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Abstract—This paper studies the workload ofﬂoading
problem for fog computing networks in which a set of fog
nodes can ofﬂoad part or all the workload originally targeted
to the cloud data centers to further improve the
quality-of-experience (QoE) of users. We investigate two
performance metrics for fog computing networks: users’ QoE
and fog nodes’ power efﬁciency. We observe a fundamental
tradeoff between these two metrics for fog computing networks.
We then consider cooperative fog computing networks in which
multiple fog nodes can help each other to jointly ofﬂoad
workload from cloud data centers. We propose a novel
cooperation strategy referred to as ofﬂoad forwarding, in which
each fog node, instead of always relying on cloud data centers
to process its unprocessed workload, can also forward part or
all of its unprocessed workload to its neighboring fog nodes to
further improve the QoE of its users. A distributed
optimization algorithm based on distributed alternating
direction method of multipliers (ADMM) via variable splitting
is proposed to achieve the optimal workload allocation solution
that maximizes users’ QoE under the given power efﬁciency.
We consider a fog computing platform that is supported by a
wireless infrastructure as a case study to verify the
performance of our proposed framework. Numerical results
show that our proposed approach signiﬁcantly improves the
performance of fog computing networks.
Index Terms—Fog computing, response-time analysis, power
efﬁciency, ofﬂoad forwarding, ADMM.

I. I NTRODUCTION
Cloud computing has been proposed as a promising
paradigm to meet the fast growing demand for
computationally intensive applications and services. It
provides users with versatile and on-demand services by
effectively utilizing the hardware and software in cloud data
centers. Large-scale data centers are massive and expensive,
and therefore always built in the low-cost remote areas.
Currently, how to provide high quality services for the
widely geographical distributed users, especially the users at
the edge of network, is still an open problem. This motivates
a new framework referred to as the fog computing, which
extends the cloud computing paradigm to the network edge.
Formally, fog computing is deﬁned as a visualized network
architecture that “uses one or a collaborative multitude of
end-user clients or near-user edge devices to carry out a
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substantial amount of storage (instead of stored primarily in
cloud data centers), communication (instead of routed over
backbone
networks),
and
control,
conﬁguration,
measurement, and management” [1]. Edge devices that
provide services between end users and cloud data centers
are commonly referred to as fog nodes. They can be
resource-limited routers, gateways, and access points, and
can also correspond to mobile devices with excessive
computing resources that can be utilized to offer services for
others [2]. Fog computing enables computational workload
ofﬂoading through fog nodes which can further reduce the
transmission latency and ease trafﬁc congestions of the
Internet. It also introduces many new services and
applications that cannot ﬁt well in the traditional cloud
computing
architecture.
For
example,
large-scale
environmental monitoring systems can deploy computational
intensive applications at the sensors and utilize the fog
computing architecture to achieve instantaneous environment
monitoring and fast hazard detection [3], [4].
One of the main objectives of fog computing is to
improve the service quality of users at the edge of the
network. Most existing works focus on developing optimal
resource allocation strategies that can maximize users’
quality-of-service (QoS), a metric denoting the level of
service performance that can be offered by the hardware
platform or hosting infrastructure [5] such as processing
capacity, resource utilization efﬁciency, processing delay of
the cloud data centers. In particular, the resource
provisioning problem for a cloud data center network has
been modeled as an auction-based market in [6] in which
users can develop bidding strategies to compete for the
capacity of the cloud data centers with low costs. In [7], the
authors introduced a service-oriented resource estimating and
management framework for fog computing to maximize the
resource utilization of the cloud data centers. A framework
that supports computation ofﬂoading and data staging at the
tactical edge was proposed in [8]. Motivated by the
observation that the QoS cannot always reﬂect the actually
service quality that is experienced by the users, the concept
of quality-of-experience (QoE) was introduced recently as
one of the main guiding paradigms for service quality of the
cloud computing networks [9]. QoE can be regarded as an
extension of the QoS by focusing more on the inﬂuence of

