)
T
When the WBAN user_agrees to cooperate, it receives reimbursement from the MEC server
for its local execution/task amount (z;). Let k; denote the reimbursement amount that the WBAN
user ¢ receives from the MEE server. On the other hand, each WBAN user incurs additional

computation energy cost (C;) for computing task locally which depends on the task amount z;.

Therefore, the total cost.of WBAN user ¢ when opt for local computation is,

Vi=T +Ty(Z; — x;) + Ci(w;) — K

Oéz'pi(Zz' - Iz)

+yriaiwl f = ks (10)
T

=TI+
The payoff of WBAN user is defined as the profit gain when the WBAN user decides to
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cooperate with the MEC server and opts for local computation. Mathematically,

VVI‘(%‘, kz) =V’ - Vi

]

Q;T5P;

— yriatwl f (11)

(2

= ki +

7
Note that, when the WBAN user choses not to cooperation the values,are k= 0, and x; = 0.

In that case the payoff (17) of WBAN user i is zero, i.e W =/0.

E. MEC server Payoff

The main aim of the MEC server is to reduce its own computational load. This can be achieved
by encouraging WBAN users to execute the computational task locally and offering appropriate
reimbursement to them.

First, we consider the case when no WBAN user agrees to the MEC server and offloads its
full task to the server. In that case, the MEC serveriecomputes all the task on its own. The total

energy cost incurred to the MEC server is

E) =8> V7 (12)

where > 0 is the energy sensitivity of (the?MEC server, i.e., the cost of energy consumption
per byte of the task.

Second, we consider the situation when all the WBAN users agree to cooperate. In that case,
the total amount of task offloaded (to.the, MEC server from WBAN user ¢ is Z; — x;. Along with
that, the MEC server pays k; amount to WBAN user 7. Therefore, the total cost incurred to the

MEC server is
N N

E =8> (Zi—x)+ > ki (13)

i=1 i=1
Finally, the payoff of the MEC server is defined as the cost saving due to cooperation of

participating WBAN"users. Therefore, the payoff of the MEC server is
N N
Ukx)=E —E =8> x;— Y k (14)
i=1 i=1

where K; = (ky)icn» Xi = (2;)ien. Clearly, when no WBAN user agree for local execution of
task, i.e. z; = 0'and k; = 0, the payoff of MEC server (U°) is zero, i.e. U° = 0. Therefore, for

successful cooperation the MEC server needs to offer proper reimbursement (k;) to each user.
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FE. Social Welfare Maximization

The success of collaborative framework is measured through the welfare the generated by
individual participating entity [38]. Therefore, in our framework we considér social welfare as
an important parameter. The social welfare is defined as the aggregated payoff of,the MEC server

and all the participating WBAN users [39], i.e.

N
S(x) = Uk,x)+ > Wia, k;) (15)
=1

N N a,zip
1L 2.2 9204
:55 $i+g [——%Tixiwifi
- X T
=1 =1

Note that, in Equation (15), since the payment term (%;) is,canceled out, the social welfare
(S(+)) is function of only x;. Our main objective iS to~maximize the social welfare generated

through the collaboration. Therefore, the social welfare maximization problem is

max S(x) (16)

G. Problem Formulation

We are interested in the following preblem in MEC-assisted healthcare systems: i) how much
incentives (k;) should the MEC server offer to the WBAN user ¢ to encourage collaboration.
i1) Based on the incentives, how ‘much) amount of task the WBAN user should opt for local
computing, i.e. ;.

