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Remedy or Resource Drain: Modeling and Analysis
of Massive Task Offloading Processes in Fog
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Abstract—Task offloading, which refers to processing
(computation-intensive) data at facilitating servers, is an exem-
plary service that greatly benefits from the fog computing
paradigm, which brings computation resources to the edge
network for reduced application latency. However, the resource-
consuming nature of task execution, as well as the sheer scale of
IoT systems, raises an open and challenging question: whether fog
is a remedy or a resource drain, considering frequent and massive
offloading operations? This question is nontrivial, because partic-
ipants of offloading processes, i.e., fog nodes, may have diversified
technical specifications, while task generators, i.e., task nodes, may
employ a variety of criteria to select offloading targets, result-
ing in an unmanageable space for performance evaluation. To
overcome these challenges of heterogeneity, we propose a gravity
model that characterizes offloading criteria with various gravity
functions, in which individual/system resource consumption can
be examined by the device/network effort metrics, respectively.
Simulation results show that the proposed gravity model can
flexibly describe different offloading schemes in terms of applica-
tion and node-level behavior. We find that the expected lifetime
and device effort of individual tasks decrease as O(1/N) over the
network size N, while the network effort decreases much slower,
even remain O(1) when load balancing measures are employed,
indicating a possible resource drain in the edge network.

Index Terms—Fog computing, performance evaluation, task
offloading.

I. INTRODUCTION

W ITH the proliferation of smart devices [1], [2], includ-
ing smart devices, wearables, and sensors, Internet of

Things (IoT) is driving a digital transformation in all aspects of
our modern life [3]. However, IoT brings about new challenges
to its provision network, such as stringent requirements on
latency, resource-limited end devices, and the prohibitive scale.
Consequently, fog computing is introduced [2] and envisioned
as a promising paradigm in IoT provisioning [3].

A. Fog Emerges on the Edge: Remedy or Resource Drain?

In fog-based IoT systems, data are processed by fog servers
deployed on edge devices, e.g., edge routers, Cloudlet and
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IOx [4], or even mobile devices [5], all of which are referred
to as fog nodes. The architecture of IoT then evolved into
a “cloud-fog-things” layered scheme [6], [7], [8], in which
powerful but remote cloud computing resources are reserved
for bulky and computationally heavy data, while fog comput-
ing [2] is expected to provide fast and frequent offloading
services, with two design objectives [9] tailored for IoT.

1) Short Delay: Per requests of real-time applications, such
as smart infrastructure, autonomous driving, and virtual assis-
tance [10], [11], fog computing is expected to reduce service
latency to the ms level (< 10 ms), comparing to 30–100 ms
in the cloud computing paradigm. This demand requires ser-
vice providers to maintain sufficient fog nodes in the vicinity
of any task node, which can be any device seeking to offload
computation-intensive data, or tasks.

2) Scalability: Due to the massive scale of geo-dispersed
IoT systems [3], a fog network is expected to process data
offloaded from a large number of task nodes, e.g., sensors,
cameras, and smart vehicles. Considering the frequent changes
of locations, connectivity, and offloading criteria, this objective
requires the fog paradigm to scale easily, i.e., operating with
simple organization and minimum overhead. In fact, open-
ness and scalability have been identified as the major design
concerns in the IEEE OpenFog reference architecture [9].

With these two objectives fulfilled, the fog computing
paradigm seems a good remedy for large-scale delay-sensitive
IoT applications, as it rallies up resource at the network edge
to execute offloaded tasks, taking advantage of the huge num-
bers of candidate fog nodes in a distributed manner. However,
as mobile traffic continues to grow [1], can the resource-
limited edge network keep such a fog eco-system afloat? In
other words, is fog task offloading a remedy to delay-sensitive
applications, or rather, a resource drain to the network
edge?

Answer to this question is essential to fog computing, a
large-scale paradigm that is yet to be deployed. To satisfy the
stringent delay bound, tasks may be offloaded to nearby fog
nodes, which consumes multiple types of resources, includ-
ing storage space, processing power, energy, spectrum slices,
transmission opportunities, and so on. From the perspective
of individual devices, fog server/nodes, unlike cloud servers,
often times have limited storage space and processing power,
and are hence sensitive to the consumption of such device-
owned resources. From the perspective of the network, on
the other hand, scarcity of communication resources, includ-
ing spectrum, time slots, code, space, etc. has long been
recognized as a major issue in the edge network [12].

Though resource drain may be caused by various rea-
sons, such as spectrum misuse, network overlay, and lack
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TABLE I
SUMMARY OF REPRESENTATIVE TASK OFFLOADING LITERATURE IN FOG COMPUTING SYSTEMS

of interoperability between systems, the explosive growth of
connections between IoT devices and popularity of bandwidth-
hogging applications certainly add to this concern. While
device-owned resources, such as storage and processing power,
can be boosted by deploying more fog nodes, communica-
tion/network resources are shared by the edge system, and
hence may subject to further degeneration as the system scales.
Moreover, the open nature of fog diversifies communication
options, further complicating the problem. Therefore, it is
crucial to evaluate the performance of heterogeneous task
offloading with respect to delay and resource consumption,
before it is marketed and deployed.

B. Related Work on Task Offloading Evaluation

Task offloading can be viewed as a special type of data
offloading that has been extensively studied in various con-
texts. In the IoT provisioning scenario, we refer to it as the
offloading process of computation-intensive data blocks [6]
that need to be processed within a delay bound. Existing liter-
ature mainly focus on the design of offloading schemes, that is,
a set of rules and operations determining where a task should
be executed, which can be broadly categorized into centralized
and distributed types.

The former family relies on a single centralized entity to
make all offloading decisions, e.g., [13], which to some extent
is against the open nature of fog computing. The major chal-
lenge in this setting is the offloading/scheduling decision with
partial system information, to address which reinforcement
learning(RL)-based schemes [14], [16], [18], [19], [20], [21]
are recently developed. These schemes are designed for homo-
geneous systems of small scales, in the sense that task nodes
adopt the same radio access technology (RAT), and cooper-
ate to minimize the average task completion time, or the total
energy consumption of the system. Nonetheless, real-world
IoT systems are much more large-scale and diverse, in aspects
of RATs, task types, and offloading criteria.

The distributed approaches further branches into cooperative
and noncooperative types. In cooperative offloading schemes,
e.g., [22], [23], and [24], fog nodes exchange information
to optimize resource allocation, or collectively schedule the
offloaded tasks, usually to minimize the offloading latency [25]
and/or energy consumption [26]. In other words, fog nodes
cooperate to determine the offloading target for each task.
Though cooperation among fog nodes are highly beneficial to
QoS provisioning and load balancing, it is less likely in a large-
scale fog continuum, due to the prohibitive communication

overhead, lack of interoperability among different providers,
and security/privacy concerns of end users.

In this regard, Tang and He [27] recognized the competition
among fog nodes, modeled the offloading process as a non-
cooperative game and evaluated their results with small-scale
experiments. With a similar game theoretic approach, Jošilo
and Dán model task allocation as a noncooperative game, and
proposed a decentralized random offloading scheme, which
requires the first and second moment of task attributes, but
achieves nearly the same task completion time as myopic best
response (MBR) solutions that requires real-time node-specific
information [15]. Considering wireless links may not be sta-
ble during offloading, Wu [28] studied fault recovery in the
offloading process, and aimed to maximize revenue of the
network.