the interactivity of the cloud service experienced by the
users. In this paper, we focus on the QoE of users measured
by the average service response-time that can be inﬂuenced
by the queueing delay and round-trip workload transmission
time including that between users and fog nodes, that
between fog nodes and cloud data centers as well as that
between cooperative fog nodes.
Fog computing is not intended to replace cloud computing
but to compliment it. In this paper, we study workload
ofﬂoading for fog computing networks in which fog nodes
can ofﬂoad workload from cloud data centers to further
improve the QoE of the users. We consider two performance
metrics for this fog computing network: the users’ QoE and
the fog nodes’ power efﬁciency, measured by the amount of
power consumed by each fog node to ofﬂoad each unit of
workload from the cloud. We perform detailed response-time
analysis under different scenarios and derive the optimal
amount of workload to be ofﬂoaded by the fog nodes that
can maximize the users’ QoE under the given power
efﬁciency. We observe a fundamental tradeoff between these
two metrics. In addition, motivated by the observation that
the users’ QoE can be further improved if the workload
ofﬂoading process of each fog node can be helped by other
fog nodes, we consider a fog computing framework with fog
node cooperation. We propose a novel cooperation strategy
called ofﬂoad forwarding, in which each fog node can
forward part or all of its ofﬂoaded workload to other local
fog nodes, instead of always forwarding all unprocessed
workload to the cloud. We study the ofﬂoad allocation
problem in which all fog nodes jointly determine the optimal
amount of ofﬂoaded workload to be forwarded and processed
by each other to further improve the users’ QoE. We analyze
the QoE and power efﬁciency tradeoff under cooperative fog
computing with ofﬂoad forwarding and propose a novel
distributed optimization framework based on distributed
alternating direction method of multipliers (ADMM) via
variable splitting to achieve this tradeoff. Our proposed
algorithm does not require fog nodes to have back-and-forth
negotiation or disclose their private information. Finally, as a
case study, we consider a fog computing platform that is
supported by a wireless network infrastructure. Numerical
results show that our approach can signiﬁcantly improve the
performance of fog computing systems. To the best of our
knowledge, this is the ﬁrst work that studies the allocations
of ofﬂoaded workload among cooperative fog nodes under
the fog computing paradigm.
II. F OG C OMPUTING A RCHITECTURE AND P ROBLEM
F ORMULATION
A generic fog computing architecture consists of a threelayer structure as illustrated in Figure 1:
1) Cloud layer comprises large-scale cloud data centers
with high-performance computing units usually located
in remote area that can be far from some users.
2) Fog layer contains a set of low-cost fog nodes that can
be widely deployed in locations that are closer to the

received workload. On the other hand, αj = 0 means fog
node j will not process any of its received workload but will
directly forward all the workload to the cloud layer. The
workload arrival rate of each fog node j, denoted by λj , is
assumed to be ﬁxed.
In this paper, we measure the QoE of users that require fog
computing service by the average response time. We focus on
the following two performance metrics;
1) QoE (Response-time) of users, which includes the roundtrip workload transmission time and the queueing delay
at the fog layer. In this paper, we follow a commonly
adopted setting and consider an M/M/1 queueing system
for each fog node to process the request of the users
[10]. Let Rj be the response-time of users served by fog
node j. As mentioned before, one of the main objectives
of fog computing is to improve the QoE of users. Since
fog nodes are close to the users, allowing each fog node
to ofﬂoad nearby users’ workload from the cloud can
reduce the workload transmission time. However, each
fog node has limited computing resources and processing
a large amount of received workload locally will result in
long queueing delay. Therefore, how to choose a balanced
amount of workload to be ofﬂoaded by each fog node is
an important problem.
2) Power efﬁciency (Power consumption per unit of
ofﬂoaded workload) of each fog node is measured by
the amount of power spent on ofﬂoading each unit of
received workload. It is important for each fog node to
maximize the power efﬁciency by minimizing its power
consumed for processing the workload. It is known that
the total amount of power consumed by a node depends
on the power usage effectiveness (PUE) as well as the
static and dynamic power consumption [11].
Speciﬁcally, the PUE is deﬁned as the total power input
from the power grid divided by the power consumption
of the IT infrastructure. Static power consumption, also
called leakage power, is mainly caused by the leakage
currents and is unrelated to the usage of the computing
resources of each fog node. Dynamic power
consumption is the result of the circuit activity and is
determined by the activity of computing resources. Let
ej and wjS be the PUE and static power consumption of
fog node j. Let wjD be the dynamic power consumed
by fog node j to ofﬂoad each unit of workload. We can
write the total power consumption
of fog

