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ABSTRACT This paper addresses the critical challenge of optimizing resource allocation for task offloading
in blockchain-enabled mobile edge computing (MEC), aiming to minimize total energy consumption
within wireless networks equipped with edge servers (ESs). We propose a novel joint resource allocation
framework that integrates task offloading and blockchain processes within MEC, formulating it as a mixed-
integer nonlinear programming (MINLP) problem. The solution assigns mobile terminals (MTs) to ESs
and optimally allocates computational resources at ESs for both task computation and block generation. To
manage the complexity of this optimization, we employ a two-stage dual decomposition approach. Initially,
the problem is separated into subproblems for MEC and blockchain functionalities. These subproblems are
further decomposed across ESs and MTs, enabling us to derive analytical solutions for optimal computational
frequency allocation for both task offloading and blockchain operations. Leveraging these insights, we
develop two low-complexity algorithms, which utilizes a greedy assignment strategy for MTs to ESs, and
optimally allocates computational frequencies within the MEC and blockchain components. Performance
evaluation results demonstrate the effectiveness of these algorithms, achieving significant reductions in total
energy consumption while maximizing the efficiency of communication and computational resources. The
approach also contributes to reducing network outage probability. This work presents a promising framework
for developing resource-efficient blockchain-enabled MEC systems, positioning it as a scalable solution for

future wireless networks.

INDEX TERMS Mobile edge computing, blockchain, optimization, task offloading, resource allocation.

I. INTRODUCTION

OBILE terminals (MTs) have recently encountered

computation-intensive applications like virtual real-
ity, IoT services, online interactive games, speech, and face
recognition [1]. To address these challenges, mobile edge
computing (MEC) has emerged as a promising solution. MEC
involves offloading tasks from MTs to nearby servers called
edge servers (ESs). This offloading strategy not only con-
serves the computational resources of MTs but also ensures
that offloaded applications receive the required quality of
service, particularly tolerable latency for delay-sensitive ap-
plications [2].

In contrast to centralized cloud computing, where cloud
servers are far from MTs, leading to network congestion
and high offloading delays, MEC offers several advantages.
Firstly, MEC reduces the distance between the cloud and
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MTs, thereby enhancing overall bandwidth throughput. Sec-
ondly, MEC enables MTs to communicate with ESs through
cellular communication protocols, further improving the ef-
ficiency of the network. Additionally, the number of ESs in
MEC can be increased compared to centralized cloud com-
puting, providing a more robust and scalable solution.

Blockchain, alongside MEC, has been proposed to enhance
the security and privacy of task offloading [3]. Blockchain is
a distributed digital ledger that facilitates secure, transparent,
and tamper-proof transactions within a network. This ensures
that data and parameters on task offloading remain unmod-
ified and protected from eavesdropping, utilizing security-
based operations within the blockchain system. Data and pa-
rameters are stored as transaction records on the blockchain.
Unlike traditional centralized ledgers, blockchain operates as
a distributed ledger system, maintaining transactions on a
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peer-to-peer network [4]. In essence, transactions are repli-
cated across multiple nodes in a transparent, traceable, and
secure manner. For instance, blockchain-enabled MEC can
provide a secure framework for computing-based applica-
tions such as decentralized machine learning [5], crowd-
intelligence ecosystem [6], security management [7], smart
grid [8], and smart city applications [9].

The distributed structure of both MEC and blockchain
drives the integration of these technologies to meet the qual-
ity of service requirements in next-generation services, as
highlighted in [10]. In the context of MEC, transactions
could encompass identifiers of MTs, functions of offloaded
tasks, results returned to MTs, and so on. The optimization
of resource allocation in a MEC system integrated with a
blockchain system is a research area that has been explored in
the literature. Researchers have addressed this problem using
various techniques, including reinforcement learning (RL),
game theory, heuristic approaches, and optimization methods.

A. RELATED WORK

A joint optimization of task offloading and user privacy
preservation has been modeled as a Markov decision process
in [11], [12] and a deep RL algorithm has been developed
to make the best decisions. Similarly, in [13], a deep RL-
based computation offloading scheme has been proposed to
ensure the reliability and efficiency of vehicle-to-vehicle task
offloading. A collective RL algorithm has also been adopted
in [14] to adaptively allocate resources. An online learning-
based secure task offloading algorithm has been proposed in
[15] to learn the long-term optimal strategy of vehicles.

Furthermore, in [16], a deep RL-based algorithm has been
developed to derive task offloading decisions for a multi-user
with multi-task MEC system. A cost minimization scheme as
a weighted sum of energy and delay has been proposed using
DDOQN in [17]. A distributed RL has also been proposed in
[18] for edge computing based on a consortium blockchain.
However, deep RL-based offloading approaches face chal-
lenges such as slow convergence and stability due to the high-
dimensional action space and time-varying environments. In
the training process, each agent only observes its local infor-
mation without access to information from other agents.