The above mentioned issues are challenging because there is no incentive terms in social
welfare function (S(x)). Solving the social welfare maximization problem (Equation (16)) will
not provide the optimal reimbursement amount. Thus, leveraging on the Nash Bargaining theory,
we follow a bargaining framework to model the interaction between the MEC server and all the
participating WBANuusers. Specifically, we follow one-to-many bargaining game [25], [26] for
our scenario. Further, based on how MEC server should interact with the WBAN users, we
investigate’ twondifferent bargaining protocols. First, we analyze the protocol using sequential
bargaining problem and thereafter, model it using concurrent bargaining. We obtain the closed
form Nash bargaining solution (NBS), i.e optimal task computing and offloading amount and

corresponding optimal reimbursement amount, for both the bargaining problems.
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IV. SEQUENTIAL BARGAINING

In this section, we discuss the interaction between the MEC server and all the WBAN users
using sequential bargaining protocol in details and discuss the NBS for the,sequential bargaining
problem. In sequential bargaining, the MEC server interacts with the WBAN usérs sequentially
based on a fixed pre-defined sequence and there is no interaction between,the WBAN users. At
each step, the MEC server bargains with one WBAN user which' can be modeled as one-to-one
bargaining problem. Thus, first we analyze a simple scenario where the MEC server bargains
with one WBAN user, i.e. one-to-one bargaining, and find some insightful results. Thereafter,

we extend this result and investigate the generalized multi-WBAN user bargaining case.

A. The Single-WBAN user case

In this subsection, we analyze the interaction between the MEC server and only one WBAN
user using Nash bargaining theory. The MEGC, server offers incentive to the WBAN user ¢ for
the amount of task it choses for local execution. If'the WBAN user refuses to accept the offer
from the MEC server, then the payoff of both thet WBAN user and the MEC server is zero, i.e.
WP =0 and U° = 0, where (W?,U”) is alsoyealled as the disagreement point. Further, when
both entities agree to cooperate, the payoff of the WBAN user (W;(-)) and the MEC server
(U(+)) can be calculated using Equations_(1'1) and (14), respectively. Then NBS of the 2-person

bargaining problem can be obtainedsby solving the following optimization problem

max (/BLL’Z = k’l) (k‘ + Qilibi VTR w2f4)
fmax

7

s.t. z; € { } ki >0 17)

The constraint on z; signifies the upper bound on the amount of task offloading (from Equation

(2)). The NBS of the above optimization problem is presented in following theorem.

Theorem L.The NBS (z},k}) of the optimization problem (17) is

1) ’l

. ' ﬁ_ % fimax
x; = mm{Q% 02 } (18)
1 ;] p 1
k¥ = =Byt — Lt ; Zw? 19
(2 2/8:[:7, 27.2 + 27 ( ’L) wlfz ( )
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Proof. Using the concavity and monotonicity property [40] of the logarithm function, we can
transform the objective function of the optimization problem (17) into an equivalent and more

tractable form, i.e.,

max In (ﬂ:z:i — kz) +In (kZ + Qidibi ViT; x2w2f4)
@i ki Ty
fmax

i

s.t. z; € [ ] ki >0 (20)

To solve the above optimization problem first we fix the values,of (2;,y;) and solve for k;.

For notational simplicity, we define

h(k;) = In (Bz; — k;) +In (k + O"'fip P e ? ff)

The first-order derivative of h(k;) with respect to’kjnis

dh_ -1, 1
dk; Py — ki ki + SN 20 20? f

Setting dh to zero, we obtain the closed-form,expression of optimal %; as,

;P! 2 9.4
iTi (L5 I 21
ol 27 2 () w} f; 21

1
= 55%

Further, by substituting the expressiontof £’ in optimization problem (20), we obtain the

problem in terms of x;, i.e.,

(22 1
max 21y ( B+ = 5%@2(%)%%;‘)

. Y {0, Al ] 22)

%
We can obtain the optimal value of x; by setting the first-order derivative of objective function

to zero. The closed-form expression of optimal x; is,

/6 _ 'Lpz
27} 2f4

Since the /r; hastan-upper bound, the optimal z; must lie within the feasible region of z;.

*
T, =

Therefore, the optimal z; is

/B _ Qipg fmaq;
¥ = min I U
(A 2,,,2 £4°
2w [ w;
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Substituting the expression of z} in the expression of k; in Equation (21), we obtain the

closed-form expression of optimal k; as specified in Equation (19). [

Remark: The reimbursement term, specified in Equation (19), after some algebraic manip-
ulation can be rewritten as k} = A; + 1[Bz] + auip;/ri — viti(a}) wi i) where A; =
it (x)?wi f — axip;/r;. Further, using Equation (15), we can write k} in terms of social
welfare function, i.e. K} = A; + %S (x;). This signifies that the reimburseé,amount to the WBAN
user covers the aggregated cost A; and half of the social welfaresgenerated due to the collabo-

ration.