 node j per
time unit as wj = ej wjS + wjD αj λj . The power
efﬁciency of fog node j can then be written as
wj
ηj (αj ) =
= ej
α j λj
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A. Response-time Analysis and Response-time Minimization
Solution
Let τju be the average round trip time between fog node j
and its corresponding users. We assume the round trip time
for workload transmission between each fog node j and the
cloud layer can be regarded as a constant denoted as τ c . Fog
node j can choose to serve its received workload using the
following three ways:
1) No Ofﬂoading: Fog node j can directly forward all the
received workload to cloud data centers through the
backbone IP network [1]. In this case, the fog computing
network becomes equivalent to the traditional cloud
computing network in which all the workload is processed
by the cloud layer. As mentioned earlier, since cloud data
centers are generally installed with high-performance
workload processing units, the response time for data centers
to process the workload forwarded by each fog node is much
smaller than the time spent on workload transmission and,
hence, in most existing applications, can be ignored [12]. In
this paper, we follow the same line and assume the delay
caused by cloud data centers to process the workload
forwarded by each fog node is negligible. In this case, we
can write the response time of fog node j as
RjW 1 = τju + τ c .

(4)

Since in this case fog node j does not activate any
computing resource to process its received workload, the
power efﬁciency will not depend on users’ response-time. As
mentioned earlier, one of the main objectives of fog
computing is to further improve users’ QoE by ofﬂoading
workload targeted to the cloud layer to the fog layer. In
other words, (4) can be regarded as an upper bound of the
response-time provided by fog node j to its users.
2) Full Ofﬂoading: Fog node j can also process all the
received workload by itself using its local computing
resources. In this case, the cloud layer will not process any
workload for users associated with fog node j, i.e., αj = 1.
Let μj be the maximum amount of workload that can be
processed by the computing resources installed at the jth fog
node at each time unit. We can write the response time of
fog node j in this case as
1
RjW 2 (αj ) = τju +
.
(5)
μ j − λj
3) Partial Ofﬂoading: Compared to cloud data centers,
each fog node can only have limited computing resource. It
is generally impossible to always allow each fog node to
process all the received workload. We therefore consider the
cases that each fog node j only processes a portion (1 − αj )
of its received workload using its own computing resources
and forwards the rest of its received workload to the cloud,
i.e., we have 0 ≤ αj < 1 and αj λj < μj . We can write the
expected response time for fog node j as


1
RjW 3 (αj ) = τju + αj
μ j − α j λj
+ (1 − αj ) τ c .
(6)
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QoE increases with fog node j’s workload arrival rate under
a ﬁxed power efﬁciency. In addition, the higher the workload
arrival rate, the smaller the changes of the response time
under different power efﬁciency.
It can be observed that with the portion of workload to
be ofﬂoaded by each fog node approaches 1, the resulting
response-time will approach an inﬁnite value. In other words,
fog computing cannot always improve the response-time of
the users without properly choosing the amount of workload
to be ofﬂoaded by the fog node.
IV. C OOPERATIVE F OG C OMPUTING N ETWORKS
In fog computing systems, different fog nodes receive
workloads with different rates. In this section, we introduce
a novel cooperation strategy, referred to as the ofﬂoad
forwarding, for multiple fog nodes to help each other to
jointly ofﬂoad workload from the cloud layer. In this
strategy, each fog node instead of always forwarding all its
unprocessed workload to the cloud data center, can also
forward part of its ofﬂoaded workload to other fog nodes
with surplus computing resources to further reduce the
response-time for its users. In other words, the fog nodes in
the fog layer can be divided into two types: fog nodes of the
ﬁrst type, referred to as the (workload processing service)
requesters, that will forward part of their workload to others
to process, fog nodes of the other type, referred to as the
servers, will help others to process their received workload.
The amount of workload sent from each fog node to others
will be based on the mutual agreement.
In this section, we present the response-time analysis for
ofﬂoad forwarding strategy and describe the delay and power
efﬁciency tradeoff for the cooperative fog computing. We
will present the detailed discussion about how to achieve the
optimal solution presented in this section in a distributed
fashion in the next section.
A. Response-time Analysis of Workload Forwarding with One
Server and One Requester
We ﬁrst consider the case that fog node j decides that the
QoE of its users can be further improved by ofﬂoading part
(1 − βj )αj of its workload to fog node i for 0 ≤ βj < 1,
i = j and i, j ∈ F. Note that since fog node i will always
serve its own received workload ﬁrst, the response time of the
users associated with fog node i does not change even fog
node i will process extra workload for fog node j. If fog node
j sends all the workload that is supposed to be forwarded to
the cloud to fog node i, i.e., αj = 1 and 0 ≤ βj < 1, we can
write the response-time of fog node j as