Table I summarizes the characteristics and parameters of
representative schemes. A clear observation is that, despite
previous efforts on scheme design for systems of small (less
than 100 nodes) scales, there is little effort on the performance
evaluation of frequent and massive task offloading operations,
which are inevitable in fog computing based IoT systems.

Seemingly simple, large-scale performance evaluation is,
nonetheless, challenging due to the sheer scale and diver-
sity of the fog-based IoT system. On the application level,
IoT applications are so broad and complex, that data are
generated in various volume, form, and frequency [29], e.g.,
periodic, short sensory data from smart meters, as well as
spontaneous, long video clips from ground traffic monitoring.
On the network level, due to the open nature of fog com-
puting, a task can be directed to a certain fog node by a
variety of offloading schemes, e.g., centralized and cooperative
[13], latency minimizing [15], [25], energy minimizing [26],
latency-energy-tradeoff [17], [30], and so on. These two layers
of complexity, i.e., openness and diversity, superpose, creating
an unmanageable space for experiment evaluation in massive
IoT system [3]. Accordingly, simulation and theoretic analy-
sis seem to be viable options to evaluate the performance of
fog task offloading. However, both of these two approaches
demand a descriptive model of the task offloading procedure,
which can easily adapt to different offloading criteria, yet man-
ageable to examine the scalability of the fog-based IoT system,
to address the “remedy or resource drain” concern.

C. Our Approach: The Gravity Model

To tackle the aforementioned crux of performance evalua-
tion, we take a modeling approach to describe the movements
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of data blocks as a result of task offloading, rather than trying
to achieve a system-level optimal, which is both unnecessary
and infeasible for a large heterogeneous system. To the best
of our knowledge, we are the first to address the sacalabil-
ity issue of fog systems with respect to delay and resource
consumption. Our contributions can be summarized as follows.

We define evaluation metrics, namely, task lifetime, device
effort, and network effort, to quantify the end-to-end delay,
the amount of consumed storage/processing resource owned
by individual fog nodes, and communication resource shared
by the edge network, in a heterogeneous setting.

We propose a gravity model that views task-related data
blocks as particles, whose movements are driven by a gravity
force between the task particle and candidate fog nodes, and
influenced by the preference of task nodes. The gravity func-
tion can describe multiple, even hybrid offloading criteria for
systems of variable scales, so performances of large-scale fog
systems with heterogeneous criteria can be examined.

We find that, under the gravity model, which applies to
distance-, energy-, and/or delay-oriented offloading, the life-
time and device effort of individual tasks decrease as O(1/N)
over the network size N, while the network effort decreases
much slower, even remain O(1) when load balancing is
adopted. Both the analysis and numerical results indicate that,
though the expected application delay improves as the system
scales, the total consumed network resource may exceeds what
the system can provide, leading to a concern of resource drain.

The remainder of this article is organized as follows. We
introduce the system model and performance metrics in the
following Section II, to formulate the performance evaluation
problem in the fog computing context. The proposed gravity
offloading model is discussed in Section III. Analysis of the
performance is derived in Section IV, which are validated with
numerical results in Section V. Finally, we conclude this article
in Section VI.

II. SYSTEM MODEL

In essence, a task offloading process is a sequence of
intermittent movements of task-related data blocks across the
network,1 directions of which are determined by the offload-
ing criteria. In this section, we introduce the scenario, network
models, task model, and performance metrics to formulate the
performance evaluation problem of task offloading processes.

A. Node Model

Consider a fog computing system hosted by cellular
networks and wireless LANs, a miniature example of which
is illustrated by Fig. 1. In this network,2 fog service is pro-
vided by eNodeBs/gNodeBs, access points (APs), and mobile
devices (including smart phones, tablets, laptops, and so on),
which we refer to as fog nodes. Any device that is authorized
to offload task (to fog nodes) is referred to as a task node.

1In this article, we consider indivisible tasks to focus on the offloading
process, as task break-down is a separate line of research that focus more on
contextual information of application data.

2Considering resource bottlenecks mainly exist in wireless networks, we
restrict the scope of the fog paradigm to the network edge in this discussion.

Fig. 1. Example of a fog-based IoT system hosted in the edge network:
colors correspond to transmission ranges of different RATs listed in Table II.

Fig. 2. Node model of fog-based task offloading system.

For example in Fig. 1, smart phone k can act as a fog node to
task δ originated from task node u, e.g., uploading tempera-
ture measurements from smart home devices, and as the task
node to generate task ε, e.g., video trans-coding.

Accordingly, each node n ∈ E can act as two roles: a fog
node, who is associated with a CPU of processing capacity
cn, and a first-in-first-out (FIFO) queue; and/or a task node,
who generates tasks at the rate of β. As a fog node, node n
announces3 its capacity cn within its transmission range rn,
while as a task node, node n decides whether, and to whom, a
generated task will be offloaded, as shown in Fig. 2. Since fog
nodes may move, denote the position of node n as Xn(t) : T →
R

2, where t ∈ T is the current time instant.

B. Communication Model

For node e ∈ E, located at Xe(t), denote its neighbors
Ne(t) = {i ∈ E|d(Xi(t),Xe(t)) ≤ min{re, ri}}, where re

is the transmission range of node e. Suppose node e uti-
lizes a wireless channel of bandwidth BWe→n(t) (Hz) to
communicate with neighboring node n ∈ Ne(t), located at

3The processing capacity cn is short (a few bytes) and fixed, so it may
piggyback on link discovery messages. Consequently, task nodes can easily
gather this information when it enters the communication range of others.
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TABLE II
RADIO ACCESS TECHNOLOGIES (RAT) IN IOT SYSTEMS

TABLE III
ATTRIBUTES OF A TASK ε (DETERMINED AT tε)

Xn(t), where the noise power measures at P0 = BWe→nN0T,
N0 = 1.38065 × 10−23, and T = 290 K. Then if node e trans-
mits with power Pe→n(t), and occupies a channel of width
BWe→n(t), both of which remain the same throughout the
offloading process, the transmission rate from node e to node
n can be obtained as a function of three variables, i.e.,

Re→n(t) = BWe→n(t) log2

(
1 + Pe→n(t) · d(Xe(t),Xn(t))−κ

BWe→n(t) · N0 · T

)

(1)

where κ is the path-loss exponent and d(Xe(t),Xn(t)) measures
the distance between node e and node n at time t. Note that the
three variables in (1), BWe→n(t), Pe→n(t), and d(Xe(t),Xn(t))
are determined by the time instant tε when task ε is generated.
But their values can not be set freely. Instead, they need to
comply with the RAT adopted in the current offloading pro-
cess, and may change over different tasks if the IoT device is
multimode, e.g., equipped with software-defined radio (SDR).
Commonly used RAT’s in a fog-based IoT system are listed
in Table II, where broadband and narrow-band RATs are both
presented.

C. Task Model

Consider a task4 ε ∈ �, which is captured as a seven-
element tuple (tε,Lε, τε, Sε,Dε, φε, αε), whose ranges and
physical meanings can be found in Table III. For example, a
file ε of size Lε , to be offloaded from the source node Sε = k
to the destination node Dε = n, needs to be completed by
time instant tε + τε . Task ε also requires a processing inten-
sity φε , and expects the execution result α(ε) of volume αεLε ,
where coefficient αε ∈ (0, 1] is the ratio between the volume

4Technically, a task is a piece of computation work to be completed before
a certain time, which usually contains a block of data to be processed. So we
do not differentiate the two, and use “task” and “data block” interchangeably.

of data block α(ε) and that of data block ε. For example, a
video trans-coding task ε to compress a 1-min 1080p video
clip to a 360p version has volume Lε = 165 Mb, process-
ing intensity φε � 290 cycles/bit [31], [32], and coefficient
αε = (55 Mb/165 Mb) � 0.33, as the processing result α(ε),
i.e., the 1-min 360p video clip, is only 55 Mb in volume.