B. The Multi-WBAN user case

We now investigate the bargaining scenario in multi-WBAN user case, i.e, between the MEC
server and N WBAN users. The MEC server bargains with WBAN users for optimal x; and
k;. Since the MEC server bargains with each WBAN user sequentially, the bargaining problem
can be envisioned as /N coupled single-WBAN, user case. Now, we derive the NBS for the
multi-WBAN user scenario.

First, we formulate a sequential bargaining problem for stage i, where the MEC server has
already negotiated with previous ¢ — 1 /users and starts bargaining with WBAN user i € N.

According to Nash bargaining theory/ the bargaining problem at stage 1 is,

maxa(Oy — UY) (W; — W)

st x; € {0, f—]k >0 (23)

)

where U; is the payoff of MEC server at stage ¢ and U} is the disagreement point. The
disagreement point of MEC server is the aggregated payoff obtained from previous 7 — 1

bargaining scenarios. From Equation (14), we obtain

i—1 i—1
UP =8> a7 => k (24)
j=1 j=1

If the MEC server and WBAN user ¢ agree to collaborate, the payoff of MEC server after

stage 1 is,

i—1 i—1
Ui=B8Y ;=Y K +Bxi—k (25)
j=1 j=1
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From Equations (24) and (25), the payoff gain of MEC server at stage ¢ is
Uy — U = Bx; — k; (26)

The disagreement point W of the WBAN user 7 is W = 0, since the WBAN user will not
receive any payoff if it disagrees with the MEC server. The payoff off WBAN user W; when
the agreement is reached, is same as the payoff expressed in Equation (11). Substituting the

expressions of U;, U?, W; and W7 in the optimization problem (23), we get

QG TPy

)

fimax

)

2 9 92,4
— YT xiwi.ﬂ‘)

s.t. x; € [0, ],ki >0 27

Clearly, the above optimization problem (27) is same ‘as_the optimization problem (17) formu-
lated for the single-WBAN user case. Therefore/the NBS of the optimization problem (z}, k)
is similar to results obtained in Theorem 1. The reimbursement amount £} for the WBAN user
1 is aggregated sum its cost and half of the social welfare generated by the collaboration. In
other words, the social welfare is equally shared between MEC server and WBAN user which
signifies that the sequential bargaining is fair.

Further, we obtain an important relation,between sequential bargaining problem (27) and the
social welfare maximization problem/(16)in terms of amount of task computing (z;) which is

presented in the proposition below,

Proposition 1. The optimal x} obtained from sequential bargaining problem (27) also maximizes

the social welfare optimization problem (16).

Proof. As discussed above; each step of sequential bargaining problem (27) is similar to the case
of single-WBAN user bargaining problem (17). Therefore, from (22) the optimization problem

which is represented’in the form of (z;,y;) and can be rewritten as,

(xF,y7) arg max (ﬁxi + Qi — fyﬂ-f:cfwisz> (28)

(zi,y:)€EX; T
where X, is the feasible region which satisfies all the constraints of optimization problem (17),

i.e,
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Our objective is to show that the z} also maximizes the social welfare function\S(x). From

Equation (15), the social welfare function is

N N
QT P;
S0 = 53 i+ 3 |2 —rtatued
i=1 i=1 v

N

Qi LiPi
> {Baw T,p —wfx?w?f{*] (29)
i=1 v

NE

Si(z;) (30)

1

(2

where Sj(z;) = Ba; + “HE — y;r2a7w? f is the sociabuwelfare generated due to collaboration

)

i

between WBAN user 7 and the MEC server. Now,ithe Equation (28) can be rewritten as,
x] = arg max S;(z;)
x,€X;
Therefore, the solution of the sequential bargaining problem also maximizes the social welfare

function specified in Equation (16), This concludes the proof. [l

From Proposition 1, we conclude that theéssequential bargaining maximizes the social welfare,
and hence Pareto-efficient.