An auction based task offloading of MTs has been mod-
eled as a Stackelberg game in [19] for blockchain-enabled
edge computing. A game was adopted to model interac-
tions between an edge cloud operator and MTs to obtain
the optimal resource price and devices’ resource demands. n
[20], a cooperative game-theoretic solution was developed to
model the competition among MTs in offloading and mining
as a potential game. Despite these contributions, auction-
based and game-theory approaches lack the ability to adapt to
changing environments and, therefore, cannot achieve long-
term performance.

Resource allocation for blockchain-based MEC has also
been addressed using analytical and heuristic optimization
techniques. In [21], a joint resource allocation optimization
to minimize a weighted sum of ESs consumption energy
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and latency has been formulated as mixed-integer nonlinear
programming problem. In [22], a blockchain-based video
streaming system with MEC has also been provided in [22]
to design an incentive mechanism to facilitate collaboration
among content creators, video transcoders, and consumers.

Resource allocation for blockchain-based MEC has also
been addressed using analytical and heuristic optimization
techniques. In [21], a joint resource allocation optimization
problem was formulated to minimize a weighted sum of
energy consumption and latency of edge services. In [22],
a blockchain-based video streaming system with MEC was
proposed to design an incentive mechanism for collaboration
among content creators, video transcoders, and consumers.
A non-cooperative game has also been employed to model
MEC-based mobile blockchain networks in [23]. A new con-
sensus algorithm called IPBFT for task offloading has also
been proposed in [24].

Furthermore, a non-dominated sorting genetic algorithm
was adopted in [25] to generate strategies for balanced task
offloading of IoT devices. In [26], the Lyapunov optimization
technique was applied to control computation and communi-
cation costs in a blockchain-enabled IoT-edge-cloud comput-
ing architecture. In [27], task offloading from IoT devices to
MEC and a private blockchain via aided drones was inves-
tigated. However, heuristic optimization techniques do not
guarantee the optimal solution, while analytic optimization
techniques suffer from high computational complexity.

B. CONTRIBUTION

The integration of MEC and blockchain as computation and
communication-intensive systems has been proposed in the
literature. In particular, tasks offloaded to a MEC system
require efficient resource allocation to meet the quality of
service requirements of applications while minimizing energy
consumption. On the other hand, in the blockchain system,
transactions are grouped into units called blocks and stored in
network nodes. This also necessitates the allocation of com-
puting resources for block generation. Both systems involve
resource-intensive operations, but their resource allocation
designs have been addressed separately in the literature [4],
[12], [28]. This approach may lead to suboptimal solutions.
Notably, blockchain has been considered as an overlay system
above MEC.

The unique design of MEC and blockchain leads to ineffi-
cient resource allocation throughout the system. This results
in high latency for task offloading and block generation, as
well as high energy consumption. To address this gap, we
present a joint optimization approach that optimizes both
computation and communication resources for MEC and
blockchain systems.

In particular, our work is different in that we not only
consider the energy consumption of ESs but also the energy
consumption of MTs for data transmission to ESs via wireless
channels. This is crucial because MTs are battery-powered,
and minimizing their energy consumption should be a part of
the objective function for resource allocation. Additionally,
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we extend the previous work by considering a maximum tol-
erable delay associated with each task completion and a max-
imum tolerable delay for block generation in the blockchain
system. Here are the key contributions of this paper:

1) We derive the offloading delay and energy consumption
associated with task offloading and block generation
within the context of blockchain-enabled MEC.

2) We model the joint allocation optimization of com-
munication and computation resources for blockchain-
enabled MEC to minimize total system energy con-
sumption while satisfying maximum tolerable delays
for each offloaded task completion and block genera-
tion in the blockchain system.

3) To address the complexity of the resource allocation
problem, we decompose it into two subproblems using
dual decomposition. One subproblem involves resource
allocation in MEC, while the other involves resource
allocation in the blockchain system for block genera-
tion. The subproblem associated with MEC is further
decomposed over ESs, and an analytical solution is
derived to allocate computation frequency to offloaded
tasks. The subproblem associated with block genera-
tion in the blockchain system is also analyzed.

4) Based on the analysis of derived subproblems, we
propose two low-complexity optimization algorithms
for resource allocation in blockchain-enabled MEC
system. An intelligent assignment of MTs to ESs is
performed and the allocated computation frequency to
each MT is computed. Additionally, an ES that is re-
sponsible for block generation in the blockchain system
and the amount of required computation frequency are
determined accordingly.

