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Abstract

INTRODUCTION: The Internet of Things (IoT) has transformed daily life by interconnecting digital devices via integrated
sensors, software, and connectivity. Although IoT devices excel at real-time data collection and decision-making, their
performance on complex tasks is hindered by limited power, resources, and time. To address this, IoT is often combined
with cloud computing (CC) to meet time-sensitive demands. However, the distance between IoT devices and cloud servers
can result in latency issues.

OBJECTIVES: To mitigate latency challenges, Mobile Edge Computing (MEC) is integrated with IoT. MEC offers cloud-
like services through servers located near network edges and IoT devices, enhancing device responsiveness by reducing
transmission and processing latency. This study aims to develop a solution to optimize task offloading in IoT-MEC
environments, addressing challenges like latency, uneven workloads, and network congestion.

METHODS: This research introduces the Game Theory-Based Task Latency (GTBTL-IoT) algorithm, a two-way task
offloading approach employing Game Matching Theory and Data Partitioning Theory. Initially, the algorithm matches IoT
devices with the nearest MEC server using game-matching theory. Subsequently, it splits the entire task into two halves and
allocates them to both local and MEC servers for parallel computation, optimizing resource usage and workload balance.
RESULTS: GTBTL-IoT outperforms existing algorithms, such as the Delay-Aware Online Workload Allocation (DAOWA)
Algorithm, Fuzzy Algorithm (FA), and Dynamic Task Scheduling (DTS), by an average of 143.75 ms with a 5.5 s system
deadline. Additionally, it significantly reduces task transmission, computation latency, and overall job offloading time by
59%. Evaluated in an ENIGMA-based simulation environment, GTBTL-IoT demonstrates its ability to compute requests in
real-time with optimal resource usage, ensuring efficient and balanced task execution in the [oT-MEC paradigm.
CONCLUSION: The Game Theory-Based Task Latency (GTBTL-IoT) algorithm presents a novel approach to optimize
task offloading in [oT-MEC environments. By leveraging Game Matching Theory and Data Partitioning Theory, GTBTL-
[oT effectively reduces latency, balances workloads, and optimizes resource usage. The algorithm's superior performance
compared to existing methods underscores its potential to enhance the responsiveness and efficiency of loT devices in real-
world applications, ensuring seamless task execution in IoT-MEC systems.
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and battery life can make it difficult to meet the growing
demand for computing power and provide real-time
experiences. Overcoming these limitations is essential for
achieving digital intelligence in various industries [1].
Current network topologies cannot handle the amount of

1. Introduction

Mobile devices are becoming more powerful and can now
run more complex applications, but their limited resources
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data generated by IoT devices, so the cloud is a better
option for processing this data quickly and efficiently.
Clouds can provide unlimited resources and computing
services, but this comes at a cost: more energy is consumed
because the data has to be transmitted to distant servers [2].
Mobile edge computing solutions improve compute
capabilities for time- and computation-intensive IoT
applications by addressing issues like location
unawareness, mobility support, low latency, and rapid
reaction times [3]. Shifting remote processing to close edge
servers can improve computation speed, decision-making,
latency reduction, and resource efficiency, despite adding
computational burden since the distance between an edge
server and the device plays an important role in remote
computation for calculating the total task transmission and
computation latency [4]. MEC servers are recommended
for limited local resources, but this prolongs processing
latency and delays. Task offloading in MEC computing is
challenging due to factors like latency, energy
consumption, workload distribution, and longer
transmission durations, which impact model performance
and resource allocation (RA) [5].

Nonetheless, Edge Computing (EC) has enhanced cloud
capabilities near network edges, while optimal RA is still a
crucial challenge for efficient decision-making and
processing. The proposed resource allocation mechanism
in IoT enhances Quality of Service (QoS) by reducing
energy usage and utilizing all available resources within
the fog network [6]. However, the deployment of EC in
sparsely inhabited areas is another major challenge. To
overcome this challenge, a satellite-based Internet of
Things (SAT-IoT) was developed using deep
reinforcement learning to optimally distribute resources
[7]. Tt is essential to eliminate as much delay as possible to
deliver time-critical responses. Thus, to minimize delays in
IoT applications like healthcare, a combination of task
offloading (TO) and task scheduling (TS) combined with
effective resource allocation is proposed to reduce overall
task generation costs [8]. Also, deploying edge servers
cooperatively, where tasks are divided among MEC
servers, can reduce task computation latency, which is
more efficient than static offloading techniques [9].
Another significant problem in EC is identifying the most
appropriate resource for job computation. A three-tier TO
technique has been developed to optimize the allocation of
cells as computing resources in EC to ensure efficient cell
formation, selection, and offloading for real-time answers
[10]. In an IoT-MEC environment, both the devices and
MEC servers are resource- and power-constrained;
therefore, there is always a scarcity of resources. Resource
management and allocation in an optimal manner are thus
critical requirements [11].