Remark: In case of sequential bargaining, the ordering of the WBAN users affects the equilib-
rium point only when the computational load that the MEC server targets to reduce is less than
the maximum possible load reduction can occur by cooperation of all the participating users.
In that case, the MEC server.doesn’t have to bargain with all the participating users and the
sequencing plays a huge role for the final output. However, in our case the MEC server has
no load reduction target and the server tries to minimize its load as low as possible. Therefore,
the MEC server bargains with all WBAN users and the ordering has no effect on the solution.
Theoretical analysis, of proposed sequential bargaining protocol is given in the Supplementary

material.

V. CONCURRENT BARGAINING

Now, we discuss the NBS for the concurrent bargaining problem in detail. In case of concurrent

bargaining, the MEC server bargains with all the participating WBAN users at the same time.
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This can be envisioned as N number of 2-person bargaining occurring simultaneously. In this
case, the disagreement payoff of both MEC server and all the WBAN users is zero, i.e., U’ = 0
and W; = 0, Vi € N. Therefore, from Equations (11) and (14), the concurrent bargaining

optimization problem is

xzér/gf}ﬁ};’cz (U(k’ X) - UO) ];Il: (VVZ(I“ kl) p VVZO) (31)
S.t. Xz = {SL’@|I1 S [O’flmam/wz}} (32)

The NBS of the above optimization problem is presentedsinyfollowing theorem.

Theorem 2. The NBS (x*,k*) of the concurrent’ bargaining problem (31) is

k= [wf(wf)zwfff = O“:{—p] (34)
1 < o[, CaiDi 20, %\2, 2 rd
+ N1 ; |:Ba:7, + b~ VT (7)) w; fz:|
x" = argmax S(X) (35)

X

Proof. We transform the objective/function of the optimization problem (31) into an equivalent
and more tractable form by taking legarithm of it. Substituting the expressions of U and W;
from the Equations (11) and (d4) into the optimization problem (31) we get

N N
max I [B) xi— ) k] (36)
1=1 1=1

(@1,yi) EXi ki €IC;

N
Q5 P;
+ I [’f + Tp - %-fo?w?ff]
i=1

7

s.t. (32),(33)

We solve the above optimization problem using similar method that we use for concurrent
bargaining problem in Theorem 1. First, we solve the problem for k; by fixing the values of x;.

Setting the first-order derivative of objective function of optimization problem in (36) on k; as
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zero, we obtain
-1 1

- -0
Ty — R i
zﬁ{m+—ﬁ&—%ﬁﬁwwﬂ

Solving the above set of N equations and after some algebraic manipulation, we‘get

k= [rbtat g - 22
L7
1 al QT P;
+N:7i1Pﬁ+ Q;“Jmﬂﬁﬁﬁﬁ}

Further, substituting the expression of £; in objective function of optimization problem (36),

we get

N
N+1)1 i N N PR RN 37
(xnﬁ}éx( +1) H[N—i—lizl(ﬁxl—i_ m vi1i (x]) w; f; (37)

We can rewrite the above optimization problem (37)nas

N

max x; +
(z5,yi)EX; ; {ﬁ

%%“—%ﬁwﬁ%ﬁﬂ (38)

T

Clearly, both the optimization problems.(37)wand (38) are equivalent. Further, from the defi-
nition of social welfare function in Equatioen (15), we can rewrite the optimization problem (38)
as

o)

The optimal solution of the above ,problem is solution to the social welfare maximization problem.

This concludes are our proof. [

Remark: From the results,of Theorem 2, we observe that the NBS solution (z}) of concurrent
bargaining maximizes the social welfare function (S(-)), which is same for sequential bargaining
(as specified in Propesition 1). Thus the outcome of the concurrent bargaining is Pareto-efficient.
Further, the reimbursement amount (), as specified in Equation (34), is divided equally between
all the WBANjusers and the MEC server and each gets 1/(/N + 1) fraction of the social welfare
generated dueyto the collaboration. Thus, the concurrent bargaining generates fair outcome and
encourages WBAN users cooperate with the MEC server. Theoretical analysis on the concurrent

bargaining protocol is given in the Supplementary material.
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VI. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the proposed bargaining schémes while com-
paring with existing benchmark schemes. We simulate the proposed frameworkmusing MATLAB

simulator.