Furthermore, the computational complexity of the pro-
posed algorithms is analyzed and compared to the complexity
of the optimal solution. Numerical simulations are conducted
to evaluate the performance of the proposed method.

The remainder of this paper is structured as follows: Sec-
tion II presents the system model encompassing communica-
tion, computation, and blockchain models. Section III delves
into the proposed joint optimization approach, encompassing
the problem formulation and analytic solution. In Section
IV, two low-complex resource allocation algorithms are pre-
sented, along with their computational complexity analysis.
Section V presents numerical results for performance com-
parison. Finally, Section VI draws conclusions.

Il. SYSTEM MODEL

We consider a MEC system, as depicted in FIGURE 1. In
this system, we have a set ' = {n : n = 1,...,N} of
ESs situated at an equivalent set of base stations (BSs). In
the first layer of the system, BSs cover a set M = {m :
m = 1,...,M} of MTs positioned randomly in a wireless
network with single hop transmission. Each MT,, handles the
offloading of a task to the system with a data size of D,, bits.
Moreover, the required CPU cycles per bit by a task of MT,,
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TABLE 1. Model Parameters

Parameter Description

M the set of MTs

N the set of ESs

D, task data size of MT,, in bits

Cn computation density of MT,, in CPU cycles

Xm,n the assignment of MT), to ES,, binary variable

Ya the selection of ES,, for block generation binary variable
hin,n channel gain from MT,, to BS,

Qn the set of MTs assigned to ES,

pr transmission power of MTs

o? noise power

B channel bandwidth of BSs

Tim,n transmit rate from MT,, to BS,,

i transmit delay of MT,,

'’ computation delay of MT,,

E transmit energy consumption of MT,,

E," computation energy consumption for MT,,

Smn computation frequency allocated from ES,, to MT,,
F ={fmn} the setof allocated computation frequencies

F, computation frequency budget of ES,,

Iy blockchain block size in bits

Cp blockchain computation density in CPU cycles

v computation frequency allocated for block generation
K effective capacitance of ESs CPU

th delay of block generation

Ey energy consumption of block generation

Tim maximum tolerable delay for MT,,

Th maximum tolerable delay for block generation

or its computation density is denoted by C,, CPU cycles per
bit.

Alongside the wireless network, in the second layer of
the system, ESs are connected by a high-capacity wired
communication infrastructure. This infrastructure serves as
a blockchain network between ESs, where ESs participate
as blockchain nodes. MTs transmit data of computation-
intensive tasks to ESs via time-varying and fading channel
from MTs to BSs. The computation resources to execute the
tasks are provided by ESs, which are co-located with BSs.
Finally, the outcome of this computation is sent back to MTs.

The defined parameters are summarized in Table 1, and the
problem formulation is done in the following subsections.

A. COMMUNICATION MODEL

The communication channel between MTs and BSs is as-
sumed to follow time-varying and flat-fading channels. Let’s
consider A, , as the channel gain from MT,, to BS,. The
assignment of MT,, to BS,, is denoted by a binary variable
Xm,n. If MT,, offload its own task to ES, via communication
with BS,,, then x,,, = 1, otherwise x,,, = 0. Since trans-
mission for each MT is done only via one BS, we enforce
the constraint Zi:]:l Xmn = 1. Moreover, let’s consider B as
the total bandwidth available at each BS to be divided among
assigned MTs. Considering Q, £ {m : x,,, = 1} as the set
of assigned MTs to BS,;, transmit rate from each MT,, to BS,
is written as

B hm,nPT
rm,n - m 1Og2 (1 + 0_2 ) (1)
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FIGURE 1. System Model

where |(2,| is the cardinality of €2, pr is a constant transmit
power by MTs, and o2 is the noise power. If D,, is the task
data size of MT,, to be transmitted to BS,,, the delay and
consumption energy of this transmission are computed as

N

D
= X )
— Tm,n
n=1
and N
Ey = prigxm, 3)
n=1
respectively.

B. COMPUTATION MODEL
Following the objective of task offloading in MEC, offloaded
tasks to ESs are executed by leveraging their computation
resources. Let’s denote the total computation capacity at each
ES,, as F, in cycles per second. This capacity is allocated to
offloaded tasks m € €2, using predetermined rules to meet the
offloading requirements. If C,, be the required CPU cycles per
bit of MT,,, and f,, , be the allocated computation frequency
to MT,, by ES,, the delay and consumption energy of this
computation are calculated as

N

. CnDin
=" o )

n=1

and

N N
ES" — ZKCmDmf,inxm,n = Z ()sz,inx,m,1 5
n=1

n=1
respectively, where K is ES’s CPU effective capacitance, and
a, £ KC,,D,, is a constant value [21].
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C. BLOCKCHAIN SYSTEM

As mentioned, in addition to the wireless network, there’s a
blockchain network that ensures the security and privacy of
offloaded tasks. Since ESs have sufficient storage and com-
putation resources, they’re considered as blockchain nodes.
These nodes participate in packaging task offloading data
into transactions and then into blocks that are uploaded to
the blockchain system. This process involves two steps: block
generation and consensus. In the block generation step, trans-
actions are collected and a corresponding block is generated.
This step is computationally intensive and can cause delays in
the blockchain system. After block generation, in the consen-
sus process, the generated block is broadcast to all ESs, who
verify it before saving it in the system.

