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The rapid growth of lightweight Internet of Things (IoT) applications has intensified the need for effi-
cient task scheduling mechanisms in fog computing environments, where delay sensitivity and resource
constraints are critical concerns. To address these challenges, this paper proposes MPTS, a Multi-Queue
Priority-Based Task Scheduling algorithm designed to minimize service delay while ensuring fair resource
allocation for heterogeneous and delay-sensitive IoT workloads. The proposed algorithm classifies incom-
ing tasks into short and long jobs based on burst time and schedules them using multiple priority queues
with a dynamic time-frame mechanism, effectively mitigating starvation and improving response time. The
performance of MPTS is evaluated using a Cooja-based simulation environment implemented on Con-
tiki OS, considering realistic fog–IoT network settings. The proposed approach is compared against two
benchmark scheduling schemes: Greedy Knapsack-based Scheduling (GKS) and Delay and Performance
Optimization in Fog Computing (DPOFC). Simulation results demonstrate that MPTS achieves approx-
imately 18–24% reduction in average end-to-end service delay and 47–50% lower network usage, while
maintaining comparable energy consumption across varying numbers of IoT devices. These results confirm
that MPTS significantly enhances Quality of Service (QoS) by jointly optimizing delay, network utilization,
and energy consumption, making it well suited for delay-sensitive and resource-constrained fog-enabled
IoT applications.

Povzetek: Prispevek predstavlja algoritemMPTS za razporejanje opravil v fog računalništvu, ki z več pred-
nostnimi vrstami in dinamičnim časovnim okvirom zmanjšuje zakasnitve ter zagotavlja pravično obravnavo
raznolikih IoT opravil. Simulacije kažejo, da MPTS v primerjavi z GKS in DPOFC zmanjša povprečno za-
kasnitev za približno 18–24% in omrežno uporabo za 47–50%, ob primerljivi porabi energije.

1 Introduction

The Internet of Things (IoT) is expanding rapidly, and this
growth is expected to continue for generations to come.
IoT devices generate vast amounts of diverse data, which
are typically transmitted to the cloud for processing, analy-
sis, and decision-making. However, the cloud is not well-
equipped to handle the massive volume of data generated
by these devices for real-time computing tasks. This lim-
itation arises due to the geographical distance of cloud
servers and network bandwidth constraints, which signif-
icantly impact their performance. For latency-critical op-
erations, such as IoT-based disaster recovery systems, de-
lays caused by overloaded computing systems or networks
transmitting large volumes of data to various connected IoT
devices are unacceptable [1]. To address these challenges,
it is essential to move data processing, storage, analysis,
and decision-making closer to the data sources. This ap-
proach reduces delays, alleviates network congestion, and

improves overall performance and quality of service. Sev-
eral innovative solutions, including edge computing, mo-
bile cloud computing, and fog computing, have been in-
troduced to tackle these issues. Among them, edge com-
puting offers customized application deployment, reducing
data traffic and latency, thereby meeting the demands of
latency-sensitive IoT applications.
Fog computing is an emerging framework that extends

cloud computing capabilities to the network edge by pro-
viding processing, storage, and communication services for
real-time applications [2]. It reduces latency and data traf-
fic to cloud data centers by utilizing the processing, storage,
and data-sharing capabilities of IoT peripheral devices. As
shown in Figure 1, this integration has evolved cloud com-
puting into the fog-cloud computing paradigm. Fog com-
puting addresses the limitations of cloud computing in IoT
environments by bringing processing and storage closer to
devices, thereby meeting their physical constraints and sup-
porting efficient data offloading to the fog layer.
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Figure 1: IoT devices in fog-cloud environment

In this paper, we propose an innovative fog computing
approach, the fog-to-fog (F2F) transmission mechanism,
which allows one fog node to delegate a task to a more
suitable fog node for processing and storage. This method
significantly increases the likelihood that a job will meet
its delay requirements, thereby improving and extending
the traditional fog-to-cloud (F2C) connectivity. With the
F2F transmission approach, all fog nodes within the fog
layer are consolidated into a single virtual fog that offers
enhanced accessibility, faster storage, and greater comput-
ing power.
The goal of fog computing is to extend cloud services to