A. Simulation Settings

We consider a geographic region of area 2 km x 2 km, where,the MEC server is located
in the center and WBAN users are randomly located within the region. Each WBAN user
is equipped with 8 physiological sensors and a hub. For beyond-WBAN communication, i.e.
between WBAN user and MEC server, the path loss model-we“€onsider is 128.1 + 37.6 log,, d,
where d is the distance in meters. The bandwidth is"W/ = 10 MHz and noise power density is

0% = —169 dBm/Hz. All the other simulation parameters ate listed in Table II.

Table II: Simulation parameters

Parameter Value
Number of WBAN users 50-250
Task size [100-500] KB [6]
WBAN user severity index [0.1-1] [35]
MEC server energy sensitivity [0.1-1]
Computation capability of WBAN user [0.2-1] GHz [32]
Computation capability of MEC server 25 GHz
WBAN user battery capacity 1000 J
Transmittingspower,of WBAN user 100 mW

B. Evaluation Matrices

To evaluate the performance of proposed scheme, we consider following evaluation matrices.

e Social welfare:*Social welfare S(-), as defined in the Equation (15), is defined as the sum
of payoffs jof the MEC server and all the WBAN user. We use this metric to show the
effectiveniess of collaboration and the willingness of WBAN users to cooperate with the
MEC seryer.

o MEC server’s payoff: The MEC server payoft U (), as defined in Equation (14), is defined

as the cost reduction due to the cooperation of WBAN users. Using this metric, we capture
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the MEC server computation load reduction and the corresponding computational energy
consumption cost of MEC server.

« WBAN user’s payoff: The payoff of WBAN user (W;(-)), as specified in Equation (11), is
defined as the profit gain of WBAN user due to the collaboration. IT the payoff is negative,

then the WBAN user will not agree to collaborate.

C. Benchmark Schemes

To evaluate the performance of the proposed bargaining scheme, we ecompare the results with

three existing benchmark schemes.

o Full offloading scheme (FOS): In this approach, there i§ no local execution and all the
WBAN users offload their to the MEC. Therefore, all the,computational tasks are executed
at the MEC server end.

o Potential game-based scheme (PGS). In PGS, [6], all the WBAN users decide their best
strategy whether to offload or local execution with an aim to minimize individual energy
consumption. This scenario is modeled using weighted potential game which guarantees
one pure strategy Nash equilibrium (NE):

o Two-stage computing offloading strategy (TCS): In TCS scheme [32], the computation
offloading problem is divided into two stages. In the first stage, the WBAN users through
potential game decide the offloadingidecision based on their task priorities. In the second
stage, the MEC server decides_theycomputing resource for the offloaded tasks.

o Energy-efficient dynamic offloading (EDOR): In EDOR scheme [5], an optimal energy-
efficient offloading and resource scheme is proposed. In the proposed scheme each user
determines the optimal| offloading decision by jointly considering both local and server

computation costs.

D. Results and Discussion

To evaluate the 'performance of the proposed bargaining protocols, we compare the social
welfare generatéd under proposed bargaining protocols with benchmark schemes in Figure 2.
We vary the number of WBAN users from 50 to 250 and calculate the social welfare values. As
explained abaove, the social welfare is an aggregated payoff of all participating entities, i.e. in our
case the MEC server and all the WBAN users (as explained in the Equation (15)). In the case

of the FOS scheme, the social welfare value is zero. This is because the MEC server bears all
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the computational cost and their no cooperation from WBAN users, thus the payoff gain of both
the MEC server and WBAN users is zero. From Figure 2, we observe that both the proposed
bargaining protocols maximize the social welfare than EDOR, PGS, and TCS ‘schemes. This
is because in the proposed bargaining schemes the WBAN users are encouraged td cooperate
through proper incentivization which maximizes the social welfare functign'significantly. Further,
the social welfare value is the same for both concurrent and sequential bargaining schemes. This
is because the NBS solution of both the bargaining protocols, ile. z], are equal and maximizes
the social welfare function, as specified in Proposition 1 and Theorem.2; respectively. Thus, we

infer from Figure 2 that the solutions of the proposed bargaining schemes are Pareto-efficient.