The carbon emissions produced during task computation
(TC) operations are another significant difficulty for the
MEC computing environment. The alternate direction
method of multipliers (ADMM) technology reduces task
traffic congestion in the MEC computing environment by
reducing carbon emissions from TC, TO, and RA
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operations [12]. The inverse relationship between energy
usage and latency suggests that evenly distributing
workload among servers can reduce total energy and
optimize latency [13—15]. Proactive caching and optimal
work allocation among MEC servers is another suggested
method to reduce TC latency using clustering and matching
game theory, but challenges include task division,
scheduling, and assignment in multi-server environments
[16-17]. Long-term evolution (LTE) is one of several
technologies that are utilized for task transfer in remote
locations. However, OpenAirlnterfaces with network
slicing can be used instead of LTE for improved user
quality of experience (QoE) in remote location task transfer
[18]. The MEC platform can utilize location-based services
for computational offloading to decrease latency for mobile
users [19]. If emphasis is given to the caliber of network
connectivity and resource usage, the overall TC time may
be reduced by a substantial amount. This may be done by
using sparse code multiple access (SCMA), a method that
enhances network performance and throughput [20].
Unmanned aerial vehicles (UAVs) can create a perfect
MEC environment with minimal latency, efficient energy
usage, and high QoE based on key factors and RA
approaches [21-24]. Optimal RA approaches are also
required when data is aggregated at MEC servers and is
required to be processed in a real-time manner. The use of
smart grids in this case proves to be a better option [25].

Pre-allocation of resources can also be done before
transmitting the data for remote computation. This
significantly reduces the total uplink transmission latency.
When resolved using a distributed antenna system (DAS),
fewer resources with optimal utilization were achieved in a
5G environment [26-27]. With resource utilization, it is
very necessary to optimize energy utilization and traffic
congestion on the server. This has been achieved using an
active queue management-based green cloud model
(AGCM) under stringent deadline constraints [28-29].
Many 6G transmission techniques are being used
nowadays with enhanced data transmission rates in Tb/s
and ultra-latent responses, especially for collecting
seismological and geophysical data [30-31]. Using
multiple-offloading strategies with data portioning can also
significantly reduce total TC time and latency overhead
with balanced workloads and cell selection [32-33].
Another promising solution for a real-time IoT
environment is IoT-Grids (IoT-G), with broad optimal
spectrum resources for TC and scheduling purposes. These
activities can also be done using a multi-server
environment where tasks can be redirected for workload
balancing [34-35].

Moreover, Mobile Edge Computing (MEC) architecture
integrates with ultra-dense networks (UDNs) for 5G,
employing a DQN-AC algorithm to optimize computation
offloading and resource allocation [36]. Queuing time also
adds up to the total latency in task computation in MEC;
therefore, employing differential-difference equations to
model IoT-based MEC systems and utilizing M/M/1 queue
theory to compute performance can significantly reduce the
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queuing latency [37]. A multi-task offloading scheme
utilizing a hierarchical spatial-temporal monitoring module
and fine-grained resource scheduling can be used for task
awareness, abnormality inference, and offloading
efficiency [38]. Addressing service dependencies through
joint consideration of task scheduling and resource
allocation utilizing a layered scheme and detailed
algorithms minimizes latency and energy consumption
[39]. Incorporating relay selection and adaptive bandwidth
allocation, which minimize computation time by utilizing
evolutionary algorithms, can resolve joint multi-task partial
offloading issues in MEC servers [40].

In addressing the crucial challenge of minimizing task
computation latency and making optimal task offloading
decisions for improved resource utilization and heightened
responsiveness, this paper employs two synergistic
theories. The first, Game Matching Theory, is harnessed to
determine the nearest Mobile Edge Computing (MEC)
server, thereby reducing overall task transmission and
computation time. The second theory, Data Partitioning
Theory, is applied to optimize resource utilization through
parallel task computation in both local and remote regions,
resulting in enhanced responsiveness with minimal latency
overhead. With the combination of the above two theories,
an optimal task computation and offloading algorithm has
been proposed namely the Game Theory-Based Task
Latency (GTBTL-IoT) algorithm. The proposed task
offloading and computation algorithm surpass comparable
algorithms in efficiency, significantly reducing total task
computation overhead and ensuring timely processing of
tasks in critical scenarios.

2. System Model Development

An [oT-MEC task offloading solution has been proposed
to address latency issues using IoT and MEC. It assigns
workloads to local and remote locations for parallel
computing due to IoT devices' limited storage and
calculation capabilities. The structure of the proposed IoT-
MEC model is shown in Figure 1.
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Figure 1. Proposed System Model (GTBTL-IoT)

The proposed system paradigm generates various tasks
randomly in the IoT zone, each with varying data size and
computational power. Due to this variability in the nature
of tasks as well as computing devices, each task as well as
the device and server should be modeled based on its
unique ID, computation facilities and requirements, and the
amount of memory required and utilized through task
modeling, device modeling, and server modeling.