the network edge [3]. Due to its proximity to IoT devices,
fog computing supports computation, storage, database
processing, integration, privacy, and management for IoT
endpoints. It is considered a promising solution for reduc-
ing end-to-end delay, minimizing network traffic, overcom-
ing connectivity issues, enhancing security and privacy, and
improving scalability. However, resource management re-
mains amajor challenge because fog applications are delay-
sensitive and resource-constrained. Therefore, efficient re-
source allocation and job scheduling are essential for pro-
viding fast and reliable responses in automated systems.
For instance, in smart healthcare systems, real-time patient
status notifications are critical. Hence, effective scheduling
algorithms are required to optimize the utilization of het-
erogeneous fog devices while minimizing response time,
network utilization, and energy consumption.
The primary objective of this work is to minimize the

end-to-end service delay experienced by IoT tasks in fog
environments, while also reducing energy consumption and
improving the utilization of fog resources. Achieving these
goals requires a scheduling mechanism that can efficiently
handle heterogeneous workloads and distribute tasks across
available fog nodes. The proposed Multi-queue Priority-
based Task Scheduling (MPTS) algorithm addresses this
objective by prioritizing delay-sensitive tasks, ensuring
bounded execution for long-running jobs, and leveraging
fog-to-fog collaboration to balance computational load. In
this way, the algorithm directly supports the fundamental
goal of fog computing, which is to process data closer to its
source while maintaining efficient and energy-aware oper-
ation.

1.1 Problem statement
Despite significant advances in fog computing for IoT, ex-
isting task scheduling approaches primarily optimize ei-
ther delay or energy efficiency in isolation, often relying
on single-queue scheduling mechanisms. This can lead to
starvation of long-running tasks, inefficient resource uti-
lization, and unpredictable service latency, especially un-
der heterogeneous and bursty IoT workloads. Therefore,
there is a need for a fair, delay-aware, and resource-efficient
scheduling framework that can jointly optimize latency,
network usage, and energy consumption while ensuring
fairness across short and long tasks. To address this prob-
lem, this paper investigates the following research ques-
tions:

– RQ1: How can task scheduling in fog computing
be designed to minimize service delay for latency-
sensitive IoT workloads?

– RQ2: How can fairness between short and long tasks
be ensured to prevent starvation in fog-based schedul-
ing systems?

– RQ3: Can a multi-queue priority-based scheduling
framework improve delay, network usage, and energy
efficiency simultaneously?

– RQ4: How does the proposed MPTS algorithm per-
form compared toGKS andDPOFC under varying IoT
workloads?

The primary goals of this work are:

– To design a Multi-Queue Priority-Based Task
Scheduling (MPTS) algorithm that reduces end-to-
end service delay in fog computing environments.

– To ensure fairness and starvation avoidance by dynam-
ically managing short and long task queues.

– To optimize network utilization and energy consump-
tion while maintaining Quality of Service (QoS).

– To evaluate the effectiveness of MPTS through simu-
lation using the Cooja/Contiki platform and compare
it with benchmark scheduling algorithms.

Fog–IoT environments contain heterogeneous workloads,
where delay-sensitive short tasks coexist with computation-
intensive long tasks. Traditional single-queue schedul-
ing often treats all tasks uniformly or prioritizes only one
task class, resulting in higher delay, unfair resource alloca-
tion, and starvation of long tasks. Therefore, an efficient
scheduling strategy is needed to differentiate task types
while maintaining fairness. A multi-queue priority-based
approach enables prompt execution of short tasks while
ensuring bounded execution opportunities for long tasks,
forming the basis of the proposed Multi-queue Priority-
based Task Scheduling (MPTS) algorithm.
This paper proposes a Multi-queue Priority-based Task

Scheduling (MPTS) algorithm for lightweight IoT devices
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in fog computing environments to minimize delay and en-
ergy consumption while improving fog device utilization at
the network edge. The performance of the proposed algo-
rithm is evaluated using the Cooja simulator and compared
with existing scheduling approaches under different fog–
IoT workload conditions.
TheMPTS scheduler works with the fog-to-fog (F2F) in-

frastructure to reduce service delay and balance computa-
tional load. Each fog node classifies and prioritizes incom-
ing tasks using a multi-queue mechanism. When a node
becomes overloaded or resource-constrained, tasks, partic-
ularly long jobs, are offloaded to neighboring fog nodes
through F2F links. Thus, the F2F infrastructure enables
task delegation, while MPTS determines when and where
tasks should be scheduled or offloaded.
Themain contributions of the proposedwork are outlined

as follows:

– The objective is to leverage a fog-to-fog (F2F) infras-
tructure that enables fog nodes to exchange informa-
tion with one another, allowing IoT applications to
achieve their maximum potential in minimizing sys-
tem delay.