TCS s

PGS . . :

500 EDOR AR -l - -+
Sequential —— ' ! >

Concurrent

,,,,,,,,,,,,,,,,,,,,,,,,,

8

Social Welfare
w
3

8

8

o

50 100 150 200 250
Numberof WBAN users

Figure 2: Comparison of social welfare

In Figure 3, we show the impact of the number of WBAN users on the MEC server’s payoff.
We also vary the energy sensitivity'of the MEC server, 3, to analyze its impact on the payoff gain
of the MEC server. The proposed,sequential bargaining scheme is compared with the existing
benchmark algorithms. The results indicate that the payoff of the MEC server is higher than the
benchmark schemes. Efom Figure 3(a), we observe that when the number of WBAN users is 100,
the MEC server payoff in the proposed bargaining scheme is 44.3%, 45.15% 51.4%, and 56.1%
higher than the PGS, EDOR, TCS, and FOS schemes, respectively. In the PGS scheme, the
participating WBANwsers try to minimize their own energy cost without considering the energy
consumption cost of the MEC server, hence offloads more tasks to the server. This causes more
computationaljload on the MEC server. In TCS scheme, the users compete with each other and
offloads task te the MEC server, which leads to a lower payoff of MEC server. Similarly, in the
FOS scheme, the MEC server executes all the tasks from all the participating users, which incurs

lesser payoff gain for the MEC server. Further, from Figure 3(a), we observe that as the number
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of WBAN users increases, the payoff of the MEC server decrease. This can be attributed to the
fact that the amount of load executed by the MEC server increases as the number of WBAN
users increases. Also, the reimbursement amount paid by the MEC server increases. Thus the
overall cost of the MEC server increases, thereby decreasing the overall payeff gain of the MEC
server. Further, the energy sensitivity of the MEC server is an important/parameter of the MEC
server’s payoff. Energy sensitivity corresponds to the cost of energy.consumption of the MEC
server per byte of the task. Comparing Figures 3(a)-3(c), we observe that with the increase in
the energy sensitivity of the MEC server from 0.1 to 0.5 and from:0:5,t0 0.9, the payoff of the
MEC server decreases. For example, in the case of 100 participating WBAN users, when the
energy sensitivity increases to 0.5 and 0.9, the payoff of the MEC server in proposed bargaining
scheme decreases by 55.14%. This is because the MEC sérver. computation cost is proportional
to the energy sensitivity factor (), as specified in the Equation/(14). Hence, the payoff decreases

as the energy sensitivity of the MEC server increases.
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Figure 3: MEC server payoff versus number of WBAN users for different energy sensitivity values

Figure 4 depicts the impact of the WBAN user’s severity index on the MEC server payoff. In
the simulation, the total number of WBAN users is fixed to 150. From Figure 4(a), we observe

that as the severity index of the WBAN users increases, the overall payoff gain of the MEC

April 30, 2022 DRAFT



24

server decreases. This is attributed to the fact that with an increase in severity index the local
execution cost of the WBAN user increases (as specified in Equation (7)). Thus, the users always
try to offload the task to the remote MEC server, thereby increasing the load of the MEC server.
Hence, the payoff gain of the MEC server decreases. Another observation‘in Figure 4(a) is that
the payoff of MEC server using sequential bargaining scheme is always figher compared to the
PGS, EDOR, TCS, and FOS schemes. This is because in the proposed scheme the MEC server
tries to minimize its computational load by encouraging participating WBAN users to opt for
local execution through proper reimbursement. This encourages WBAN-users with less severity
index to compute the task locally instead of full offloading. However, in the FOS scheme, all
the WBAN users offload the task to the MEC server. Similarly; in the case of the PGS and TCS
schemes, the WBAN users only maximize their payoff by offloading tasks to the MEC server,
thereby increasing the computational cost of the MEC.server. Further, we analyze the impact
of each WBAN user’s task size on the payoff of the MEC server. Comparing Figures 4(a)-4(b),
we observe that as the task size of WBAN users increases, the WBAN users offload more to
the MEC server. Therefore, the computationalvenergy consumption of the MEC server increases