Among these, volume Lε , processing intensity φε , and
coefficient αε , may differ considerably among tasks, which
has been demonstrated by IoT traffic analysis [29], [33] and
projection of future IoT applications [34]. For instance, a text-
translation task has a small Lε (several kb), and coefficient
αε � 1, because the size of the translated file α(ε) is compa-
rable with that of the original file ε; VR/AR tasks have large
Lε (Gb level [11], [34]), and coefficient αε � 1, because both
ε and α(ε) are video clips with relatively large volume; while
object recognition and cloud offloading tasks have medium
Lε , and small coefficient αε � 0, because the expected α(ε)
is much shorter than data block ε.

All attributes of task ε are populated at their generation.
Particularly, the offloading target Dε decides the direction
of ε’s movements, and hence is most relevant to the delay
and resource consumption performances. This key parame-
ter is determined by the offloading criterion, accounting for
the current status of the network, e.g., reachability, processing
capacity, and cost of the fog service. For instance, under a
delay-oriented criterion, task ε will most likely be offloaded
to fog node i in Fig. 1, who can complete the task with the
minimum delay, according to task node k’s observation at tε .
If task ε is viewed as a particle, it moves toward node i,
as if drawn by a probabilistic gravity force between the two,
and the resource consumed during the offloading process can
be viewed as the effort along its moving path. This observa-
tion motivates us to develop effort-based performance metrics
and the gravity-based offloading model, for heterogeneous
communication options and offloading criteria, respectively.

D. Performance Metrics

To address the performance evaluation problem, we consider
two aspects of the task offloading process, i.e., the completion
time of individual tasks, to see if is a remedy to delay-sensitive
IoT applications, and the resource consumption during an
offloading process, to answer whether it is a resource drain to
the edge network. The former is quantified by the task lifetime
metric defined as follows.
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Definition 1: Consider task ε generated by task node Sε ∈ E
at time tε . The lifetime of ε is define as the time between its
generation, and the time that the last bit of its expected result
α(ε) reaches the task node Sε , that is

θε := min
{
τε, inf

{
t ≥ 0|Sε ∈ Ht

(
α(ε)

)} − tε
}

(2)

where τε is the timeout bound of task ε, and Ht(α(ε)) ⊂ E
denotes the set of nodes that has α(ε) locally stored at t.

To IoT applications, task lifetime θε , which equals to the
task completion time in value, quantifies the quality of the
offloading service provided by the fog system, and is upper
bounded by the timeout τε of the task, while to the fog system,
it measures the period of time that data block ε is physically
present in the system.

During its lifetime, the offloading process of task ε can be
decomposed into four stages:5 1) offloading (from Sε to Dε);
2) queuing (at Dε); 3) processing (at Dε); and 4) responding
(from Dε back to Sε). In this process, three types of resources
are consumed to complete the task offloading service, that is,
communication resource (during the offloading and respond-
ing stage) shared by the edge network, storage resource (across
the whole process), and processing resource (in the processing
stage) located at individual devices. Inspired by the “effort”
analogy, we quantify the amount of resource consumption as
the integral of the unit consumption for a task (“power” of the
force) over time. In this sense, no matter a task ε is offloaded
or executed locally, the total amount of processing resource
needed (unit: CPU cycles) equals to the product of data vol-
ume Lε and processing intensity φε , which is a constant value.
Consumption of the storage and communication resource, on
the other hand, are more difficult to analyze, as the unit con-
sumption varies over time, for which the device effort and
network effort are defined, respectively.

Definition 2: The device effort spent on task ε is defined
as the (cumulative) amount of storage space in the system
occupied by offloading/executing ε over time

DEε(t) :=
∫ t

tε
Lε |Hε(s)| + αεLε |Hα(ε)(s)| ds (3)

where |Hε(s)| is the number of copies of task ε stored on any
device/node in E. Denote DEε := DEε(tε + θε) as the total
device effort spent during the offloading process of task ε.

The device effort metric quantifies the total amount of stor-
age resource consumed up to time t. For instance, in the
offloading process of task ε from node k to n, the storage
space occupied by task ε is 2Lε during the queuing and pro-
cessing stage, Lε during the offloading stage, and αLε during
the responding stage. This is because both the task node k and
the fog node n need to keep a copy of data block ε to avoid
transmission failures or processing failures. For the commu-
nication resource, we define the network effort metric with
respect to the traversing path of data block ε.

Definition 3: For task ε with lifetime θε , the network effort
of ε at time t ∈ [tε, tε + θε] is defined as the summation of

5Task node Sε may choose to execute task ε locally, then Dε = Sε and the
offloading process only contains the queuing stage and the processing stage.

transmission distance-time products, that is

NEε(t) :=
∑
s∈T ε

∑
i∈�Hε (t)

Tεp(i)→id
(
Xi(s),Xp(i)(s)

)

+
∑

s∈T α(ε)

∑
j∈�Hα(ε)(t)

Tα(ε)p(j)→jd
(
Xj(s),Xp(j)(s)

)
(4)

where �Hε(t) = Hε(t)\Hε(t−) is the set of new recipients
of data block ε at time t, set T ε = {s ∈ (tε, t]|�Hε(t) 	=
φ} contains the time instants when ε is transmitted, and p(i)
denotes the source node of a transmission to node i. Similarly,
we refer to NEε := NEε(tε + θε) as the total network effort
spent on the offloading process of task ε.

The network effort metric quantifies the amount of shared
communication resource it takes the fog system to perpetuate
the movements of data blocks over the air interface during the
offloading process, such as spectrum slices, time slots, trans-
mission opportunities, and so on. We consider distance-time
product rather than bandwidth-time product because spectrum
resource (measured by channel bandwidth) may not be com-
pared across RAT systems, but the occupation of space and
time resource are universal. Note that the two types of efforts,
i.e., device effort and network effort, can not be added together
directly, because they quantify resource consumption in dif-
ferent types (and are hence in different units). Nonetheless,
they jointly illustrate the amount of resources spent on the
offloading process, and can be compared (separately) among
offloading processes of different tasks.

It is worth noticing that the performance metrics are defined
with respective to movements of data blocks, and hence easily
apply to scenarios other than task offloading. In this article,
we restrict ourselves to one-hop offloading of indivisible tasks,
which are the most prevalent in a fog-based IoT system. To
be more specific, we aim to find how the expected task life-
time E�(θ), total device effort E(

∑
ε DEε), and network effort

E(
∑
ε NEε) scales with the system size N = |E|, to address

the “remedy or resource drain” concern.

III. GRAVITY RULE: ONE MODEL FOR MULTIPLE

OFFLOADING CRITERIA

Seemingly straight forward, the three performance metrics
are, as a matter of fact, challenging to evaluate for a task
offloading process due to the following reasons.

1) Crux of Diversity: A task node may employ different
RATs, as well as different offloading criteria with or
without internodal coordination, resulting in an unman-
ageable space for performance evaluation.