2.1. Task Modeling

IoT devices perform various tasks like sensor analysis,
streaming, and document uploading, each acting as a
standalone operation or part of a larger procedure. In
general, any generated task may be categorized as a vector
of five possible attributes, namely Task ID (A;p), Task
Size (d,),Computational Intensity i.e., number of CPU
Cycles in bits (c,), Task Deadline (A.;) and Task
Workload (WL,). It may be modeled as A
(A1, dp, cAAegs WL,). According to the proposed model, a
task A is computed within a time which is the sum of time
to compute at the local region (Tcmp) time to compute at

the remote region ( Cmp), and total time to transmit a task

at a remote region (tTransy). chmp and tTransy is 0 in
the case of complete local task computation (TC).

The device must allocate work units for both local and
remote computing before the deadline to offload work
when local computing is insufficient. The device makes the
internal choice to offload or divide tasks, which may be
calculated as given in equation (1).

toff = Arp — t

1
tspiic = Arp — (toff/z) M
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where, t,s is the total time to offload the task and tgp;;; is
the time to break the task into smaller components. The
task component is assigned to the MEC server using the
available bandwidth BW; after being split into two halves.
Next, tTranst may be calculated as given in the equation

Q).

remote
dy

BW;log,(1 + SINR;)

tTranst =

2
where SINR; is signal-to-interference plus noise ratio and
can be calculated as given in the equation (3).

R tTrans;Chg;;
¢ Y Yien jev Trans;jChg;; + 0

SIN 3)
where, BW; is the bandwidth allocated to the local device,
dremote is the size of data for the task sub-component,
Chg;j is the channel gain between device i and server j
where { € N and j € U and N, U are the total numbers of
IoT devices and MEC servers present in a specified
deployment area. Next, d is the Gaussian white noise
factor. Equations (2) and (3) are used to calculate the total
transmission time of the task as well as the signal-to-
interference ratio. The SINR is calculated since there are
millions of ToT devices connected to a single server.
Therefore, there is a high chance of packet loss and channel
fading. Therefore, the transmission time will be calculated
using the beamforming theory which calculates SINR as a
crucial component.

IoT devices connected to a single MEC server require noise
computation to prevent data transmission impacts. Parallel
remote and local computing uses parametric comparisons
and assessments for task offloading, with random split
points as P. The following equations (4), (5), and (6)
calculate the task splitting procedure for parallel
computation. Firstly, the whole task data size is divided

into Mpackets as the total number of task components is
given in equation (4).

d
Npackets = 710 4)

Next, the point at which these components should be split
for local and remote execution is calculated by split point
P, whose value depends on the job, device, and server state,
using the pivot point setting formula given in equation (5).

Npackets
P = p /ATD * 2 (5)

Using Equations (4) and (5), the total task is split into two

halves. Next, the total computation time TC’mp in which the

task will get computed remotely can be represented as
given in equation (6).

Tdnp = tosr + tspue + tTransf 6)

Similarly, if the task gets computed locally without any
offloading, then it may be computed as follows:

O EAI

i _ (dy=Toff) -

= Cap,
where, Cap; is the computational capability of device i. If
the task-splitting process is carried out then the total
computation time can be calculated as:

Temp = (Tcimp + chmp)- ( aij) (8)
Here a;; will be 0 if no remote computation takes place. In
that case Tcmp = Tcimp respectively. The task, when it gets
processed over a specific resource, will impose some
workload on it. Therefore, the total workload imposed

(WL,) by the task may be calculated as given in equation
).

WL, = d, * Tof f * (%) )

The workload is measured in WLU and has a significant
impact on the processing time of the task in the IoT region.
The workload is the single independent factor that decides
the total number of CPU cycles that are to be utilized for
TC and, hence, how many tasks can be executed in a single
instance of time.

2.2. Device Modeling

IoT devices generate computing jobs by representing U [oT
nodes, each with potential properties like Workload (WLy),
total allotted bandwidth (Bw;), Device ID (ip), and
computational capability (Capi). Each device is
individually recognized by ID, determining its state in the
ToT-MEC ecosystem, where device capacity is determined
by processor speed, memory health, queue size, and
network usage. Server workload is important for offloading
activities to prevent resource depletion and wasteful use
and can be calculated as given in equation (10).

WL, = WL, (10)
An€A
Each device has a threshold capacity for processing
offloaded tasks and workloads. WL, represents the
maximum permissible workload, and the mathematical
formulation given in equation (11) determines the available
processing capacity for arriving loads.

WLl;“em = WLimax - WL; (11)

where, WL, is the remaining workload capacity left for
the device. If the incoming tasks do not fit with WLL,,,,
then it may cause workload overflow and thus it is rejected
and sent back for waiting until the current time instant is
complete.