which eventually decreases the MEC server’s«payoff significantly.
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Figure 4: MEC server payoff versus WBAN user’s severity index for different task sizes
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In a practical scenario, WBAN users are heterogeneous in terms of their computational
capability of the hub. For example, some WBAN users may have a smartphone as their hub
and others have a tab or laptop as their hub. The computational capability of the hub plays a
major role in the decision of how much amount of data the user should decide for local execution.
In Figure 5, we show the variation in the MEC server’s payoff for varying/€omputational capacity
of the WBAN users and the incoming task size. In the simulation,,we have fixed the number
of WBAN users to 50. From Figure 5(a), we observe that as the computational capability of
WBAN users increases the payoff of the MEC server increases. Thisis.because the WBAN users
having more computational capacity opt for more local execution and decrease the offloading
amount. Therefore, the overall payoff of the MEC server increases. Also, the payoff obtained
from the proposed sequential bargaining scheme is always higher than the benchmark schemes.
While we compare the Figures 5(a) and 5(b) corrésponding<to different task sizes, we notice
that the increase in task size reduces the payofffof the MEC server. Clearly, as the task size
increases, the offloading amount of WBAN users increases, which in turn, decreases the payoff

of the MEC server.
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Figure 5: Impact of WBAN users CPU frequency on MEC server payoff for varying task size

Finally, we analyze the effect of variation in the severity index and the CPU frequencies on
the average payoff of the WBAN users in Figure 6. The total number of WBAN users is fixed to
50. We have compared our proposed sequential bargaining scheme with EDOR, PGS, and TCS
schemes, since in the \FOS scheme the WBAN users offload their total task to the MEC server
and there s no.provision of local execution. In Figure 6(a), we observe that the increase in the
severity indexydecreases the WBAN users’ average payoff. Clearly, for the less severe data, the
computational cost of WBAN users is less. Thus, the WBAN users opt for local execution and

receive reimbursement from the MEC server. However, as the severity increases, the WBAN
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Figure 6: Payoff of WBAN users when varying severity index

users offload the data to the MEC server that reduces the reimbursement amount of the WBAN
user. The payoff received by the WBAN users in the bargaining scheme is always than the PGS
and TCS schemes. Comparing the Figures 6(a) and 6(b); we ©bserve that, as the computational
capacity (CPU frequency) of the WBAN users increases, the WBAN users opt more for local

execution and receives higher reimbursement, which in turn, improves the payoff of the WBAN

users.

VII. CONCLUSION

In this paper, we focus on the computation’energy minimization problem of MEC server
which is the foundation for the establishment of sustainable MEC-assisted healthcare networks.
Specifically, we aimed in minimizingithe/computational load of the MEC server that are of-
floaded from the WBAN users. Fortthat, we propose an economic interaction model where the
MEC server encourages participating, WBAN users to opt for partial offloading instead of full
offloading. Each WBAN user/decides the amount of task it opts for local execution and the
amount of the task it/offloads to the MEC server. Based on the amount of the task opted for
local execution, the MEC server provides reimbursement to the WBAN user. We model this
interaction using the Nash bargaining theory and derived a closed-form expression of the NBS
for two different bargaining protocols, i.e. sequential and concurrent bargaining. Our numerical
results show that the proposed bargaining protocol is Pareto-efficient and fair. Further, from the
simulation, we&yobserve that the proposed scheme offers better payoffs to both the MEC server
and all the WBAN users compared to the existing benchmark schemes.

In the future,” we plan to extend our work for a multi-MEC server environment where the

MEC servers are owned by different owners and the participating WBAN users are strategic
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in nature. In such a scenario, there exists competition between MEC server owners for payoff

maximization. This has a direct impact on the bargaining solution which is an interesting aspect

we left for our future work.
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