2) Curse of Openness: The lifetime, device effort, and
network effort of an individual task are inevitably
affected by other tasks’ offloading processes, which are
unclear as the size of the system N grows.

The first challenge on diversity calls for a generic offload-
ing model, while the second on openness requires meticulous
analysis on the competition among tasks. In this section, we
introduce a gravity-based offloading model to tackle the crux
of diversity, and leave analysis to the next section. Under the
gravity setting, different offloading criteria can be written as
gravity functions quantifying the “suitableness” of candidate
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Fig. 3. State transitions of a task/data block ε during an offloading process.

fog nodes. Then, each task node selects a qualified candidate
with a probability that is proportionate to the gravity force.

A. Gravity-Based Probabilistic Offloading

In this model, the four-stage offloading process of task ε can
be described by the following state transitions of data block ε
and the corresponding α(ε), as depicted in Fig. 3.

1) At time tε , node Sε = k ∈ E generates task ε, so the
data block is only stored at nodes in set Hε(tε) = {k}.

2) Task node k chooses the offloading target Dε = n out
of the candidate set Nk(tε) ∪ {k}, with an offloading
probability P(Dε = n).

3) Task ε is then transmitted from node k to node n at data
rate Rk→n(tε) and Hε(tε + Tεk→n) = {n, k}. This step is
omitted if k decides to execute ε locally, and Tεk→n = 0.

4) Upon receiving task ε, node n will put ε in a queue if
its processor is busy, and start executing ε when all of
the tasks queued before are completed.

5) When task ε is completed (after queuing delay TεQ|n and
processing delay TεP|n), the corresponding result α(ε) of
size αεLε will be transmitted back to its corresponding
task node k at the data rate of Rn→k(t).

6) At time instant tε +Tεk→n +TεQ|n +TεP|n +Tεn→k, the task
response α(ε) is returned to node k at the same data rate
Rk→n(tε).

The probabilistic nature of the gravity model is captured
by the offloading probability P(Dε = n) in step 2), formally
defined as follows:

P(Dε = n) :=
{

0, if
∑

i∈Nk(tε ) F(ε, i) = 0
ρ(F(ε,n))∑

i∈Nk(tε )
ρ(F(ε,i)) , otherwise

(5)

where gravity F : �× E → [0,∞) is a nonnegative function,
and the selectiveness ρ : [0,∞) → [0,∞) is an increasing,
convex function, both of which are chosen by task node Sε .
The former reflects node Sε’s unique objective in task offload-
ing, e.g., energy saving, latency reducing, and so on. The
selectiveness function ρ(·) allows the task node to fine-tune its
preferences, that is, how reluctant it is against adjustments due
to load balancing reasons. It may take any form as long as it
is an increasing function. For example, we may set ρ(x) = xγ ,
where γ is the selectiveness coefficient. The larger γ , the more
likely task node Sε will favor fog nodes imposing the highest
gravity, i.e., it is the more reluctant to settle for ‘suboptimal’

offloading choices. Together, the two functions {F, ρ} com-
pose an offloading profile of task node Sε , in which different
offloading criteria can be described in a unified form to address
the crux of diversity.

From the perspective of probabilistic/randomized offload-
ing setting, our model bears some resemblance with [15],
who proved the existence of an equilibrium, and solved the
optimization problem of delay minimizing with a distributed
algorithm. Nonetheless, our model serves a different purpose,
that is, describing heterogeneous offloading criteria, and is
hence more general as it is not restricted to delay-oriented
offloading as in [15]. Moreover, the “optimal” and “subop-
timal” are determined solely by the task node of interest,
without any collaboration that may induce overhead, nor
information of other tasks. This setting of local decision is
especially practical for IoT devices that lack the capacity for
cooperation, e.g., due to power constraints. Next, we discuss
the form of gravity functions for typical and generic offloading
schemes.

B. Typical and Generic Gravity Rules

The gravity force F(ε, n) is meant to quantify the “attrac-
tiveness” of fog node n, in regard to processing task ε.
Considering most offloading criteria have an objective to
optimize, such as delay, energy consumption, etc., we define
the gravity function as the performance gain achieved by
offloading, compared to local processing, or the remaining
allowance against a performance budget. We list a few example
rules for typical application scenarios.

1) Distance-Oriented Gravity Rule: The simplest offload-
ing scheme is to always offload to fog nodes nearby, as long
as there is one within the communication range of the task
node. The corresponding gravity function can be written as
follows:

F(ε, n) = 1

d(Xk(tε),Xn(tε))
∀n ∈ Ne(tε). (6)

This rule applies to IoT devices that lack the capacity to
execute complex algorithms or participate in cooperation, as
the only parameter is transmission distance, which can be eas-
ily deduced from the received signal power. To always select
the nearest fog node, the selectiveness function ρ(x) can be
set to ρ(x) = xγ with a large γ , e.g., γ = 10.

2) Delay-Oriented Gravity Rule: As shown in the state
transition diagram (Fig. 3), for a task ε generated by Sε = k,
three out of the four delay components can be determined,
once the offloading decision Dε = n is made as at time tε : the
uplink transmission delay TεS→D = (Lε/[Rk→n(tε)]), process-
ing delay TεP|D = (Lεφε/cn), and downlink transmission delay
TεD→S = (αεLε/[Rk→n(tε)]).

The queuing delay TεQ|n, on the other hand, also depends on
the offloading processes of other tasks, so it is bounded by

0 ≤ TεQ|n ≤ Qn
(
tε + Tεk→n

) + Yn

cn
<

Qn(tε)+ Yn

cn
(7)

where Qn(t) denotes the processing queue length of fog node
n at time t, and random variable Yn ∈ [0,∞) is the workload
offloaded to node n, during the transmission of task ε, i.e.,
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interval [tε, tε + Tεk→n]. Note that task node k, as a fog node,
is also accepting tasks offloaded from other task nodes, hence
local execution may induce queuing delay as well.

Then, the corresponding gravity function can be defined as
follows:

F(ε, n) =
[
τε −

(
Tεk→n + TεP|n + Tεn→k

)]+

=
[
τε −

(
(1 + αε)Lε
Rk→n(tε)

+ Lεφε
cn

)]+
(8)

where cn (cycles/s) is the capacity of candidate fog node n,
and [x]+ = max{x, 0}.

This rule applies to many IoT applications, as reducing
application latency is the primary motivation [2] of fog com-
puting. In this case, devices tend to transmit with the highest
data rate that an RAT can provides, so the number of variables
in (1) can be further reduced, that is

Rk→n(t) = gd(d(Xn(t),Xk(t))). (9)

The reason behind this reduction is that the possible value of
Pk→n(tε) and BWe→n(tε) are actually determined by the range
of an RAT, as indicated by Table II. For instance, RAT 5G-NR
femto-cell and pico-cell, although reaching a staggering 5–40
Gb/s in lab environments [35], [36] with the mmWave tech-
nology, only covers tens of meters of communication, due to
the acute attenuation in the 26–60 GHz bands. For the range
of hundreds of meters, WiFi and LTE/5G micro-cell are avail-
able, offering a transmission rate at ten to a hundred Mb/s [37].
Finally, for the range of over 1 km, LTE-M (4–7 Mb/s) and
narrow-band RATs can be adopted, such as NB-IoT (200 kb/s)
and LoRA WAN (50 kb/s). In this sense, g(·) is a piece-wise
function over the distance, and we can further simplify (9)

as gd(d(Xn(t),Xk(t)))

= Rmax − ψd(Xn(t),Xk(t)) in the anal-

ysis, where Rmax is the maximum transmission rate that can
be achieved in the fog system, and ψ (kb/s/m) is the rate
attenuation factor.