2.3. Sever Modeling

This section covers the modeling of j edge servers, using j
(jip, Capj, Bw;, WLj). Here jip represents the unique ID of
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the server, Cap; is the computational capability of the
server measured as the total number of CPU cycles it
affords, Bwjis the total allocated bandwidth and WL; s the
total workload imposed upon the server. The recommended
model consists of U IoT nodes and portable N MEC
servers, with dynamic devices that can be remote or near
the server. The chosen region has the geographical
distribution of N MEC servers, allowing the server's
workload to include the total number of devices managed
and tasks created. Therefore, WL; may be calculated as

follows:
WL, = Z WL (12)
LEN

To process tasks on a server, it's vital to determine the
available workload to avoid issues like request overload or
resource exhaustion, which could disrupt real-time job
computation. Thus, to calculate the remaining workload
capacity, equation (13) can be used:

(13)

The same is done in the case of the server where if the
incoming task exceeds WL/.,,,, it is rejected and sent back
for waiting until the current time instant is complete.

=wlL! WL,

max ~ 1

wiLl

rem

3. Task Offloading Strategies

This section discusses various offloading strategies for task
offloading, focusing on optimizing resources, minimizing
latency, and enhancing response times, as described in the
subsections.

3.1. Distance-Based Task Offloading

Multiple MEC servers are located at different locations.
Therefore, it is necessary to know the distance between the
device and these servers. Also, IoT devices are dynamic
and always moving. Because of this, the distance value is
variable at every instance of time. Let x and y represent the
coordinates of each device and server. The distance
between each pair can be calculated using equation (14).

taist = J(fm —ix)?+ (jyl - iy1)2, taist (14)
< tgist

where (ix1,1y1) and (jyq, jy1) are the co-ordinate of server
j and device i and tJisf is the maximum acceptable
distance between the associated pair i-j. Minimal uplink
transmission delay is achieved by implementing
restrictions on device connections to the closest server,
reducing task offloading time, and ensuring efficient
computing. It is therefore important to check the minimum
distance association between i-j. This can be accomplished
using equations (15) and (16).

O EAI

Cons A: min Z Z(tdist) <tagist (15)
uev, jeN
Cons B = Z a;;€{0,1} (16)
JjeN

The minimum distance is selected based on the availability
of an array of MEC servers. These servers are first
discovered, and the nearest server is selected before the
final task is offloaded. The nearest-distance resource
discovery algorithm proposes the discovery and selection
of the nearest computing resource to minimize total
transmission and computation latency and provide real-
time responses. This approach has been used for task
offloading to cut down the total transmission delay and
resource allocation within the given system deadline.

Algorithm 1: Nearest Distance Resource
Discovery Algorithm

INPUT: Set of loT Nodes ie U, Set of MEC Servers
jeN.

i= {il,iz,i3, ey inv} andj = {i1vj2rj3r -----:jnr}
OUTPUT: Association pair i-j with shortest distance
START
Discover j*// possible i-f pairs
For i" device make a distance-based set of server j*
discovered for association as t/,, = {d,,d,,ds, ..., dy,}
For k=0 to n-1
Search for min(t),,) using eq 15.

Calculate SINR by eq 3
Verify Cons A and Cons B by eq 15 and 16
IF Yes THEN

Seta;;=1

Proceed To Algorithm 2
ELSE

GOTO Step 1
STOP

As discussed in the Resource Discovery Algorithm,
initially all the available MEC servers will be discovered,
and the nearest server will be assigned for TO and TC
operations. With the help of the algorithm, TC is achieved
with optimal latency in a time-critical manner.

3.2. Device-Based Task Offloading

Task offloading splits tasks locally, remotely, at edge
servers, or in the cloud, adjusting resource requirements
and affecting execution times significantly. The
requirements of task execution include the same model of
the task, i.e. A(A;p,d,, €y Arp, Apry WL,). As discussed in
sub-section 3.1. If the device where the task is initially
generated matches the requirements, then it may get
executed locally without offloading. Otherwise, it has to be
offloaded to either an edge server or a remote server for
execution. Table 1 summarizes variables and comparisons
for task requirement-based offloading in one-to-one
parametric comparisons, aiding decision-making.
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Table 1. Parametric Comparison for Resource

Assignment
Considered Split Offloading R
. . emarks
Parameters Decision Type
dy > M}, Yes Partial Offload to
Server
d, > Mg, Yes Partial Offload to
Cloud
WL, > WL, Yes Partial Offload to
Server
WL, > WL, Yes Partial Offload to
Cloud
Temp > Thngp Yes Partial Offload to
Server
Temp > Ty Yes Partial Offload to
Cloud

Now, each device i has limited memory and storage
capacity to process the tasks and give computed results. Let
Mg be the total free memory available unused and M0,
be total memory allocated for the computation of some
task; currently allocated memory will be calculated by
dividing the total memory given by the used memory.
Thus, total memory Mg, maybe given asMgypq =
Mgree + Mggoc- First of all, the status of computing
resources, that is, the devices and servers, will be updated
for that instant of time. Secondly, their status will be
mapped to task computation requirements as described in
Table 1, and a final TO decision will be made. If the task
computation requirements are not accomplished either by
the device or by the server, the task will be finally rejected
for that instant of time, as described in Algorithm 2. The
rejected tasks will be checked for recomputation for a
different time window after some wait time.