1
C1
u
Rj (αj = 1, βj ) = τj + ξj βj
μ j − β j λj


1
(1 − βj ) τij +
.
(7)
μi − λi − (1 − βj ) λj
λj
λi +λj

is the weighted factor. We add weighted
where ξj =
factor ξj for the queueing delay term of the response-time
for each fog node j. This is because different fog nodes have

different workload arrival rates and hence, to ensure users
associated with different fog nodes to have the same
queueing delay, we add a weighted factor that is proportional
to the workload arrival rate at the queueing delay term for
each fog node.
It is possible that the computing resources that are provided
by fog node i is insufﬁcient to process all the rest of the
workload received by fog node j. In this case, fog node j can
also forward a portion (1 − αj ) of its workload to the cloud
data center, i.e., 0 ≤ αj < 1. In this case, fog node j will
only forward (1 − βj ) αj λj workload to fog node i, and the
total amounts of workload to be processed by fog nodes j
and fog node i are given by αj βj λj and λi + (1 − βj )αj λj ,
respectively. We can write the response-time of fog node j in
this case as


1
C2
u
Rj (βj , αj ) = τj + ξj αj βj
μ j − α j β j λj


1
+αj (1 − βj ) τij +
μi − λi − (1 − βj )αj λj
c
+ (1 − αj ) τ .
(8)
By substituting the above equations into problem (3) to
optimize the values of βj and αj , fog node j can further
improve the response-time of its users. We will give a more
detailed discussion on how to achieve the optimal solution in
Section V.
B. Extending to General Cooperative Fog Computing
Networks
We can further extend the above results into a general
cooperative fog computing network with more than two fog
nodes. In this network, each fog node can forward its
ofﬂoaded workload to the other fog nodes in the fog layer
and at the same time help other fog nodes to process their
ofﬂoaded workload. In this case, each fog node j can divide
its ofﬂoaded workload into N + 1 partitions including one
partition of workload ϕjj to be processed by itself, one
partition ϕjc to be forwarded to the cloud, and N − 1
partitions, denoted as ϕjk for the partition sent to fog node
k ∈ Cj , that will be send to other fog nodes in the fog layer.
Note that it is not necessary for each fog node to always
forward part of its ofﬂoaded workload to all the other fog
nodes in the fog layer. If fog node j does not forward any
ofﬂoaded workload to fog node i, we have ϕji = 0 for i = j
and i, j ∈ F. We refer to ϕj• = ϕji i∈F\{j} as the request
vector of fog node j. We also refer to φ•i = ϕji j∈F\{i} as
the service vector of fog node i. Let φ = ϕji i,j∈F be the
workload processing matrix for the entire fog layer. We have
ϕjk + ϕjj ≤ 1 ∀j ∈ F. The response-time of fog node
k∈Cj

j ∈ F can then be written as


RjC3 ξj , ϕj• = τju +
⎛

ϕji ⎝τji +
+
i∈Cj



1
i∈F

λi

1
ϕjj
μj − ϕjj
⎞⎤

1
μi −

ϕki
k∈F



⎠⎦ + ϕic τ c ,

(9)
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where ϕic = 1 − j∈F\{i} ϕij , ϕkj = λk ϕkj is the amount
of workload processed by fog node j for fog node k and
ϕk• = ϕkj j∈F\{k} is the vector of workload to be forwarded
by fog node k to other fog nodes.
We can rewrite the optimization problem in (3) with (9) as
follows.
max

ϕ1• ,...,ϕN •

s.t.