3) Energy-Oriented Gravity Rule: For pocketable, battery-
operated task nodes, e.g., IoT sensors, energy consumption
is a major concern. So the ultimate goal of offloading is to
conserve as much energy as possible, i.e., task ε may be
offloaded to node n only if the energy spent on transmission
Pk→nTεk→n is less than the energy consumed by local execu-
tion Eεk = ξφεLε , where constant ξ (Joule/cyle) is the amount
of energy consumed by each CPU cycle. Then the gravity
function can be defined as the amount of energy saved if the
corresponding task is offloaded, that is

F(ε, n) =
[
ξφεLε − Pk→n(tε)Lε

Rk→n(tε)

]+

=
⎡
⎣ξφεLε − Lε

ge

(
Pk→n(tε )

BWk→n(tε )
; d(Xk(tε),Xn(tε))

)
⎤
⎦

+

(10)

where the duel-variate function ge(·; ·) is defined as follows:

ge(x; y) = 1

x
log2

(
1 + xy−κ

N0T

)
. (11)

Note that ge([Pk→n(tε)/BWk→n(tε)]; d(Xk(tε),Xn(tε))) =
(Pk→n(tε)/Rk→n(tε)) in value, which is different from
the delay-oriented rule, where the single-variate function
gd(d(Xk(tε),Xn(tε))) = Rk→n(tε). But they are both functions
of the distance.

4) Generic Form of the Gravity Function: For the ease of
analysis, we generalize the aforementioned gravity functions
into the following form:

F(ε, n) = f

(
Aε − Bε

cn
+ Gε

g(d(Xk(tε),Xn(tε)))

)
(12)

quantities in which have the following properties.
1) Function f : R → R is nondecreasing; f (a) > 0 for any

a > 0; and f (a) = 0 otherwise.
2) Function g : R

+ → R is a nondecreasing function of
the transmission distance d(Xk(tε),Xn(tε)).

3) Quantities Aε , Bε , and Gε are nonnegative constants,
which are determined solely by the attributes of task ε,
and satisfy constraint Bε + Gε > 0.

Together with the selectiveness function ρ(·), the generic
rule in (12) can describe all the aforementioned gravity rules.
For the distance-oriented rule in (6), Aε = Bε = 0, Gε = 1,
and function g(x) = x, while for the delay-oriented rule in (8),
Aε = τε , Bε = φεLε , Gε = (1 + αε)Lε , and g(x) = −gd(x),
whose absolute value |g(x)| measures the data transmission
rate at distance x. Any joint scheme that can be described as
the linear combination of (6) and (8) still has the same form
as (12), which indicates the versatility of this generic model.
For energy-oriented offloading, function g(·) = −ge(·; ·) is
multivariate, in which (Pk→n(tε)/BWk→n(tε)) is determined
by the power control mechanism.

C. Offloading Probabilities Under the Generic Gravity Rule

Under the generic gravity rule, consider task ε, whose asso-
ciated data block is of size Lε , processing intensity φε , and
coefficient αε . For any fog node n ∈ E, let random variable
Vn = d(Xk(tε),Xn(tε)) denote the distance between n and k
at time tε , with PDF fV(v) (v ∈ [0,+∞)), and let random
variable Cn denote its processing capacity, with PDF fC(c)
(c ∈ [cmin, cmax]). First, we present the probability that task ε
will be executed locally.

Lemma 1: Under the generic gravity function defined
in (12), the probability that task node Sε = k decides to process
task ε locally is given by

P(Dε = k) = 1 −
(

1 − P
ε
pos

)N−1
. (13)

Particularly, when Aε 	= 0, quantity P
ε
pos can be calculated as

follows:

P
ε
pos =

∫ cmax

Bε
Aε

∫ g−1
(

cGε
cAε−Bε

)

0
fV(v)dvfC(c)dc (14)

where cmax is the maximum capacity among fog nodes in E.
Proof of Lemma 1 can be found in Appendix A in the sup-

plementary material. Lemma 1 provides a criterion of selecting
offloading candidates from Nk(tε) for task ε, as well as the
probability that ε will be executed locally at task node k.
Particularly when node statistics (captured by the distributions
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of distance Vn and processing capacity Cn) are known, offload-
ing probabilities can be derived numerically. Consequently,
performance of the offloading system can be estimated without
costly simulation or experiments. Compared with task statis-
tics [15], which are highly diverse and prone to privacy leak,
node statistics are much easier to obtain. With node statistics,
we discuss the offloading probability P(Dε = n) defined in (5).

Theorem 1 (Offloading Probabilities): Let μC =∫ cmax
cmin

cfC(c)dc denote the mean capacity of fog nodes
in E, and FV(v) = ∫ v

0 fV(s)ds denote the CDF of distance V
between task node k and a randomly chosen fog node at time
tε . The probability P(Dε = n) that task ε is offloaded to node
n with capacity cn and distance vn is upper bounded by

ρ(F(ε, n))

LB(vmax)ρ
(

Aε − Bε
μC

+ Gε
FV (vmax)

∫ vmax
0

fV (v)
g(v) dv

) (15)

where vmax = g−1([cmaxGε/(Bε − cmaxAε)]) and LB(vmax) =
NFV(vmax)fC(cmax)([−BεGεg(vmax)]/[(Aεg(vmax)+ Gε)2]) is
a lower bound of the total number of offloading candidates.

Proof of Theorem 1 can be found in Appendix B in
the supplementary material. There are two implications from
Theorem 1.

1) Local Action and Global Status: This theorem connects
the local offloading action to the global status of the system.
With the set of offloading probabilities {P(Dε = n) }n∈E, inter-
actions of multiple tasks can then be examined to obtain the
performances of the fog system.

2) Invariant Property: Regardless of offloading criteria,
probability P(Dε = n) = �(1/N) holds when selectiveness
function ρ(·) takes a polynomial form.

IV. PERFORMANCE EVALUATION OF FOG SYSTEM

With Theorem 1 at hand, this section addresses the other
major challenge in the performance evaluation problem, that
is, competition and interactions among tasks and fog nodes.
Specifically, we leverage Theorem 1 to examine the expected
lifetime and efforts for a single task ε to understand the
system-level performances, that is⎧⎪⎪⎪⎨

⎪⎪⎪⎩

θn
ε = Tεk→n + TεQ|n + TεP|n + Tεn→k,

DEn
ε(θε) = Lε

(
Tεk→n + 2TεQ|n + 2TεP|n

)
+ αεLεTεn→k

NEn
ε(θε) = Tεk→nd(Xk(tε),Xn(tε))

+ Tεn→kd(Xk(θε + tε),Xn(θε + tε))

(16)

when the offloading target Dε is chosen to be fog node n ∈ E,
all quantities in (16) can be obtained by definitions, except the
queuing delay TεQ|n, which is the result of simultaneous task
offloading to the same fog node. To overcome this challenge,
we first analyze the queuing delay to derive the task lifetime,
which is one of the most important performance metric in
real-time IoT applications, such as AR/VR.