Algorithm 2: Task Execution Decision Algorithm

INPUT: Set of tasks a;=[a, 5,43, .....,A,] N€EA.
OUTPUT: Assignment of each unit of task A to a local
device or edge server or cloud for computation and
delivery of computed results
START
Let TS(t)= ay(t)
WHILE TS(t) # NULL DO
Check task status by a(a,p, d,, c,, Arp, Apr, WL,) .
Check device status by i(i;y, Cap;, Bw;, E;, WL,)
Check server status by j(j,p, Cap;, Bw;, E;, WL;)
FOR k=1 to n-1
CHK 1: IF Temp < arp AND WL, < Cap; AND d, < M},,,

Initially a; to be allocated to i for local processing
CHK 2: IF Tcmp > arp AND WL, > Cap; AND d, > M},

IF WL, < WL, AND A, < ME,,
Initially a;(t) to be allocated to server j for remote
processing at server

ELSE
CHK 3: Reject Task

Computation

ENDIF
ENDIF
ENDFOR

ENDWHILE

Proceed To Algorithm 3
STOP

O EAI

The proposed Task Execution Decision Algorithm maps
the current status of both the device and server with that of
the task computation requirements before the final TO
decision. This will help to elevate the system’s
performance by optimally assigning computing resources
to the tasks and computing them in a real-time manner for
the proposed MEC-IoT model. Next, the task will be split
into two subcomponents: one will be computed locally,
and the other will be a computer in a remote region in
parallel. This remote region is the same to which the device
has been connected using Algorithm 1. On this server, the
split task component will be finally offloaded for remote
computation.

3.3. Split-Based Task Offloading

The goal of carrying out Task Splitting is to minimize the
total task computation latency with optimal RA. For this
purpose, two sets have been designed namely A=
{al,Ab, .. ah), R, = {af,a5,....., a8}, and containing
those subunits of tasks A assigned for local and remote-
based computation. The size of the total task may be
represented as L, + R, in the case of the server association.
It may be formulated as given in equation (17).
Asize = (Lx + Rx)- ( aij) (17)

It is a crucial requirement to optimize offloading decisions
by assigning the best resources for each task subunit's
execution and delivery, minimizing energy and latency
limitations. This is accomplished by Algorithm 3 after
successful task splitting using Algorithm 2.

Algorithm 3: Resource Assignment Decision
_Algorithm (Final Task Offloading Decision)
INPUT: Set of local processing subunit L, =
{al, 45, ..., AL}, Set of remote processing subunits R,
={af 4%, ....,aA8} and Set of Cloud processing
subunits DC, = {a§,4S, ....., a5}
OUTPUT: Optimal task-splitting and resource
allocation for Task Offloading.
START
GOTO CHK1
Allocate task subunits to L, until P

GOTO CHK2
IF WL, < Cap; AND d, < M},., AND arj < T},

Offload to Edge server j

results = L, UR,

ELSE
GOTO CHK3
Reject

STOP

Algorithm 3 uses local computing mode and never
broadcasts tasks to distant regions, gathering all calculated
task components for decision-making. If an offloading
strategy is used, results are transmitted back to the device,
combining components for further decision-making. It
should be noted that the proposed GTBTL-IoT algorithm
only discusses uplink transmission delay. No discussion is
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done on the back propagation of results to the requesting
IoT device.

4. Performance Evaluation

GTBTL-IoT's efficacy is confirmed in terms of optimal
task computation latency and balanced task offloading
decision. The suggested approach is validated by
comparing it to similar proposed algorithms such as
dynamic task scheduling (DTS) [41], Fuzzy Algorithm
(FA) [42], and Delay-Aware Online Workload Allocation
(DAOWA) algorithm [43]. The DTS [41] algorithm tends
to reduce overall latency and energy usage in the fog zone
while maintaining optimal RA. FA [42] reduces task
service time by taking into account variables such as CPU
utilization and resource needs while DAOWA [43] intends
to lower the long-term average task service latency.
ENIGMA [44] is used to simulate an Edge Environment to
assess the performance of GTBTL-IoT. It is a scalable
simulator for the fog, edge, and cloud computing
paradigms.

Dataset. A dynamic and intelligent task offloading-based
strategy dataset [45] was used to simulate the proposed
GTBTL-IoT method. This database contains information
on latency, resource usage, user activity, and network
parameters and is used as input by GTBTL-IoT for the sake
of measuring its performance and its efficacy over other
algorithms.