– The Multi-queue Priority-based Task Scheduling
(MPTS) algorithm is proposed as a task schedul-
ing technique designed to minimize delay for time-
sensitive and safety-critical applications, such as
emergency services, where transmission latency is in-
tolerable.

– The performance of the proposed method can be as-
sessed by using simulation results and comparing them
with those of the standard scheduling technique and a
priority-based approach, in terms of delay, energy us-
age, and network utilization.

The remainder of this paper is structured as follows. The
related work is outlined in Section 2. In Section 3 design
objective and network model are provided. The proposed
fog-to-fog computing infrastructure with the MPTS Algo-
rithm is described in Section 4. The implementation and
results are shown in Section 5. Furthermore, Section 6 pre-
sented the conclusion and future work.

2 Related work
In [1], a quantum behavior particle optimization mecha-
nism is proposed for user-based job offloading in IoT, im-
proving the ability to avoid local optimal solutions by in-
creasing particle diversity. In [2], an accumulation ap-
proach is developed to reduce communication cost, al-
though it may increase latency or reduce reliability. The
study evaluates the impact of wireless data-sharing struc-
tures on downstream communication cost. In [3], efficient
workload allocation between fog and cloud computing is
proposed to reduce energy consumption while maintaining
low latency using a centralized optimization process. For

cloud subsystems, [4] introduces aMarkov queueing model
with retracting to address premature evacuation of comput-
ing tasks due to time-frame renewal.
In [5], the DPOFC job scheduling algorithm is proposed

for fog computing to reduce delay and network utilization
by scheduling jobs based on their size. Although it low-
ers average waiting time, it may cause starvation for long-
duration tasks. In [6], a probabilistic multi-channel alloca-
tion method is presented that uses user behavior, commu-
nication conditions, jamming threats, and required commu-
nication rates to achieve efficient time-constrained commu-
nication. In [7], a fuzzy logic-based, deadline-aware, and
energy-efficient task scheduling framework is proposed for
fog computing, where tasks are prioritized based on dead-
line urgency, energy consumption, and system load. Sim-
ulation results show reduced deadline violations and im-
proved energy efficiency, highlighting the effectiveness of
intelligent scheduling in delay-sensitive fog–IoT environ-
ments.
In [8], the IoT-FCM model integrates IoT and fog com-

puting using a genetic algorithm for resource distribution
between endpoint and fog layers. In [9], a workload dis-
tribution method based on Modified Particle Swarm Opti-
mization (MPSO) is proposed to minimize service latency
in edge computing-based power IoT. However, the itera-
tive nature of MPSO makes complexity assessment diffi-
cult, requiring further analysis for improved efficiency. In
[10], delay coefficients of queue-length tail distributions
are determined using exponential delay estimation to satisfy
delay outage requirements. In [11], a Greedy Knapsack-
based Scheduling (GKS) algorithm is proposed for efficient
resource allocation in fog networks, outperforming FCFS,
parallel, and delay-priority algorithms in energy consump-
tion, implementation cost, and device endurance. In [12],
context-aware technology is used to reduce large-scale real-
time data transfers among fog nodes, where client requests
are processed locally or offloaded to maintain QoS.
In [13], a dynamic service offloading strategy is pro-

posed for Mobile Edge Computing (MEC) to maximize op-
erational utilization while considering both delay-tolerant
and delay-constrained services. In [14], the conven-
tional round-robin algorithm using FCFS is highlighted
for assigning equal priority to all jobs, resulting in higher
turnaround times for short-burst tasks. In [15], an offload-
ing determination method decides whether to load job code
segments or offload job data, considering code acquisi-
tion and processing costs; however, it is limited to sin-
gle client–server scenarios. In [16], a Dynamic Collab-
orative Task Offloading (DCTO) method is proposed to
proactively offload tasks based on the resource availabil-
ity of fog devices. In [17], delay-constrained health-related
packet exchanges in IoT-based medical networks are ex-
plored using gateway knowledge in beyond-WBAN sys-
tems. In [18], a multi-group analytical framework for IIoT
machine-to-machine communication is proposed to support
both delay-sensitive and delay-tolerant Machine Type De-
vices (MTDs). The approach requires careful calibration
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Table 1: Comparative summary of task scheduling and offloading approaches in fog–IoT computing
Ref. Method / Technique Targeted Problem Evaluation Metrics Key Outcomes / Limitations
[1] Quantum-behavior