A. Queuing Delay TεQ|n Under the Generic Gravity Rule

Consider task δ that is also offloaded to fog node n, which
happens with probability P(Dδ = n). Its execution may add to
the queuing delay of ε, if and only if the last bit of δ arrived
at node n before the last bit of ε, such that δ will be processed
before ε, i.e., tε < tδ + TδSδ→n < tε + TεSε→n. Here, we only

discuss the case of NμC > NβμLμφ , that is, the generated
execution load does not exceed the processing capacity of the
entire fog system, because otherwise the system will eventu-
ally be overloaded, resulting in an increasing queuing delay
that goes to infinity. Then, we have the following results on
the expected queuing delay and expected lifetime.

Theorem 2 (Queuing Delay and Task Lifetime): For offload-
ing procedures that can be described by the gravity function
in (12), the expected queuing delay E(TεQ|n) = O(1/N), when
βμLμφ < μC. The expected lifetime E(θε) decreases as
O(1/N) first, and converges to a constant value θ .

Proof: With the divide-and-conquer method depicted in
Fig. 8, Appendix B in the supplementary material, we can
upper bound the expected amount of data E(Yn) offloaded to
n during time interval [tε, tε + TεSε→n] as follows:

E(Yn) ≤ βNTεk→n

∫ g−1(0)

0

fV(v)

|N+(tε)|
·
∫ Tεk→n

0
μφsHL

(
g(v)

(
s − Tεk→n

))
dsdv (17)

where μφ is the expected processing intensity of tasks in �,
and function HL(l) = ∫ l

0 xfL(x)dx. Then, the expected queuing
time can be upper bounded by

E

(
TεQ|n

)
≤ E(Yn)

cn
+

[
Qn(tε)

cn
− Tεk→n

]+
(18)

where Qn(tε) is the remaining load of fog node n at time tε .
From a realistic point of view, the peak data rates in existing

cellular and WiFi systems measure at 10 Mb/s to 10 Gb/s,
while the processing capacity of most mobile devices measure
at GHz level (e.g., 1.4-GHz Raspberry Pi 3, and 2.6–3.0 GHz
smart phone processors), so the second term of (18) is less
significant compared to the first term. As |N+(tε)| = �(N),
we have E(TεQ|n) = O(1/N) from (17) and (18), especially
when β is sufficiently large β > 0.01.

Then the expected task lifetime E(θε) follows from the exact
form of the queuing delay, as the other three delay terms
in (16) do not affect the scaling behavior over the network
size N, nor are they affected by the task generation rate β.
Then when the network size N is sufficiently large such that
E(TεQ|n) is small enough to be neglected, the expected lifetime
E(θε) will remain constant over the network size N.

It should be noted that the scaling behavior of both the queu-
ing time and the lifetime has the same coefficient β, which
is introduced by (17). Consequently, the O(1/N) decreasing
is more evident when the system is heavily loaded, i.e., β is
relatively large. Contrarily, when β < 0.01, the probability
that transmissions of other offloaded tasks (to node n) com-
plete in time interval [tε, tε + TεSε→n] will be small, such that
E(TεQ|n) � [(Yn/cn)−Tεk→n]+, and the task lifetime will appear
to be almost constant over the system size N.

B. Device Effort and Network Effort

Analysis of the queuing delay outlines a way to obtain the
exact upper bound of the device effort of individual tasks,
i.e., E(DEε) = ∑

i∈N+(tε )∪{k} DEn
εP(Dε = i), which is also

true for the network effort. Moreover, performance of the fog
system can be evaluated through the gravity model, when the
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node mobility model, or the distribution of internodal distances
{Vn}n∈E is known. Particularly, when nodes in E move accord-
ing to a speed-constraint random walk model in the square
region [−(a/2), (a/2)]2 ⊂ R

2 of interest, such that the max-
imum speed speedmax << a and there is no boarder effect,
PDF fV(v) has the following form.

Lemma 2 (Special Case of [38]): Consider a square region
[−(a/2), (a/2)]2 ⊂ R

2. For two randomly chosen points
X1,X2 ∈ [−(a/2), (a/2)]2 in this region, the distance V =
d(X1,X2) is a random variable with PDF as follows:

fV (v) =

⎧⎪⎨
⎪⎩

π

a2 + v2

a4 , 0 ≤ v ≤ a

− 2+π
a2 + 2

a2 arcsin
( a

v

) + 4
√

s2−a2

a3 , a ≤ v ≤ √
2a

0, otherwise.

(19)

Proof of Lemma 2 can be found as a special case of [38],
and is hence omitted here. With this lemma, we discuss data
offloading processes under the distance-oriented and delay-
oriented offloading rules. Without loss of generality, we make
the following assumptions on tasks and nodes in the analysis.

1) The data volume L and processing intensity φ of tasks
satisfy uniform distributions, with mean μL and μφ ,
respectively.

2) The data transmission rate Rn→k takes the form stated
in (9).

3) The selectiveness function takes the form of ρ(x) = x.
For these two offloading criteria unifies under the generic
gravity rule, we have Theorem 3.

Theorem 3 (Network and Device Effort): For distance-
oriented and delay-oriented offloading, with selectiveness
function ρ(x) = x, the expected network effort spent on
offloading task ε ∈ � does not change over the system
size N, i.e., Eε∈�(NEε) = O(1). The expected device effort
Eε∈�(DEε) first decreases as O(1/N) to a constant value.

Leveraging the gravity model, Theorem 3 outlines the scal-
ing behavior of resource consumption during an offloading
process. It indicates that, as the size N of the fog system
increases, the total device effort of the system E(

∑
ε∈� DEε)

will increase slowly (sublinearly) at first, but rather quickly
(linearly) when the size of the system exceeds a certain value.
The network effort E(

∑
ε∈� NEε), on the other hand, increases

linearly with the size of the system. In other words, there exists
an optimal size of an offloading system, beyond which, the
application-level delay E�(θε) will no longer benefit from the
growth of a fog system. Instead, the linearly increasing com-
munication and coordination demand will lead to a drain of
networking resource in the edge network.

Next, we prove Theorem 3 for the distance-oriented and
delay-oriented offloading scenarios separately.

1) Distance-Oriented Offloading: In this case, a task ε will
be offloaded to fog node n with probability P(Dε = n), which
is reversely proportionate to distance Vn, as indicated in (6).
For task ε under this rule, the only criterion is the transmission
range, i.e., vmax = (Rmax/ψ), because F(ε, n) > 0 holds for
any fog node n ∈ E. Note that, by Lemma 2, the probability
that two entities are located at the exact same location, i.e.,
P(FV(v = 0)), is strictly zero, and that it is very unlikely (with
a probability less than (π/a2) + (1/3a4)) that distance Vn is

less than 1 unit length, especially when a is large. Therefore,
gravity F(ε, i) is well-defined (< ∞) for almost all offloading
candidates. To prove Theorem 3 for this scenario, we first
derive the network and device effort of an individual task.

Proposition 1: Consider a distance-oriented offloading
scheme, with selectiveness function ρ(x) = x. For task ε

offloaded to fog node n, we have

E
(
NEn

ε

) = (1 + α)LεVn

Rmax − ψVn
(20)

E
(
DEn

ε

) = Lε

[
(1 + α)Lε

Rmax − ψVn
+ 2φεLε

cn
+ 2E

(
TQ|n

)]
(21)

where expected queuing delay E(TQ|n) ≤ ((βμφRmaxL3
ε)/

(12Ncn(Rmax − ψVn)
3)).