In a blockchain system, we select one ES for block gen-
eration based on reputation-based voting [29]. We define a
binary variable y, to indicate whether ES, is selected for
block generation. If y, = 1, ES,, is chosen, and if y, = 0, it
is not. Since only one node can generate a block, we enforce
the constraint that >>"_, y, = 1.

To calculate the delay and energy consumption associated
with block generation, we define the block size in bits as I
and the required CPU cycles per bit or computation intensity
of block generation as Cj,. If an ES allocates f;, CPU cycles
per second for block generation, we can compute the time
required to generate a block and the consumed energy as
follows:

N
C},Ib
f, = — Y 6
b ;fby (6)

and
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N N
Ey =Y KCplofyyn =Y _ oufiyn. (7)
n=1 n=1

respectively, where a;, = KCyI, is a constant value.

IIl. JOINT OPTIMIZATION

In this paper, we present a joint optimization problem to
minimize the total energy consumption of MEC system en-
compassing the energy of communication, computation, and
the blockchain system.

A. PROBLEM FORMULATION
The objective is to minimize the total energy as

M
Er =) (En+EJ") +Ep ®)
m=1

where the first term is the energy consumed by MTs to
transmit the tasks to BSs and the energy consumed by ESs
to execute the tasks, and the second term is the energy of the
blockchain system for block generation.

The minimization of energy is done while considering the
constraints on the communication and computation resources,
as well as the delay requirements of task offloading and
block generation. Each MT,, is associated with a maximum
tolerable delay, denoted as 7,,. In other words, the sum of
communication and computation delays in (2) and (4) must
not exceed a predetermined threshold 7,,, which is equivalent
to t + 1" < 7. The time required for other operations
such as signaling exchange and returning the results of task
offloading are neglected due to their small values [2]. More-
over, the blockchain system is associated with a maximum
tolerable delay, denoted as 7, for block generation, which is
expressed as t, < Tp.

Considering the introduced objective and constraints, the
problem formulation is presented as follows:

(P1) : x i Er (9a)
sttt < 1, Vm e M (9b)
th < T1p (9¢)
M
> Swfun+yufs <Fn Vne€N  (9d)
m=1
N
> xma=1 VYme M (%)
n=1
N
Y om=1 €h)
n=1
X,Y € {0,1} (9g)
where X = {x,,, :me M,ne N}andY ={y,:ne N}
are the sets of binary variables, and 7 = {f,,, : m €

M, n € N'}isthe set of allocated computation frequencies by
ESs to MTs. Constraints (9b) and (9c) express the maximum
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tolerable delays by MTs and the blockchain system, respec-
tively. Constraint (9d) declares that the total computational
frequencies allocated to MTs and the block generator by each
ES, must not exceed its computation frequency budget F),.
Each MT,, is constrained to be assigned to only one ES as in
(9e), and only one ES is selected for block generation as in
(91).

Problem (9) is nonlinear programming with both binary
and continuous optimization variables. Therefore, it is a
mixed integer nonlinear programming (MINLP), which is
NP-hard with exponential computational complexity and no
analytical solution in general.

To overcome the complexity of problem (9), we relax the
coupling constraints between MTs in (9d) and form a partial
Lagrangian function as

L(XaYvJT'.vﬁhA) é ET (10)
N M
+ Z An (Z xm,nfm,n + Yafn — Fn)
n=1 m=1

where A = {\, > 0 : n € N) is the set of Lagrange
multipliers associated with N constraints in (9d). Substituting
Ep with its equivalent terms in (8), this function is rewritten
as

L(XvYafvfbaA) = (11)
N M
> (Z (prty + Qo) Xmn + abffﬁ)
n=1 \m=1
N M
+ Z An (Z xm,nfm,n + ynfb - Fn)
n=1 m=1
which is equivalent to
L(X,Y,F,fp,A) = (12)
N M
= Z Z (thrtr: + O‘mfrr?,n + /\nfm,n) Xm,n
n=1m=1
N N
+ Z (ahbe + AVLfb) Yn — Z AnFn
n=1 n=1

Optimizing the Lagrangian function with respect to the
primal variables (X,Y, F,f}) yields the dual function