PSO-based offloading
Delay reduction, task per-
ception

Task completion delay, of-
floading success rate

Improves offloading decisions
but incurs high computational
complexity

[2] Blockchain-aware
communication opti-
mization

Delay vs. communication
cost trade-off

End-to-end delay, commu-
nication cost

Reduces communication cost;
higher latency observed

[3] Optimal workload allo-
cation (fog–cloud)

Delay and power consump-
tion

Average service delay,
power consumption

Achieves balanced delay and
energy but relies on central-
ized control

[4] Delay-constrained data
offloading

Delay minimization Average delay, deadline
satisfaction ratio

Effective for delay guaran-
tees; limited scalability analy-
sis

[5] DPOFC scheduling Delay and performance op-
timization

Average waiting time, ser-
vice delay

Reduces average delay but
may cause task starvation

[6] Opportunistic parallel
transmission

Secure delay-sensitive
communication

Transmission delay, relia-
bility

Improves reliability; security
overhead not negligible

[7] QoS-aware resource al-
location with NOMA

QoS and delay guarantees Delay, QoS satisfaction rate Ensures QoS; limited to satel-
lite IIoT scenarios

[8] IoT-based fog comput-
ing with GA

Resource utilization Resource utilization, task
completion time

Improves allocation effi-
ciency; higher convergence
time

[9] PSO-based workload
allocation

Service delay minimization Average service delay, en-
ergy consumption

Reduces delay; scalability not
addressed

[10] Energy-efficient dual-
hop communication

Energy and delay-outage
constraints

Energy consumption, out-
age probability, delay

Improves energy efficiency;
complex implementation

[11] Greedy Knapsack-
based Scheduling
(GKS)

Delay and energy efficiency Average delay, energy con-
sumption

Efficient scheduling; limited
fairness for long jobs

[12] Context-aware QoS
scheduling

Service delay minimization Service delay, QoS satisfac-
tion

Improves delay; context ac-
quisition overhead exists

[13] Adaptive service of-
floading

Revenue and delay opti-
mization

System revenue, service de-
lay

Effective for MEC; not fog-
centric

[14] Hybrid SJF–Round
Robin scheduling

Turnaround and waiting
time reduction

Waiting time, turnaround
time

Reduces starvation; not evalu-
ated in fog environments

[15] Energy-efficient
power-aware offload-
ing

Delay and transmission en-
ergy

Transmission delay, energy
consumption

Energy-efficient; assumes
single-client scenarios

[16] Dynamic collaborative
task offloading

Delay minimization Task completion delay, en-
ergy consumption

Improves delay; coordination
overhead increases

[17] Truthful delay-aware
scheduling

Delay-constrained health-
care IoT

Delay satisfaction ratio,
fairness index

Guarantees fairness; limited
generalization

[18] Throughput opti-
mization with delay
guarantee

Throughput and delay
trade-off

Throughput, delay Ensures delay bounds; not
energy-aware

[19] Energy-balanced rout-
ing

Network lifetime extension Energy consumption, net-
work lifetime

Improves energy balance; not
scheduling-focused

[20] Unequal clustering
routing

Energy balancing Energy consumption, net-
work lifetime

Reduces energy usage; clus-
tering overhead exists

[21] Multi-agent DRL-
based edge caching

Latency reduction Cache hit ratio, latency Achieves low latency; high
training cost

[22] Delay-aware task
scheduling in SAGIN

Delay minimization Average task delay,
throughput

Effective scheduling; com-
plex network architecture

[23] DRL-based delay-
oriented scheduling

Delay optimization Average delay, convergence
performance

High performance; computa-
tionally intensive

of backoff values to satisfy delay constraints, while access
requests remain queued until successful completion. Com-
munication reliability may be affected by request rejection
and channel conditions.