Simulation Setup. For simulation, 150 used nodes are
distributed over an area of 1000 X 1000 m. The capacity of
each use node Cap; as well as the server Cap; is randomly
selected from Table II. The simulator parameter settings for
the proposed model have been summarized in Table 2.

Table 2. Simulator Settings

Simulation Parameter
Simulation duration

Setting Value
150-250 secs

Max. Acceptable Latency | [1.0-5.5] secs

Device Status Updating 10 sec

Server Status Updating 10 sec

loT to Edge Delay 200 ms

loT to Edge Jitter 50 ms

Edge To Cloud Delay 350 ms

Edge To Cloud Jitter 100 ms

SNR 100 dB
Subchannel Bandwidth 200 kHz
Packet Size 100-1000 bytes

Deployment Area Radius

1000 m

Max. Association Delay 15 ms

Fading Rayleigh Flat
Fading

Path Loss Exponent 4

Power Spectral Density of Noise -174 dBm/Hz

Data Size of Task [0.1-1] MBits

No. of Required CPU Cycles [0.1-1] GHz

Computational Capacity of Device | [0.7-1] GHz

Computational Capacity of Server | 20 GHz

Max. Transmission Power 300 mW

No. of lterations 5

No. of IoT Devices 100-1000

No. Of Edge Servers 5

O EAI

Data Preprocessing and Visualization. Preprocessing the
data is essential before executing the code through the
database. Prior to the final implementation, this
preprocessing stage is crucial for guaranteeing the accuracy
of classifiers and removing any inconsistent or
untrustworthy data. In order to prepare the data for testing
and training, preprocessing steps include data
normalization and scaling. The dataset is first split into
training and testing sets. To be more precise, 90% of the
data is used to train the suggested model, while the
remaining 10% is set aside for testing. The task offloading
approach is made more understandable by the analysis
done in [45]. Plot axis and Pyplot have been used to show
the findings using the suggested model. The model's results
may be properly presented and interpreted with the help of
these visualization approaches.

In the modeled environment, it has been assumed that there are
three computing regions: IoT, edge, and cloud. Every IoT node
is heterogeneous in terms of resource capacity and application
execution. The value of simulation parameters within a specific
range is determined by the minimum and maximum values of
the dataset collected, which is again tuned through the
pseudocode random number generator as shown in Figure. 2.

START

‘ Task Generated at Device Region ‘

Check
associativity
of
device-server
i<j) pair

Execute Algorithm 1

‘ Check Task Computation Requirements ‘

Execute Algorithm 2 \

‘ Update Device/Server Status ‘
L Check Workload, Memory and

Computational Capacity Status

Algorithm 2
Executed?

Execute Algorithm 3

|

Figure 2. Workflow diagram of GTBTL-loT

As illustrated in Figure 2, the TC method involves
randomly creating tasks on IoT devices, verifying
connectivity with the closest server, reviewing task
requirements, and updating device and server status. If task
specifications match available computational resources,
work is offloaded locally, or task splitting occurs for distant
processing. The task's sub-components will be gathered,
and a real-time choice will be made if Algorithm 2 is
successfully applied; otherwise, the procedure ends.
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4.1 Complexity Analysis of GTBTL-loT

The suggested Task Offloading and TC Latency
minimizing algorithm's complexity depends on the
following factors: (a) the number of resources needed for
TC, (b) the system deadline, (c) location awareness, and d)
the amount of workload being updated. Since the number
of tasks continues to grow exponentially from the initial
generation stage as the method approaches its queue size
threshold with fixed time constraints, the complexity of
tasks created is O(2”n). Since it is a linear activity, updating
the device and server in terms of their remaining computational
resources and location awareness has O(n) complexity. The
greatest iterative tolerance for Algorithm 1 is based on ¢, with
complexity 0(log,Z), where Z is an n-digit complex integer
withalog,(p1?) digit. Algorithms 2 and 3 are based on linear
feasibility with maximum iterative @,and complexity

0 (lo 9> W), where m is the number of inequality
2

constraints and n is the number of optimization variables. The

total complexity is 0 [(2"n) X (log,Z) x

(lo 9> W)] what moves with polynomial time.

5. Results and Discussion

The results of the proposed GTBTL-IoT algorithm and its
usefulness in lowering overall task computation latency
and optimizing workload allocation between local devices
and MEC servers are shown in this section. It also
illustrates how the algorithm is capable of making an
optimal task-offloading decision to maximize time and
resources.

5.1 Simulation Period Analysis

The simulation time of each approach has been
investigated in this section. Within the simulation time,
tasks are received, their status is updated, the locations of
servers and devices are updated, server workloads are
computed, tasks are split and offloaded, and the results are
evaluated. The task generation rate influences the duration
of the simulation. Table 3 shows the results of the
simulation after four iterations namely #I1, #12, #13, and
#14 respectively.