D(A) £, inf LX,Y,F.fy,A) (13)

s Ly

s.t. (9b),(9¢), (%e), (9f), (92) (14)

which provides a lower bound on the optimal solution of (9)

for every feasible variable A [30]. The tightest lower bound
is obtained by the dual problem

max D(A). (15)

Prior to solving the problem in the dual domain, we need to

evaluate D(A) in (13) fora given A > 0. Thanks to the decom-
posable form of L(X, Y, F,f,, A) in (11), we can leverage

5
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dual decomposition to decouple (13) into subproblems across
ESs as

N M
(PQ) : ggl;__l Z Z (thrty: + Oélnfnin + Anﬁn,n) Xm,n

n=1m=1

st. ty +19" <71, VYmeM

N
Z:xmﬂ1 =1, YmeM
n=1

X e {0,1}

and

N
(P3) : Y‘f{l?ffbl D (i + Mfo) v
n=1

st. 1, <1
N
Zyn =1
n=1
Y € {0,1}.

As seen, leveraging dual decomposition, problem (9) has
been decoupled into P and P3, where both are MINLP. These
problems are to be solved in the following subsections.

B. PROBLEM P,

To solve P, for now, let’s assume that binary variables in
X are known. In other words, we assume that the set of
MTs assigned to each BS, is known and denoted by €2,.
Consequently, P> can be decomposed into N subproblems
across ESs, each of which is written as follows:

min Y priy+ Qnfy + b (18a)
me,
sty + o <7, VmeMeQ, (18b)

This problem can also be decoupled into subproblems over
MTs in 2, , each of which is expressed as

min - priy + Qufo s+ Aafinn (192)
st 41 <7y, (19b)

The objective function in (19a) is a quadratic function of
S, where prtlr is a constant value, and coefficients o, and
An are positive. Consequently, the optimal value of f, , is
only constrained by the delay requirement in (19b). Given the
known values of x,,,’s, we can derive the value of ¢/} in (2)
and then derive 1,V < 7, — t! . Substituting 7,,"" with its
equivalent term <22z in (4), the optimal value of computing

frequency from E§,,ﬂ to MT,, is derived as

Cﬂl D m

__ ttr
Tm tm

Jan = (20)

if x;,, = 1, otherwise f,;, = 0. This derivation is leveraged
to design resource allocation algorithms in Section IV.

6

Algorithm 1 Low-complex blockchain-enabled resource al-
location in MEC (LC1-BE-MEC)
1: Initialization: X = 0,Y =0, F = 0, Q, = 0 for all
neN.
2: for allm € M do
3 Ny 4— arg max h, ,
4 Q, =Q,, Um
5: end for
6: for alln € N do
7
8
9

if Q, # 0 then
compute f;, , as in (20) for all m € Q,,.
: ifany f,,, < Oor Zmeﬂ,,fm,n > F, then
10: declare the solution as infeasible.

11: end if
12:  endif
13: end for

14: compute f;* as in (21).
15: find an ES,, with F,, > f;*.
16: sety, = 1.

C. PROBLEM P5

The optimization variable f;, in P is provided only by one ES,
as constrained by 25:1 v, = 1. Moreover, the coefficients
ap and ), in the objective function are both positive. Con-
sequently, the objective function is non-decreasing in terms
of f;, implying that the optimal value of f; is only limited
by the frequency requirement to meet constraint #, < 73. To
fulfill this constraint, following the derivation of f;, in (6), we
calculate the optimal value of f;, as

. Cply
= 77-b .

Iy 2y
This computation frequency must be provided by an ES. To
achieve this, let’s denote the residual computation frequency
of each ES,, as F,, =F, - anlzl xm,,f,,f,n after the resource
allocation has been done in problem P,. Subsequently, f,*
can be provided by any ES with F,, > f;,. Consequently, the
corresponding y, value to that ES is set to 1, while all other
v, values are set to 0.

IV. PROPOSED ALGORITHMS

In this section, we consider the derived solutions for prob-
lems P, and Pj3 in (20) and (21). Consequently, we pro-
pose two low-complex blockchain-enabled resource alloca-
tion schemes for MEC, named LC1-BE-MEC and LC2-BE-
MEC, respectively.