In [19], the Forward-Aware Factor-based Energy-
Balanced Routing Method (FAF-EBRM) selects next-hop
nodes based on available energy and network load, along
with a local topology restoration technique. In [20], Eco-
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TaskSched, a hybrid machine learning–based scheduling
framework, is proposed for energy-efficient task execution
in IoT-enabled fog–cloud systems by combining workload
characterization with adaptive scheduling. Experimental
results show improved energy efficiency and task comple-
tion time under heterogeneous workloads. In [21], an opti-
mized dynamic service placement and scheduling strategy
is proposed for fog–edge environments, jointly considering
service placement and task scheduling to adapt to dynamic
workloads and resources, thereby improving scheduling ef-
ficiency, reducing latency, and enhancing resource utiliza-
tion.
In [22], a Constrained Markov Decision Process

(CMDP)-based approach is proposed for channel usage and
job offloading to minimize system delay while controlling
long-term energy consumption. In [23], a job scheduling
scheme considering UAV energy constraints is developed
to minimize task offloading delay using a Markov Decision
Process (MDP) model. In [24], ELSOA, a locust swarm
optimization–based task scheduling algorithm, is proposed
for cloud–fog IoT systems to optimize execution delay and
resource utilization, achieving improved scheduling effi-
ciency and reduced latency. In [25], a fog computing–
based collaborative resource management framework for
smart cities integrates the TSAS scheduling algorithm and
KLED deployment strategy to improve data transmission,
service placement, and distributed fog resource utilization.
In [26], an energy-aware task scheduling strategy is pro-
posed for cloud computing tominimize power consumption
while maintaining performance under heterogeneous work-
loads, with insights applicable to fog and edge computing
systems.
Recent studies have explored meta-heuristic and ma-

chine learning-based scheduling approaches [27][28] for
fog and edge computing. AI-driven techniques such as rein-
forcement learning [29] and genetic algorithm-based meth-
ods [30] have also been proposed for adaptive task allo-
cation. Although these approaches focus on global opti-
mization and long-term resource management, they often
require high computational overhead, centralized coordina-
tion, or training, making them less suitable for lightweight,
real-time scheduling in resource-constrained fog nodes. Ta-
ble 1 summarizes existing task scheduling and offloading
approaches in IoT and fog computing.
Although many task scheduling and offloading strategies

have been proposed for fog and edge computing, most fo-
cus mainly on delay reduction or energy efficiency without
addressing fairness for heterogeneous workloads. For ex-
ample, the Greedy Knapsack-based Scheduling (GKS) al-
gorithm reduces response time through resource-efficient
scheduling but may cause starvation of long-running jobs
under heavy traffic. Similarly, the Delay and Performance
Optimization in Fog Computing (DPOFC) approach min-
imizes waiting time based on job size and loop time, but
lacks mechanisms for periodic execution of computation-
intensive tasks. In general, many existing schedulers use
single-queue or FCFS-based task handling, limiting differ-

entiation between short and long jobs in dynamic fog en-
vironments. Consequently, delay-sensitive tasks may face
congestion, while long-running tasks may experience ex-
cessive waiting time or starvation.
To overcome these limitations, the proposed Multi-

Queue Priority-Based Task Scheduling (MPTS) algorithm
separates tasks into short- and long-job queues for differen-
tiated handling of heterogeneousworkloads. Short tasks are
prioritized to reduce service delay, while long tasks use a
dynamic time-frame–based mechanism to ensure bounded
execution and prevent starvation. Additionally, fog-to-fog
collaboration enables load redistribution among neighbor-
ing nodes, improving resource utilization and reducing con-
gestion. By combining multi-queue prioritization, dynamic
execution control, and distributed task offloading, MPTS
provides a more balanced scheduling strategy than existing
single-queue and FCFS-based approaches for fog-enabled
IoT environments.

3 Design objective and network
model

The primary objective of task scheduling in a fog-enabled
IoT environment is to efficiently allocate computational
jobs to fog devices while respecting stringent latency con-
straints and limited resource availability. In this work,
the proposed Multi-Queue Priority-Based Task Scheduling
(MPTS) framework is designed with the following precise
objectives:

– To minimize end-to-end service delay for latency-
sensitive IoT applications by prioritizing short and
time-critical tasks.

– To balance energy efficiency and network usage by re-
ducing unnecessary task offloading and communica-
tion overhead among fog and cloud nodes.

– To ensure fairness across heterogeneous workloads by
preventing starvation of long-running tasks through
dynamic time-frame-based pre-emption.

– To improve overall Quality of Service (QoS) in con-
strained fog–IoT environments by jointly optimizing
delay, energy consumption, and network utilization.