Proof of Proposition 1 can be found in Appendix c in the
supplementary material. Proposition 1 gives the exact expected
effort for task ε, if it is offloaded to fog node n. From the
perspective of the system, we discuss the mean expected effort
E(NEε) and E(DEε) with respect to the network size N.

Corollary 1: In distance-oriented offloading, the expected
network effort E(NEε) to offload any task ε ∈ � is O(1) with
respect to network size N. The device effort E(DEε) decreases
as O(1/N) and converges to a constant value.

Proof of Corollary 1 can be found in Appendix D in the
supplementary material.

2) Delay-Oriented Offloading: Next, we consider the more
complicated, but most widely adopted offloading criterion, i.e.,
delay-oriented offloading schemes depicted by (8).

We adopt the same assumption as in the distance-based
offloading: there are a total number of N = |E| fog nodes in
the region [−(a/2), (a/2)]2, in which a is large enough, such
that a >> maxe∈E{re}. Suppose a task node k located at the
center of this region, i.e., location (0, 0), and generates task ε
to offload at time tε . Denote the distance from fog node n to
this task node k as Vεn := d(Xk(tε),Xn(tε)), which obeys the
distribution in Lemma 2. In delay-oriented offloading, whose
gravity function follows the generic form, Theorems 1 and 2
still hold, so we have the following corollary, similarly as
Proposition 1 and Corollary 1.

Corollary 2: In delay-oriented offloading, the expected
network effort to offload an individual task E(NEε) is constant
with respect to the size of the fog network N, and the expected
device effort E(DEε) = O(1/N), which decreases first, and
eventually converges to a constant value as N increases.

Proof of Corollary 2 can be found in Appendix E in the
supplementary material.

Combining Corollaries 1 and 2, we proved Theorem 3 for
the gravity offloading model. We highlight two insights from
this analysis. From the perspective of application-level perfor-
mances, the delay of the offloading service decreases quickly
at the beginning, but maintains a certain level as the fog system
scales (size N increases). From the perspective of resource
consumption, the demand for storage and processing resources
(measured by the device effort) increases sublinearly, which
can be satisfied by the simultaneous capacity boost as the fog
system scales, while the demand for communication (measured
by the network effort) increases linearly, leading to a possible
network resource drain when the size of the system is large.
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Fig. 4. Describing a delay-oriented offloading process with the gravity model: (a) CPU occupancy decreases with the system size N, and relaxing the
selectiveness (from ρ(x) = x10 to ρ(x) = x) can achieve load balancing among fog nodes and (b) both the queuing delay E(TεQ|n) and task lifetime E(θε) of
an individual task are proportionate to the task generating rate β, and exhibit O(1/N) decreasing with respect to the network size.

TABLE IV
SIMULATION CONFIGURATION

V. NUMERICAL EVALUATION

The significance of the proposed gravity model is two-
folded. As a versatile model, it can be flexibly configured to
mimic the behavior of different offloading schemes, such that
their performances can be evaluated through analysis or sim-
ulation to answer the “remedy or resource drain” question for
massive offloading in large-scale systems. On the other hand,
the gravity model itself can also be executed as a distributed
offloading scheme on task nodes, whose performance can be
compared with others to select the most appropriate scheme
for IoT applications. To validate these two aspects, we sim-
ulate task offloading in fog systems of different sizes, with
configurations listed in Table IV.

We consider a 1000 × 1000 m2 region, where task/fog
nodes move with a speed-constrained random walk of maxi-
mum speed 10 m/s. The maximum data rate Rmax is set to be
10 Gb/s, according to the RAT configuration listed in Table II.
We consider tasks with different data volumes, ranging from
1 Mb to 1 Gb, accounting for data collection, translation,
video trans-coding, VR/AR applications. This uniform distri-
bution with uneven dispersion is motivated by the existing IoT
application traffic [29], future VR/AR application traffic [11],

[34], also following conventions of related works [13], [15],
[16], [17]. The number of task/fog nodes ranges from 100
to 10000, while the task generation rate β varies from 0.01
to 0.5, to examine the performances as the system scales.
Transmission power of task/fog nodes ranges from 0.01 to 0.25
W, taking different RATs in Table II into consideration. The
processing power of fog nodes ranges from 1.3 to 3.5×10−7

J/cycle, referencing [17]. For each configuration, the simula-
tion is run for 100 times, each of which has randomly changing
initial configurations (light-colored markers), to obtain the
ensemble mean (bright-colored markers and lines).

A. Describing Offloading Scheme With the Gravity Model

We first examine whether the gravity model can describe
offloading schemes with different offloading criteria. We con-
sider the delay-oriented offloading scenario, because delay is
the major concern for many IoT applications.

First, two application-level performances of the delay-
oriented gravity model, namely, CPU occupancy of fog nodes
and the task lifetime, are presented in Fig. 4. From the
perspective of fog nodes, the CPU occupancy in Fig. 4(a)
quantifies the percentage of times slots in which the CPU of
a fog node is busy processing tasks. The O(1/N) decreasing
occupancy over the number of nodes N echoes with the anal-
ysis of offloading probability in Theorem 1 and the offloaded
processing load E(Yn) in Theorem 2. Meanwhile, relaxing the
selectiveness function from ρ(x) = x10 (blue dashed line with
triangle markers) to ρ(x) = x (red dashed line with round
markers) successfully balance the processing load among fog
nodes, as indicated by the lower average CPU occupancy as
well as the number of high-occupancy nodes in the inner plot.
When ρ(x) = x, task nodes are less reluctant to switch offload-
ing targets, as a result of which, the processing load is divided
more evenly among fog nodes (red bars), instead of overload-
ing a small number of powerful fog nodes (blue bars that
concentrating at the high occupancy end). From the perspec-
tive of the offloading service, the task queuing delay (red lines
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(a) (b) (c)

(d) (e) (f)

Fig. 5. Comparison between the delay-oriented gravity model (red, ρ(x) = x) and the MBR offloading scheme (blue): The chosen offloading targets under
the two schemes are very similar, i.e., (a) in over 50% of the offloading procedures, the MBR target fog node also imposes the largest gravity, and when they
differ, (b) maximum difference in ranking is at most 3. The difference in ranking the offloading candidates is mainly caused by (c) more frequent preference
of local processing in the gravity model. However, the delay-oriented gravity model achieves (d) lower application delay and (e) lower storage and processing
resource per task, but (f) more communication resource.

and markers), and task lifetime (blue lines and markers) in
Fig. 4(b) are both O(1/N), as stated by Theorem 2. These
indicate the designed gravity model can describe a family of
offloading schemes with different settings.

B. Comparison With Existing Offloading Schemes

Next, to examine the detailed behavior of the gravity model,
which is a fully distributed scheme that does require any coor-
dination, we compare it with the cooperative MBR offload-
ing [15] and matching theory-based efficient task offloading
(METO) [17], to test offloading scenarios with single criterion
(delay oriented) and multiple criteria (delay-energy-hybrid),
respectively.

1) Single Criterion: The MBR scheme [15] is designed to
minimize the task lifetime, so we compare it with the gravity
model with delay-oriented gravity function in (8). Numerical
results of this comparison are presented in Fig. 5. MBR is
expected to achieve the global optimal (at the current time
slot) with the necessary information of all fog nodes, such
as the queue length on each candidate fog node, so an extra
communication time (2 and 10 ms) is added in the simula-
tion as overhead. We highlight three observations from the
comparison.