N




RjC3 ξj , ϕj•

(10)

j=1

ϕjk + ϕjj + ϕjc = λj ,

(11)

k∈Cj

ϕkj ≤ min{μj , χj }, 0 ≤ ϕkj ≤ λk , ∀k, j ∈ F.

k∈F

(12)
It can be observed that, in order for each fog node j to
calculate the portions of workload to be forwarded to other
fog nodes, fog node j needs to know the workload
processing capabilities and the workload arrival rates of all
the other fog nodes which can be private information and
impossible to be known by fog node j. In the next section,
we will propose a distributed optimization framework based
on distributed ADMM via variable splitting which allows all
the fog nodes to jointly optimize the average response-time
of the fog layer without disclosing their private information.
C. QoE and Power Efﬁciency Tradeoff for Cooperative Fog
Computing Networks
In Figure 3(a), we present the minimized response-time of
the fog layer in a cooperative fog computing network
calculated by solving problem (10). Note that the workload
processed by each fog node can consist of both its own
received workload and the workload sent from other fog
node. We can observe that the response-time of the fog layer
is closely related to the amount of workload processed by
each fog node. We use black grid to highlight the area
between the response-time minimization solution and the
power efﬁciency maximization solution with a ﬁxed
maximum tolerable response-time. By substituting the power
efﬁciency deﬁnition in (1), we can also present the
relationship between the fog layer’s response-time and each
fog node’s power efﬁciency for a two-node cooperative fog
computing network with ofﬂoad forwarding in Figure 3(b).
Similar to the single-node fog computing, we can observe a
fundamental tradeoff between the response-time of all the
users served by the fog layer and the power efﬁciency of
each fog node. In addition, even if the power consumption
for each fog node to ofﬂoad each unit of workload has been
limited to a very small value, it is still possible to achieve
the response-time constraint of each fog node using the
workload forwarding.
V. A D ISTRIBUTED O PTIMIZATION F RAMEWORK FOR
C OOPERATIVE F OG C OMPUTING
As mentioned previously, deciding the optimal amount of
workload to be processed by each fog node is important to

Fig. 3. Response-time under different amounts of processed workload and
power consumptions (PC) for each fog node to ofﬂoad each unit of workload.

achieve the optimal QoE and power efﬁciency tradeoff in
cooperative fog computing networks. Unfortunately, the
optimization problem in (10) is non-smooth and therefore
cannot be solved by using the traditional optimization
approaches that can only handle smooth objective function
[13]. One popular tool to solve the non-smooth optimization
problem is the ADMM-based approaches [14]. In this
section, we propose a novel distributed optimization
framework based on distributed ADMM via variable splitting
to maximize the QoE of users with a given power efﬁciency
constraint of fog nodes. Our proposed framework utilizes the
structures of our optimization problem in (10) to decompose
the original problem into N subproblems each of which can
be solved by each fog node using its private information.
The subproblem optimization of all the fog nodes will be
coordinated through a workload forwarding coordinator
(WFC) which can be established by the cloud data centers or
is one of the components in the cloud layer. Note that, as
will be discussed later, the WFC does not need to know the
maximum workload processing capability or workload arrival
rate of each fog node and our algorithm only requires very
limited information exchanged between each fog node and
WFC.
Unfortunately, the traditional ADMM approach in [14]
cannot be directly applied to solve our problem because of
the following reasons:
1) Traditional ADMM can only be utilized to solve the
optimization problem without inequality constraints
[14]. However, our optimization problem in (10)
includes inequality constraints and therefore cannot be
directly solved by the ADMM approach.
2) Traditional ADMM approach can only solve problems
with two blocks of random variables. However, the
optimization problem in (10) consists of more than two
variables to optimize.
3) Traditional ADMM approach is a centralized
optimization approach which requires the private
information of each agent to be shared with others. In
addition, most existing distributed ADMM approaches
are proposed to solve the consensus optimization
problem in which a local copy of the model parameter
has to be shared and updated by all the agents [15]. In
fog computing networks, fog nodes may not always
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want to share their private information with each other
and hence cannot utilize these existing approaches to
optimize their performance.
To solve issue 1), we introduce a set of N + 1 indicator
functions that include each of separable inequality
constraints in (12) and incorporate these indicator functions
into the objective function of our problem to convert the
constraint optimization problem into the unconstrained one.
More
speciﬁcally,
we
deﬁne
Gi = {ϕ•i : k∈F ϕki ≤ min{μi , ξ¯i }, ξki > 0, ∀k ∈ F} as
the polyhedra of each constraint of fog node i in problem (3)
where ϕ•i = ϕki k∈F\{i} is the vector of amounts of
workload to be processed by fog node i for other fog nodes.
We then can deﬁne an indicator function IGi (ψ i ) as follows:

0,
ϕ•i ∈ Gi ,
(13)
IGi (ϕ•i ) =
/ Gi .
+∞, ϕ•i ∈
We also introduce an indicator function to characterize the
inseparable constraint in (11) which is deﬁned as

0,
ψ ∈ Gc ,
IGc (ψ) =
(14)
+∞, ψ ∈
/ Gc ,
N
{ψ : i=1 IN ψ i ≤ 1},
ψ ∈ RN ×N , ψ i ∈ RN .

where ψ = [ψ 1 , ψ 2 , . . . , ψ N ], Gc =
IN is an identity matrix with size N ,
By including the above indicator functions into the
objective function of our optimization problem, we can
convert the original problem (3) with inequality constraints
into the following optimization problem without inequality
constraints.


RiC3 (ξi , ϕ•i ) + IGi (ϕ•i )
min
ϕ•1 ,...,ϕ•N ,ψ

i∈F

+IGc (ψ)
s.t. ϕ•i − ψ i = 0, ∀i ∈ F.

(15)

The dual variable update sub-problem can then be written
as follows


(18)
Λt+1 = Λt − ρ ϕt+1 − ψ t+1 .
We can observe that the subproblem optimization in (16)–
(18) is equivalent to the form of the traditional ADMM with
two random variables: ϕ and ψ.
Finally, to solve issue 3), we need to prove that the
augmented Lagrangian form of our optimization problem in
(16) can be decomposed into N subproblems each of which
can be individually solved by each fog node using its private
information. More speciﬁcally, we can prove that the
augmented Lagrangian form of our optimization problem has
the following features.
Theorem 1: The augmented Lagrangian form of the
objective function of our optimization problem in (10) is
separable and convex.
Proof: First, we prove the augmented Lagrangian form
of the objective function of our optimization problem is
separable. We can rewrite (10) as follows:
Lρ (ϕ•1 , ϕ•2 , . . . , ϕ•N , ψ, Λ) =

ϕ

−Λti

i∈F


 ρ
ϕ•i − ψ ti + ϕ•i − ψ ti 22 ,
2



(16)

where ρ is the augmented Lagrangian parameter and Λ is the
matrix of the dual variables [16].
We can write the ψ-updating problem as
ψ t+1 = arg min
ψ

ρ t+1
1
ϕ
− ψ t + Λt
2
ρ

2
2

+ IGc (ψ) .

(17)

LSi (ϕ•i , ψ i , Λi ) , (19)

i=1

where
LSi (ϕ•i )

=

Si (ϕ•i ) + IGi (ϕ•i ) + ΛTi (ϕ•i − ψ i )
ρ
+ ϕ•i − ψ i 22 ,
(20)
2

and Si (ϕ•i ) is deﬁned as


1
Si (ϕ•i ) = τiu + ϕii
u − ϕii
⎛ i

1
⎜
+
ϕji ⎝τji +
ui − ϕii −
j∈F\{i}

To solve issue 2), we need to ﬁrst convert the original
optimization problem with multiple random variables in (15)
into the form with two blocks of random variables.
Following the same line as [16], we can show that the
solution of the optimization problem in (15) is equivalent to
solving the optimization problem with the following
augmented Lagrangian form with two blocks of random
variables. We can write the ϕ-optimization subproblem as


ϕt+1 = arg min Lρ ϕ•1 , ϕ•2 , . . . , ϕ•N , ψ t , Λt
ϕ

= arg min
RiC3 (ξi , ϕi• ) + IGi (ϕ•i )