As highlighted in the solution of problem P-, under the as-
sumption of fixed binary variables in X, which determines the
assignment of MTs to ESs, the optimal values of computation
frequency allocation in in (20) can be computed. To exploit
this derivation, in Algorithms 1 and 2, we first consider a
greedy assignment of MTs to ESs. This means that each MT
is preferentially assigned to an ES with the maximum channel
gain, given the available computation frequencies. The ratio-
nale behind this idea is that a higher channel gain leads to a

VOLUME 11, 2023
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Algorithm 2 Low-complex blockchain-enabled resource al-
location in MEC (LC2-BE-MEC)

1: Initialization: M « M, N < N,X =0,Y = 0.
2: while M # () do
3 selectn e N randomly.
4 forallme Mdo
5: ny, <= arg max f, ,
6  ifn’ = nthen
7: Q,=0Q,Um
8: end if
9:  end for
10: i, # 0 then
11: compute f,, , as in (20) for all m € ,,.
12: sort f,, , values in the ascending order in a vector as
F,; and indexes in /.
13: remove values from F,,; and indexes from / with
f;n,n S O
14: if Fy,,; # () then
15: form € I do
16: if F,, — Fyps(m) > 0 then
17: F,=F, — Fy(m).
18: X = L.
19: M=M \ {m}.
20: end if
21: end for
22: elseA R
23: N =N\ {n}
24: end if
25:  end if
26 if M # 0 and N = () then
27: the solution is infeasible.
28:  end if

29: end while

30: compute f,* as in (21).

31: find an ES,, with F,, > f,*.
32: sety, = 1.

higher transmission rate in (1), which subsequently results in
a lower transmission delay in (2). As in (20), lower values
for #77 result in lower frequency values f,, ,. This computation
ultimately leads to reduced communication and consumption

energies at both MTs and ESs.

A. ALGORITHM 1

The first algorithm, named as LC1-BE-MEC, is presented in
Algorithm 1. The set of MTs assigned to each ES,, is main-
tained in a set €2,,. After the greedy assignment of MTs to BSs
(lines 2-5), the derived frequencies (line 8) are check against
infeasible solutions (lines 9). In other words, the solution is
declared infeasible if any f,,, < 0 or Y, o fun > Fa
for any ES. A negative f,,, value in (20) indicates that the
transmission delay exceeds the maximum tolerable delay in
in (19b). Finally, an ES with sufficient computation resources
exceeding f; is selected for block generation.
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B. ALGORITHM 2

The computation in (20) faces a challenge due to the possi-
bility of infeasible solutions when the aggregate allocated fre-
quency by an ES exceeds the computation frequency budget
F,. This violates the constraint (9d). To address this issue and
enhance resource allocation, we introduce LC2-BE-MEC in
Algorithm 2, where we always check out avoiding infeasible
solutions as far as possible whenever each MT is assigned to
an ES.

In LC2-BE-MEC, we initialize M and A as temporary sets
of MTs and ESs. In a while loop, we select ESs randomly.
For each selected ES,,, we identify MTs with the maximum
channel gain among all ESs and include them in a set €2, (lines
4-9). These MTs are potential candidates for assignment to
ES,. If , # 0, we compute the allocated computation
frequencies f;, , in (20) under the assumption that MTs in (2,
are assigned to ES,, (line 11).

Computed frequencies f;, , form € €, are sorted in ascend-
ing order in the vector Fj,,,. Corresponding indexes are saved
in the vector I. If Fy,; # 0, each MT,, in €, is definitely
assigned to ES,, provided there are sufficient computational
resources, i.e., F,, — Fy,,(m) > 0. If this condition is met,
we reduce the frequency budget F,, by F, (m), set x,, , = 1,
and proceed to the next iteration and exclude MT,, from M
(lines 15-21 ). Recall that M has been defined as the set of
unassigned MTs. Fy,,; = () for an ES,, means that there aren’t
enough available frequency resources to meet the frequency
demand of any MT. Consequently, this ES is removed from
the set of available ESs in A/ (line 23).

The while loop continues until all MTs are assigned to ESs.
If there’s no ES in AV for a given MT in M, the problem is de-
clared infeasible (line 27). Finally, the computation frequency
requirement for block generation is calculated, and an ES with
available computation frequency is selected, as explained in
the solution to P3 (lines 30-32).

C. COMPLEXITY ANALYSIS

As mentioned earlier, the formulated optimization problem
in (9) is a MINLP with exponential complexity. Notably, it
includes both binary variables in X and Y and continuous
variables in F and f,. An exhaustive search to explore the
optimal values of X and Y requires O(NN*) computational
complexity, where M MTs are assigned to N ESs, and the
block generator node is selected from among N ESs. More-
over, the joint optimization of binary and continuous variables
can further increase the computational complexity of problem
).

Algorithm 1 includes a search operation among N ESs for
each MT, followed by the computation of frequency for all
MTs. The worst-case complexity of these operations can be
estimated as O(2MN).

To address the computational complexity of Algorithm 2,
we derive the worst-case complexity in terms of the number of
iterations of the while loop. This loop searches for the ES with
the maximum channel gain for each MT in the first for loop,
computes, sorts, and checks out f, , values, and then executes

7
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FIGURE 2. Network topology with random locations of MTs

the last for loop to assign MTs to ESs. Considering the
worst-case complexity of these terms, the overall algorithm
complexity is estimated as O(N (MN + 5M)).