To achieve these objectives, the proposed model enables
collaborative task execution among neighboring fog nodes
in addition to conventional fog-to-cloud processing. This
fog-to-fog interaction allows tasks to be dynamically redi-
rected to more suitable fog devices when local resources
are constrained, thereby reducing end-to-end latency and
improving system efficiency.
In the proposed model, fog nodes can execute tasks, of-

fload them to the cloud, or collaborate with neighboring fog
nodes to reduce end-to-end delay. The Fog-to-Cloud ar-
chitecture introduces a fog layer between IoT devices and
the cloud, extending cloud services to the network edge.
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By executing many tasks locally instead of forwarding all
data to the cloud, communication delay is reduced, enabling
latency-sensitive services. As shown in Figure 2, queu-
ing models are widely used in systems where clients are
served by one or more service units. In the proposed MPTS
framework, IoT application data are modeled as queues,
where user requests are scheduled across multiple channels
within fog nodes to support subsequent Virtual Machine
(VM) scheduling.

Figure 2: The MPTS framework

The proposed network configuration represents a prac-
tical small-to-medium-scale fog–IoT deployment, such as
smart buildings, campuses, or localized industrial IoT sys-
tems. The numbers of IoT devices and fog nodes are se-
lected to ensure balanced workload distribution and con-
trolled evaluation under varying traffic conditions. Fog
node computational capacities, energy parameters, and
communication characteristics are chosen based on typical
edge hardware capabilities and commonly used fog com-
puting settings. This configuration provides a realistic and
manageable testbed for evaluating the proposed scheduling
algorithm and fairly comparing it with existing approaches.

4 Proposed fog to fog computing
infrastructure with MPTS
algorithm

4.1 Fog to fog computing infrastructure
Each IoT device has the ability to send a job ji to the fog
node denoted as Fn, where n = i, j, k denotes different
fog nodes for execution and storage. The specifications for
each job ji will be indicated by a 2-tuple as shown in Equa-
tion 1:

ji = (bti,MaxDelay) (1)

where bti denotes the burst time of the job to be conveyed,
andMaxDelay denotes themaximum allowed transmission
delay of a job. Ti,j is used to indicate how long it takes for

a job to be transferred from ji to Fj . Considering no fog-
to-fog transmission occurs and the fog is managing the job,
the round-trip delay required for a job ji to be sent to Fj

and transmitted back to the original location is indicated by
RTTi,j which is determined as follows :

RTTi,j = 2× (Ti,j) (2)

Whenever fog-to-fog transmission is taken into account, a
Fj may assign another Fk to handle the job ji. While send-
ing ji to Fk, Fj must confirm that Fk is not taking any jobs
that might threaten its capacity to support ji. Therefore, a
triple handshake is required across the two fogs to guaran-
tee thatFk will be awaitingFj to hand over ji. The duration
of a handshake across Fj and Fk is denoted by the symbol
THS(j, k) which is computed as follows:

THS(j, k) = Time+ TimeACK +ACK (3)

where Time is the amount of time required for the 2-tuple
ji to be transferred from Fj to Fk. The amount of time
required for the acknowledgement of the data to be trans-
ferred from Fk to Fj is indicated by the symbol TimeACK .
This indicates that Fk has been accepted to do the work.
The time taken for the acknowledgement to get from Fj to
Fk is shown by the ACK. The fog round trip time denoted
by FRTTi,j , is the time required for a job ji to be trans-
mitted to Fj and then returned to the node that supplied job,
considering that Fj is sending the job across the Fk. The
amount of time required for a job ji to be sent from Fj to
Fk (fog-to-fog communication) is indicated by the notation
Ti,j,k. The FRTTi,j is computed as follows:

FRTTi,j = 2× Ti,j + 2× Ti,j,k + THS(j, k) (4)

SupposeFset is the sets of all the usable fog nodes in the IoT
system andCl represent the cloud server. For each fog node
Fi in Fset, we allocate an ordered 3-tuple as in Equation 5:

Fi = (Avail, Size, Jset) (5)

where Jset stands for the collection of all currently running
jobs processed by fog node Fi, Size stands for space that
is accessible by fog node, and Avail is either true or false
that indicates whether or not Fi is able to manage new jobs.
Since the set of jobs Jset is unpredictable, any new tasks
the fog finishes must be placed to the corresponding set,
and any tasks that are complete must be promptly deleted.
Furthermore, given that the networks linking fogs have
constant bandwidth, it is assumed that each individual fog
is aware of the time it takes to get to any other fog in the
network. Since it is expected that the cloud is ready to
manage any job with any computing and storage needs. A
variety of instances are provided in which many facets of
fog-to-fog and fog-to-cloud communication are examined
as follows:

1. A linked IoT device to a fog is required to submit a
job. Fog-to-fog communication is excluded (as shown in
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Figure 3: Node a is connected to fog node 2 and wants to send a
job ji to cloud

Figure 3): Suppose that node A in this case needs to send
job j1 to the cloud. The node A is connected to fog node
F2, A will send the job, together with its 2-tuple to F2. F2

will evaluate the maximum delay permitted by j1 and carry
out the following actions:
(i) The job is regarded to be delay tolerant and is forwarded
to the cloud by F2 if MaxDelay(j1) is higher than a pre-
determined threshold specified in the framework. This is a
classic case of fog-to-cloud communication.
(ii) When MaxDelay(j1) falls under the cutoff, the F2 in-
tends to serve j1 rather than the cloud. j1 will be handled by
F2 if the following criteria given in Equation 6 to Equation
8 are satisfied:

AvailFCli = True (6)

where AvailFCli is either true or false which indicates
whether or not fog to cloud architecture FCli is able to
manage new jobs.

∀ji ∈ Jset(FCli),
∑

btji <= size(FCli) (7)

Equation 7 checks the availability of space that is accessible
by all jobs of Jset in considered fog-to-cloud architecture
FCli.

RTT2,1 <= MaxDelay(ji) (8)

Equation 8 compares the value of round-trip delay from fog
node 2 to fog 1 with the maximum delay of ji. If any of the
aforementioned criteria given in Equations 6, 7 and 8 are
not met, fog nodeF2 will pass j1 to the cloud. It is predicted
that this scenario frequently arises in the IoT world, as the
fog may be managing numerous requests at once and may
be unable to take on additional tasks. The job is going to
be uploaded to the cloud, which may hinder its limits due
to delays.

2. A linked IoT device to a fog is required to submit a
job. Fog-to-fog communication is included (as shown in
Figure 4): Suppose that node A needs to send job j1 to the
cloud in this circumstance. Since node A is connected to
fog node F2, A will send the job, together with its 2-tuple
needs to fog node F2. Since fog node F2 is connected to

Figure 4: Node a is connected to fog node 2 and wants to send
a job ji to cloud. Fog to fog communication is considered here
(only fog 2 can complete the task

other fog nodes F1 and F3 in this scenario, fog to fog com-
munication is considered. The Fog node F2 evaluates the
highest delay permitted by j1 and carries out the following
actions:
(i) The job is considered delay-tolerant if its maximum tol-
erable delay MaxDelay(j1) exceeds the predefined delay
threshold dth of the fog infrastructure, where dth denotes
the delay threshold used to determine whether a task should
be processed at the fog layer or escalated to the cloud. In
such a case, node F2 forwards j1 to the cloud, illustrating a
conventional fog-to-cloud transmission scenario.
(ii) When MaxDelay(j1) falls below the predefined delay
threshold dth, the local fog node atteMPTS to serve j1 in-
stead of forwarding it to the cloud. However, other fog
nodes at the upper layer may be capable of processing the
task more efficiently, and F1 may concurrently handle ad-
ditional tasks. In such cases, F2 consults its neighboring
fog nodes and delegates the task to a more suitable node if
available. This form of interaction is referred to as fog-to-
fog communication. F2 will give j1 to Fj if it follows the
Equation 9 to Equation 12:

AvailFClj = true (9)

where AvailFClj is either true that indicates fog to cloud
architecture, FClj is able to manage new jobs.

∀ji ∈ Jset(FClj),
∑

btji <= size(FClj) (10)

Equation 10 checks the availability of space that is accessi-
ble by all jobs of Jset in considered fog to cloud architecture
FClj .

RTT1,j <= MaxDelay(j1) (11)

Equation 11 compares the value of round-trip delay from
fog node 1 to fog j with the maximum delay tolerable by
j1.

∄Fk ∈ Fset(RTT1,k < RTT1,j

∧AvailFClk = true)
(12)

In Equation 12, AvailFClk is true which indicates fog to
cloud architecture FClk is able to manage new jobs. If any
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of the aforementioned criteria in Equations 9 to 12 are not
fulfilled, F2 will pass j1 to the cloud.