Table 3. Simulation Period Analysis

Duration (in Secs) 250
Warm-Up Period (in Secs) 90
Number of Active Nodes 150
#11 #12 #13 #l4 Average
DTS 12 14 15 16 14.52
FA 10 12 13 14 12.25

O EAI

DAOWA 9 11 12 13 11
GTBTL-loT 8 905 98 10 9.32

The simulation time was set to 250 seconds, with a warm-
up period of 90 seconds. Table 3 and Figure 4 show that
the DTS method occupied the majority of the simulation
time, 14.52 seconds on average. FA and DAOWA took
12.25 and 11 seconds, respectively. The suggested
GTBTL-IoT method, on the other hand, outperformed the
other three by requiring just 9.32 seconds on average for
simulation over all four iterations, demonstrating its
efficiency in terms of time and resource utilization.

16 1 —— DTS

- FA

15 1 —w— DAOWA
GTBTL-loT

14

13

12

11

Simulation Period

10

T T T T T T T T
80 90 100 110 120 130 140 150
No. of Active Nodes

Figure 3. Simulated Performance Vs Number of
Active Nodes

5.2 Latency Evaluation

The packet sizes of the incoming tasks vary from 100 to
1000 bytes. As a result, the task computation latency of
these variable-sized tasks varies. The total latency is
determined by a variety of factors, including the time it
takes to record the available resources, the deployment area
for task computing, the waiting or queue time, task
transmission time (if transferred for remote computation),
server queue time, and other critical variables. Table 4
summarizes the results of the latency evaluation after
simulating for four iterations respectively.

Table 4. Latency Analysis

Duration (in Secs) 250
Warm-Up Period (in Secs) 90
Number of Active Nodes 150
#1 #12 #I13 #l4 Average
DTS 148 150 165 180 160.75
FA 143 145 160 175 155.75

DAOWA 137 140 156 170  150.75
GTBTL-loT 129 132 150 164 143.75
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The goal is to develop a task-computing approach that will
undoubtedly lower total work computation time. Based on
Table 4 and Figure 5, it can be stated that GTBTL-IoT
outperforms DTS, FA, and DAOWA in terms of
minimizing total job computation delay. The overall
latency induced by the request from the IoT node until the
final results were delivered was simulated for all four
algorithms across four iterations. Finally, when GTBTL-
IoT caused the least latency overhead which is 143.75
seconds, DTS, FA, and DAOWA required 160.75 seconds,
155.75 seconds, and 150.75 seconds, respectively. Packet
sizes of up to 1000 bytes were progressively and steadily
raised to test performance.

180 + —— DTS

—&— FA

—#— DAOWA
170 4 —#— GIBTL-loT

160 4

150 4

Latency (In Seconds)

140 4

130 4

T T T T T
200 400 600 800 1000
Packet Size (In Bytes)

Figure 4. Latency Analysis Vs Packet Size

5.3 Task Offloading Decision

The choice to offload a task is dependent on the task
requirements, memory requirements, and constraints such
as workload overflow, device-server distance, allotted
server and device memory, and maximum resource
computing capabilities. Offloading a task as per the
GTBTL-IoT algorithm, includes breaking it into two parts,
calculating one locally and sending the other to the closest
server available, and then computing both in parallel inside
the same timeframe.

< EAI

Local note
Remote

s Parallel
m Cloud

Local

Cloud

Parallel

Figure 5. Task Offloading Decision

After Simulation, it was found that the GTBTL-IoT
algorithm chose parallel computing for 54.2% of the
incoming jobs, local computation for 24.6%, totally remote
computation for 8.6%, and total cloud offloading for 12.6%
of the workloads, as shown in Figure 6. The above
comparison analysis demonstrates how effectively the
proposed technique works. Also, an analysis of optimal
task offloading decisions was carried out in the same way
for DTS, FA, and DAOWA algorithms, whose results are
illustrated in Figure 6.

DTS

20000

20000

10000 10000

Local RemoteParallel Cloud Local Remote Parallel Cloud

DAOWA GTBTL-loT
20000

20000

10000 | 10000

0- 0-
Local Remote Parallel Cloud Local Remote Parallel Cloud

Figure 6. Task Offloading Efficiency

From Figure 6, it can be seen that DTS offloads its
maximum generated task to the remote server fully, FA
uses both parallel as well as full remote offloading
approaches while DAOWA offloads its task fully to the
cloud, which is again a complex process. However, as
compared to these three, GTBTL-IoT wuses parallel
offloading and task computation approach which proves to
be optimal for time and resource utilization.