As observed, unlike the exponential complexity of the
optimal problem solution (9), the proposed Algorithms have
a polynomial complexity in terms of the number of MTs and
ESs.

V. PERFORMANCE EVALUATION

Numerical results are conducted to evaluate the performance
of proposed LC1-BE-MEC and LC2-BE-MEC algorithms.
Extensive experiments are applied to a network consisting
of four BSs with locations typically indicated in FIGURE 2.
Associated with each BS, there is a co-located ES to provide
computational frequency for task offloading. Several MTs are
randomly positioned within the network, where each MT is
associated with a task to be offloaded.

The communication channel between MTs and BSs is as-
sumed to follow a Rayleigh flat fading channel. The received
power at a BS is represented by an exponential probability
density function with a mean of pr — 30 — 30log,qd + %,
where pr is the transmit power of a MT, d is the distance, and
1) is the shadowing effect modeled by a normal distribution
with a mean of 3 dB. The values of communication and
network parameters during the simulation are summarized in
Table 2.

We also consider the following schemes for comparison in
parallel with the proposed LC1-BE-MEC and LC2-BE-MEC
algorithms.

1) One common approach for computation frequency allo-
cation is to divide the computation frequency resources
at each ES by the number of assigned MTs. To inves-
tigate the impact of uniform allocation of computation
frequency, we consider an algorithm that performs the
greedy assignment of MTs as in Algorithm 1, and then
divides the computation frequency resources at each ES

TABLE 2. Simulation parameters

Parameter notation  value
MTs transmit power pr 0 dBm
Noise power o? -100 dB
BS channel bandwidth B 100 MHz
Task data size of MTs Dy, 1 Mb
MTs computation density Cn 1 cycle
Computation frequency budget Fp 5 GHz
Blockchain block size I 1 Mb
Blockchain computation density Cp 10 cycles
Effective capacitance of ESs CPU K 10—26
maximum tolerable delay for MTs Tm 200 ms

maximum tolerable delay for block generation 7 100 ms

by the number of assigned MTs. We label this approach
as greedy+uniform frequency in the simulation results.
2) As stated in Section I-A, deep RL is a well known
technique for task offloading as in [16], [17], and [18].
This technique is adopted to solve our task offloading
problem by considering binary decision variables in X
and Y as the action space in the RL algorithm. For a
given value of actions in deep RL, computation fre-
quencies as continuous variables are derived optimally
as in (20) and (21). We also consider this approach
for comparison with other algorithms and label it as
DRL+optimal frequency in the simulation results.

Performance evaluation is done in terms of communication
energy Ecom = andzl E" as the sum of MTs transmission
energies, computation energy Ey, Z%Zl E." as the
sum of MTs computation energies, and total consumption
energy Er = Ecop + Eqmp + Ep. Moreover, to measure the
performance in terms of the number of infeasible solutions
during the simulation, we introduce a measure named as
outage probability P,,,, which quantifies the likelihood of an
infeasible solution occurring at each numerical experiment,

or equivalently
nf

T
where 7y is the number of iterations in which an infeasible
solution has been declared among 7 iterations. T as the total
number of iterations is set to 1000. Additionally, we define
another performance measure called normalized E7, which
represents the product of E7 and P,,,,. This metric facilitates
logical comparisons of energy consumption when algorithms
exhibit varying outage probabilities or energy consumption
levels.

The variation of considered metrics is first evaluated versus
the number of MTs in the network with a given commu-
nication and computation resources, as shown in Table 2.
The communication energy is depicted in FIGURE 3 versus
the variation in the number of MTs. It is evident that all
algorithms experience an increase in energy as the number
of MTs increases. Notably, the algorithms mostly demon-
strate the same performance since they consider the status
of channel gains for the assignment of MTs to BSs. The
computation energy is also shown in FIGURE 4. This energy
is significantly high when the computation frequency at each

Py = (22)
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ES is uniformly allocated to assigned MTs. This highlights
the efficiency of derived optimal computation frequency al-
location in (20) compared to uniform frequency allocation.
The decrease in computation energy with an increase in the
number of MTs for uniform frequency allocation is a results
of the quadratic nature of this energy in (5), where smaller
divisions of frequency lead to lower energy.

In FIGURE 5, the total consumed energy E7 is plotted
against the number of MTs. To highlight a detailed compari-
son between the other algorithms, the uniform frequency al-
location E7 is eliminated. The other three algorithms allocate
the computation frequency in a similar manner, resulting in
computation and total energies that are close to each other.