N


−



k∈F\{i}

ϕji τ + τ .
c

c

⎞
ϕki

⎟
⎠
(21)

j∈F

It can be observed that the variables in LSi can be calculated
by fog node i and are independent with the variables associated
with other fog nodes. This proves that augmented Lagrangian
form of our optimization problem (10) can be separated into
N subproblems each of which can be solved by each fog node
using its private information.
Let us prove that the objective function of problem (10) is
also convex. It can be directly shown that the domain of
variables in the objective function of (10) is a polyhedra
which is a convex set. We can also show that the second
derivative of each individual item in Si (ϕ•i ) is always
positive which means that it is a convex function with
respect to each individual variable. Following the property
that a nonnegative weighted sum of convex function
N
f = i=1 ci fi , f : RN → R is convex if and only if fi is
convex and ci is a constant for all i ∈ {1, 2, . . . N }, we can
prove that the objective function of problem (3) is convex.
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the convergence rate of our algorithm. We also present the
convergence rate when the centralized ADMM in [14] is
applied to solve our optimization problem in (10). We can
observe that our proposed algorithm achieves similar
convergence performance as the centralized one.
In Figure 5, we present the response-time and power
efﬁciency tradeoff curves for a fog computing network with
and without fog node cooperation when only one fog node
(fog node j) changes its power efﬁciency while the power
efﬁciency of others are ﬁxed. We observe that ofﬂoad
forwarding signiﬁcantly reduces the response-time of the
users especially when the power consumption of fog node j
is low. We can also observe that, for the given power
efﬁciency of all the fog nodes, the response-time can be
signiﬁcantly reduced when the number of fog nodes
increases. In other words, our proposed ofﬂoad forwarding
strategy can further improve the QoE and power efﬁciency
tradeoff for cooperative fog computing networks.
In Figures 6 and 7, we investigate the effect of fog nodes’
workload arrival rates on the users’ response time and the
workload to be ofﬂoaded by the fog layer, respectively. We
again ﬁx the workload arrival rates of all the fog nodes except
fog node j. We can observe in Figures 6 that, compared to the
case without fog node cooperation, ofﬂoad forwarding reduces
the growing speed of the response time when the workload
arrival rate of fog node j increases. We can observe in Figure
7 that the amount of workload to be ofﬂoad by the fog nodes
increases almost linearly when the workload arrival rate for
fog node j is small. However, with the workload arrival rate
continues to grow, the total amount of ofﬂoaded workload that
can be ofﬂoaded by the fog layer approaches to a ﬁxed value.
In Figure 8, we compare the power consumption and
ofﬂoaded workload of each individual fog node with and
without fog node cooperation under various workload arrival
rates of fog node j. We can observe that our proposed
ofﬂoad forwarding strategy can balance the power efﬁciency
and workload ofﬂoading performance of different fog nodes.
More speciﬁcally, fog node j will process the workload for
other when its workload arrival rate is small and will
forward part of the ofﬂoaded workload to others when its
received workload approaches the maximum workload
processing capability.
VII. C ONCLUSION AND F UTURE W ORK
In this paper, the workload ofﬂoading problem has been
studied for fog computing networks. We have investigated
the relationship between two performance metrics for fog
computing networks: users’ QoE and fog nodes’ power
efﬁciency. We have discussed the tradeoff between these two
metrics for a single-node fog computing network. We then
extend our result into the fog computing network with fog
node cooperation. In this network, fog nodes can help each
other to jointly ofﬂoad workload from the cloud layer. We
have introduced a novel fog node cooperation strategy
referred to as the ofﬂoad forwarding. In this strategy, each
fog node can forward part or all of its ofﬂoaded workload to

other local fog nodes to further improve the QoE of users.
We have studied the workload allocation problem for ofﬂoad
forwarding-enabled cooperative fog computing networks in
which each fog node can decide the optimal partitions of
workload to be forwarded to other fog nodes as well as
those to be processed for other fog nodes under a given
power efﬁciency constraint. We have investigated the QoE
and power efﬁciency tradeoff for cooperative fog computing
networks and propose a distributed ADMM via variable
splitting algorithm to approach the global optimal workload
allocation that maximizes users’ QoE under a given power
efﬁciency of fog nodes. Finally, we have considered a
wireless network-supported fog computing system as a case
study to verify the performance of our proposed approach.
Numerical results have been presented to verify the
performance of our approach.
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