5.4 Execution Time Analysis

The task's execution once it is delegated to a resource is the
subject of concern, but its interpretation in a real-time
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situation results are useful if they are received in a timely
way. The task generation variable is continuously provided
different values at various points in time t' for its
examination across various algorithms, as shown in Figure.
8, to assess the effectiveness of the GTBTL-IoT algorithm.
The task arrival rate in ms is given as rate = 0.1, 0.5, 1.0,
1.5,1.7,2.0,2.5, 3.0, 3.5, and 3.8. The average number of
tasks created in the IoT region with regard to ‘t' is used to
calculate the task execution time. This analysis is
summarized using Table 5.

Table 5. Execution Table Analysis

Duration (in Secs)
Warm-Up Period (in Secs) 90
Number of Active Nodes
#11 #12 #13 #14 Average

DTS 98 212 654 802 441.5
FA 86 203 623 792 426
DAOWA 82 198 601 779 415
GTBTL-loT 78 164 588 765 398.75

800 { —— DTS
- FA

700 4 —#— DAOWA
& GTBTLoT

Task Execution Time (In MilliSeconds)

T T T T T
200 400 600 800 1000
Number of Tasks (In Units)

Figure 7. Task Execution Efficiency Vs Incoming
Tasks

Based on Table 5 and Figure 7, it can be stated that
GTBTL-IoT outperforms DTS, FA, and DAOWA in terms
of task execution. The execution time can be determined
based on available memory, wait times in queues, allotted
resource blocks, and transmission times. After simulation
for all four algorithms across four iterations, it was found
that GTBTL-IoT took the least execution time that is
398.75 milliseconds seconds, as compared to DTS, FA, and
DAOWA which took 441.5 milliseconds, 426
milliseconds, and 415 milliseconds, respectively. It should
be remembered that tTrans = 0 in the case of local TC.
Therefore, a smaller number for the local computation
timeframe is received. The proposed algorithm works
better than any previous TO or computing technique.

5.5 Workload Distribution Analysis

The Poisson Distribution approach has been used to
analyze the load placed on various local and
remote resources for an array of tasks that are growing
exponentially. It would be easier to analyze the workload
imposed and the job computation efficiency when the task
is spread among the various available resource blocks in
accordance with the particular approach used. The task
distribution has a significant influence on the computation
and timely delivery of the results.

Task Offloading Accuracy in Different Approaches

25000 E Local
e Parallel
BN Remote
B Cloud

Task Packet Size

DTS FA DAOWA
Offloading Approaches

Proposed

Figure 8. Workload Distribution

It is observed that the DTS spreads its maximum
workload evenly between cloud and local resources,
whereas the FA prefers to divide its workload over local
resources. DAOWA places a remote edge server under its
maximum workload, which may result in data packet
congestion and an uneven distribution of workload
calculations. However, the proposed method minimizes TC
delay by making the most use of both local and
remote computing resources while moving the smallest
possible tasks to the cloud.

5.6 Resource Allocation

The term "resource block allocation time" essentially refers
to the period of time during which a resource block will be
assigned to the execution of a certain job. RBAlloc time
affects how quickly randomly generated jobs are
completed by the system deadline. This is crucial for
preserving a real-time environment for real-time responses.
The summary of resource allocation time of DTS, FA,
DAOWA, and GTBTL-IoT is shown in Table 6.
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Table 6. Resource Allocation time

Duration (in Secs) 250
Warm-Up Period (in Secs) 90
Number of Active Nodes 150
#11 #12 #13 #l4 Average
DTS 14 26 34 50 31
FA 12 21 30 45 27
DAOWA 10 18 27 40 23.75
GTBTL-loT 8 15 23 36 20.5

The packet size taken for simulation and resource
allocation of DTS, FA, DAOWA, and GTBTL-IoT
algorithms is plotted together and shown in Figure 9.
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Packet Size (In Bytes)

Figure 9. Resource Allocation Vs Packet Size

Based on Table 6 and Figure 9, it can be concluded that
GTBTL-IoT has the shortest RBAlloc time when compared
to the DTS, FA, and DAOWA Task Offloading
Algorithms. For a 10-unit task queue size, GTBTL-IoT
required 20.5 seconds on average of four iterations. DTS,
FA, and DAOWA took 31, 27, and 23.75 seconds,
respectively. As a result, it can be said that the suggested
method performed better than the other three.

6. Conclusion

The study suggests that a partial TO strategy is more
effective than sending the task to a remote server, and that
distance significantly reduces offloading overhead and TC
latency. Allocating tasks to local and remote regions in
parallel for computing reduces task processing delays and
improves system performance by enhancing responses.
The simulation findings show that the GTBTL-IoT
algorithm was effective in reducing the overall TC latency
at 143.75 ms as compared to DTS at 160.75 ms, FA at
155.75 ms, and DAOWA at 150.75 ms. In the future, this
work may be extended to enhance real-time responses in
IoT environments with better decision-making using deep
learning (DL) techniques. The DL models may be used to
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classify and prioritize the tasks for better resource
utilization and their computation with a time-critical
approach.
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