VOLUME 11, 2023
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FIGURE 10. Computation energy vs. task data

FIGURE 11. Total energy vs. task data size

Outage probability comparison is also illustrated in Fig-
ure 6. As observed, the probability of infeasible solutions
increases with the increase in the number of MTs. In other
words, the communication and computation resources in the
network no longer suffice to meet the maximum tolerable
delays specified in problem (9). Our proposed algorithms
undoubtedly offer lower levels of outage probabilities, espe-
cially when the number of MTs in the network increases. This
improvement is the result of the modified assignment of MTs
to ESs and computation frequency allocation. Especially,
from line 15 to 21 in the LC2-BE-MEC algorithm, if there
is not sufficient computation frequency for a MT at an ES,
this MT will be assigned to another ES in the next round of the
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algorithm. This amendment results in more feasible solutions.

The normalized Er performance is illustrated in Figure 7.
This performance is also depicted in Figure 8, which elimi-
nates the uniform frequency allocation for a more comprehen-
sive comparison between the other algorithms. As evident,
the proposed LC1-BE-MEC and LC2-BE-MEC algorithms
exhibit enhanced performance metrics compared to DRL and
uniform frequency allocation.

In the following, we investigate the variation of perfor-
mance metrics versus the variation in the data size of of-
floaded tasks, i.e., D,,. The number of MTs remains con-
stant at M = 20 and other parameters are considered as
shown in Table 2. Communication and computation energies
are depicted in FIGURE 9 and FIGURE 10, respectively.

10

bandwidth (MHz)

FIGURE 19. Normalized energy vs. bandwidth
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FIGURE 20. Normalized energy vs. bandwidth

Communication energy increases with the task data size, and
once again, the consumption energy is substantially high for
the uniform frequency allocation, similar to variations in the
number of MTs. The total consumed energy is also shown
in FIGURE 11, eliminating the energy of uniform frequency
allocation for a detailed comparison between the other algo-
rithms. Except for the uniform frequency allocation, which
has a significantly high energy consumption, other algorithms
generally have the same total consumed energy.

Outage probability versus increase in tasks data size is
shown in FIGURE 12. As the data size increases, it becomes
more demanding in terms of communication and computa-
tional resources. Consequently, the likelihood of encounter-
ing infeasible solutions rises with larger data sizes. Similar
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to the increase in the number of MTs, the proposed LC2-
BE-MEC algorithm demonstrates a reduction in outage prob-
abilities. This improvement is undoubtedly a consequence
of the modifications made to Algorithm 2, which effectively
prevents the generation of infeasible solutions.

Finally, the normalized E7 metric is presented in FIG-
URE 13 and repeated in FIGURE 14, eliminating uniform
frequency allocation to facilitate a more detailed comparison
between the other algorithms. This metric also demonstrates
the superior performance of the proposed LC1-BE-MEC and
LC2-BE-MEC algorithms.

The next step in performance evaluation involves compar-
ing the performance of different algorithms against the vari-
ation in communication bandwidth, i.e., B. The communica-
tion and computation energies are shown in FIGURE 15 and
FIGURE 16, respectively. The channel bandwidth between
MTs and BSs directly influences the transmission delay and,
consequently, the communication energy. A wider bandwidth
results in reduced transmission delay and lower communica-
tion energy for all algorithms, as evident in FIGURE 15. How-
ever, the computation energy is independent on the channel
bandwidth and thus it remains constant across all algorithms
in FIGURE 16. Considering these observations, the total
energy consumption decreases with increasing bandwidth,
as depicted in FIGURE 17. Additionally, the variation of
outage probability is shown in FIGURE 18. This metric also
decreases with an increases in the communication bandwidth.
Notably, the lower values of outage probability for the LC2-
BE-MEC algorithm are observed in FIGURE 18.

Finally, the normalized Er performance is also depicted in
FIGURE 19 and is repeated in FIGURE 20, eliminating the
uniform frequency allocation. While the uniform frequency
allocation demonstrates high normalized E7 values, the pro-
posed LC2-BE-MEC algorithm achieves lower values.

VI. CONCLUSION

This paper investigated the optimization of joint resource al-
location in blockchain-enabled MEC. Analytical and numer-
ical results validated the efficiency of a greedy approach for
assigning MTs to BSs. Each MT is prioritized for assignment
to a BS with the highest channel gain. Additionally, compu-
tation frequency is allocated to offloaded tasks based on op-
timal solutions derived from this approach. The low-complex
proposed algorithms based on this approach exhibited lower
outage probabilities in comparison with other methods such
DRL, especially when communication and computation re-
sources become scarce or the number of MTs increases.
Furthermore, lower normalized total energy consumption in
the proposed algorithms demonstrated the effectiveness of
this approach.
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