Overlapping Offloading Targets: The target in MBR is in
most cases the same candidate fog node that imposes the
largest gravity force on the task, with a hit ratio higher than

70%, as shown in Fig. 5(a). When it is not the case, the MBR
target still resides in the top 3 candidates obtained by the grav-
ity model, as shown in Fig. 5(b). Particularly, as the system
scales (larger N), the maximum difference between the two
schemes becomes smaller.

Similar but Better Delay Performance: In both schemes, the
decreasing trends of the task lifetime in Fig. 5(d), and hence
the device effort in Fig. 5(e), are all O(1/N) as the system
scales, indicating that the gravity model accurately captures
the performance change in the fog-based IoT system. Despite
the same O(1/N) decreasing trend, the gravity model, which
is also a distributed offloading scheme, achieves a lower task
lifetime than the MBR scheme in most scenarios. The reason
behind this delay reduction is the lower queuing delay due to
the automatic load balancing as a result of the probabilistic
offloading, which is especially true when the system is large.
In these cases, the gravity model allows a strictly positive
probability to offloading a task to the “suboptimal” candidate
to avoid burdening some fog nodes. Consequently, tasks may
be offloaded to fog nodes that are farther away, which explains
the higher average network effort in Fig. 5(f).

Diverging Offloading Ratios and Network Efforts: The main
difference between the two offloading schemes lies in the
offloading ratio, as shown in Fig. 5(c), which leads to the
diverging network effort in Fig. 5(f). The gravity model tends
to execute the task locally, due to its strict criterion for offload-
ing, resulting a lower than 50% offloading ratio. However, this
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(a) (b) (c)

Fig. 6. Comparison between the gravity model (red, ρ(x) = x10) and METO scheme[17] (blue) in a hybrid offloading scenario: (a) offloading ratio of METO
is well captured by the gravity model, especially when the system (N) is large; (b) gravity model achieves similar local energy consumption, i.e., energy
consumed by the task node, as METO, but consumes more energy in total; (c) scaling of the lifetime is captured, but METO achieves lower lifetime due to
the MBR + TOPSIS enhancement.

ratio can actually be tuned by adjusting the threshold (zero in
this case) of triggering an offloading, as will be discussed in
the next section.

2) Multiple Criteria: The METO scheme [17] allows task
node to employ multiple offloading criteria, but requires global
information, including processing time and energy, to rank the
candidate and perform matching. We compared it with the
gravity model in a delay-energy-hybrid offloading scenario,
where half of the tasks are subject to delay-oriented offload-
ing and the other half to energy-oriented offloading. To better
compare the two, we combine MBR and the TOPSIS-ranking
algorithm in METO to enhance its performance, such that the
queuing time is also taken into consideration for delay-oriented
offloading criterion. Numerical results are shown in Fig. 6,
by which we observe that the offloading ratio and energy
consumption of task nodes are well captured by the grav-
ity model. We also observe that the MBR-enhanced METO
achieves a task lifetime as low as the delay-oriented offloading
with the gravity model. This gap in total energy consumption
and task lifetime can be attributed to the full information of
candidate fog nodes (which incurs communication overheads
of at least O(N) rounds of control message exchanges that are
not accounted for), and the TOPSIS-based ranking calculation,
whose complexity is O(N2). Nonetheless, the scaling behavior
of energy consumption and task lifetime over the system size
N are still captured by the gravity model.

Results in Fig. 4–6 indicate that the proposed gravity
model can effectively describe an offloading process, while
the designed forms of gravity and selectiveness allow flex-
ible adjustments in offloading preferences. Moreover, it also
enables us to theoretically analyze the performance of offload-
ing service in the fog-based IoT, as the analytical results in
Section III and Section IV apply to systems of any scale (N).

C. Gravity Model as Offloading Scheme

Considering its advantages of being fully distributed, and
easy for scalability analysis, the gravity model itself can also
be implemented as an offloading scheme. To further exam-
ine its performances in different scenarios, more simulations
are conducted under different task generation rates (β) and
selectiveness functions (ρ(x)), as illustrated in Fig. 7.

We highlight the following observations from these results.
1) Theorems 2 and 3 Hold for All Cases: The scaling laws

over the network size N derived in Theorems 2 and 3, i.e.,
O(1/N) task lifetime, O(1/N) device effort, and O(1) network
effort, are captured by the red lines in Fig. 7.

2) Rate β Does Not Change the Scaling Behavior:
Theorems 2 and 3 hold for all task generation rates (β).
The higher the processing load (larger β), the longer the
application-level delay, and the larger device effort. Due to
its stochastic nature, however, the amount of communication
resource spent on a single task does not change over the
workload, as indicated by the overlapping red/blue lines in
Fig. 7(c). This behavior differs from the MBR scheme, but is
especially useful in network planning due to its insensitivity
to processing load.

3) Selectiveness ρ(x) Greatly Affects the Network Effort:
Theorem 2 holds for all ρ(x) in polynomial forms, which
is well captured by both the red and blue lines in Fig. 7(a).
Consequently, device effort also follows the O(1/N) decreas-
ing, as shown in Fig. 7(b). The network effort, nonetheless,
is greatly affected by ρ(x), changed from O(1) to O(1/N) as
indicated by the blue lines in Fig. 7(c), alleviating the pos-
sibility of resource drain when the system scales. Moreover,
comparing it with Fig. 5, we see that tightening selectiveness
in the gravity model to ρ(x) = x10 can capture the decreasing
trend of network effort of the MBR scheme and the METO
scheme, implying the flexibility and descriptiveness of the
gravity model.

From the perspective of performance, these simulation
results indicate that, task offloading in the fog system is a
remedy to delay-sensitive applications for IoT, as task lifetime
decreases quickly with the size of the network. Nonetheless,
it is also a possible resource drain to the edge network, in
the sense that the linearly growing consumption of total com-
munication resource, i.e., the sum of network effort during
a certain time period, may not be sustained in this course,
considering the limited network capacity of the edge network.
While resource drain at the edge may be attributed to many
possible reasons, including spectrum misuse, network over-
lay, and so on, uncontrolled, massive, and frequent task
offloadings introduced by an open fog system clearly adds
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(a) (b) (c)

Fig. 7. Under the gravity offloading model, the task lifetime and device effort scales as O(1/N), while the network effort scales as O(1). The form of the
selectiveness function ρ(x) has a great impact on all three performance metrics, especially when the load is high (β = 0.5 dashed line with round markers).
(a) Lifetime. (b) Device Effort. (c) Network Effort.

to the risk, especially considering the explosive growth of IoT
devices.

VI. CONCLUSION

In this article, we study the performance evaluation problem
of task offloading processes in fog-based IoT systems. To
address challenges incurred by the diversity of offloading
schemes, we define new metrics, and propose a gravity-based
offloading model, which can describe various offloading cri-
teria. Our analysis and simulation results show that, while
the QoS of offloading service improves as the system grows
larger, the amount of share network resource consumed by
the offloading process scales linearly, indicating a possible
resource drain at the edge. Our findings extend the knowledge
on fog computing, particularly on its scalability, which are
important steps before prototype design, experiments, or real-
world system implementation. More importantly, the proposed
metrics, gravity model, and analysis framework shed lights on
modeling of heterogeneous wireless systems through the lens
of data, contributing to the design, planning, and deployment
of such large-scale paradigms.
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