In Eq. (12), the fog nodeFk represents a candidate neigh-
boring node considered for task offloading. The selection
of Fk is based on two conditions: the availability indicator
AvailFCI(Fk) and the communication delay represented by
the round-trip timeRTT (Fk). A fog node is considered el-
igible if AvailFCI(Fk) = 1, indicating that it has sufficient
computational resources, and if the estimated communica-
tion and processing delay does not violate the task’s maxi-
mum tolerable delay. Formally, a node Fk is selected when
the sum of its RTT and expected processing time remains
within the delay constraint of the task. Among all eligi-
ble neighboring fog nodes, the scheduler selects the node
with the lowest estimated completion time, ensuring effi-
cient and delay-aware task offloading.

In Eqs. (6) and (9), the variableAvail represents the avail-
ability status of a fog node for executing a given task. It
is modeled as a binary indicator that reflects whether the
node has sufficient computational resources and delay mar-
gin to process the task within its maximum tolerable delay.
Specifically, Avail = 1 if the estimated completion time
of the task at the node does not exceed its delay constraint,
considering the current queue load and available CPU ca-
pacity; otherwise, Avail = 0. If Avail = 1, the task is
executed locally; if Avail = 0, the task is offloaded to a
neighboring fog node or escalated to the cloud.

In the proposed model, task execution follows a hier-
archical decision process. Each task is first scheduled at
the local fog node using the MPTS policy. If the local
node becomes overloaded or cannot satisfy the task’s delay
constraint, the task is delegated to a neighboring fog node
through the fog-to-fog (F2F) infrastructure. Fog-to-cloud
(F2C) transmission is considered only as a last resort when
neither the local node nor neighboring fog nodes can com-
plete the task within its maximum tolerable delay. In such
cases, the cloud is used as a fallback processing layer to en-
sure task completion. Thus, the decision to escalate a task
to the cloud is based on whether the estimated completion
time at the fog layer exceeds the task’s delay requirement.

It is worth noting that, for analytical simplicity, the inter-
fog communication latency is assumed to be constant. In
practical fog deployments, however, network conditions
are dynamic, and latency may vary due to factors such
as congestion, wireless interference, routing changes, and
fluctuating traffic loads. Such variability can influence task
offloading decisions and end-to-end delay. Nevertheless,
the core logic of the MPTS scheduler is based on queue
states and task characteristics rather than fixed latency as-
sumptions, making it adaptable to environments with vari-
able network conditions. While performance may vary un-
der highly dynamic links, the scheduling mechanism itself
remains applicable.

Figure 5: Scheduling using MPTS in proposed fog computing
environment

4.2 Mpts algorithm and working procedure

In the fog computing environment for running IoT-based
applications, we have proposed the MPTS technique built
on the conventional pre-emptive shortest job first schedul-
ing to alleviate the starvation issue with long jobs. As
shown in Figure 5, all the jobs are divided into two cate-
gories, short jobs and long jobs, based on their burst times.
Jobs are added to different ready queues and are alternately
assigned to the processing element from both queues. If
a lengthy job is not completed within the designated time
frame value, it is cycled back into the ready queue, and
the processing element moves on to the following job. The
time frame size is spontaneously determined based on the
jobs awaiting assignment to accomplish a fair allocation of
resources. The value of Million Instructions Per Second
(MIPS), denoted by the variable x, determines whether a
task is considered short or lengthy. Here we have consid-
ered x = 1000 MIPS. If the length of the burst time of
the job is below a fixed value x then it is categorized as
a short job otherwise it is categorized as a long job. For
both types of jobs, two separate ready queues q1 and q2 are
maintained by the algorithm. Long jobs are assigned in q2,
whereas short jobs get assigned in q1. The processor is re-
peatedly provided the two jobs from queue q1 and one job
from queue q2. All the jobs are entered in queue as per
their arrival time. Based on the value of MIPS for that job
it is added either in q1 or q2. Then they are shorted in both
queues separately.
Firstly, the p number of short jobs from queue q1 are as-

signed to processing element based on the shortest job first
scheduling approach. The shortest job having the highest
priority. After their successful execution, the one long job
having smallest length in queue q2 is assigned to process-
ing element for execution and calculates the dynamic time
frame value to ascertain the duration of pre-emptive execu-
tion of long job. Therefore, the priority of each job is de-
cided based on their burst time. Dynamic time frame value
is determined regularly based on the number of tasks await-
ing assignment to processing element to accomplish an ap-
propriate distribution of resources.
The dynamic time-frame mechanism is designed to bal-

ance fairness and responsiveness for long-running tasks.
Unlike fixed time-slice approaches, which may either cause
excessive context switching or allow long tasks to dominate
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the processor, the proposed method adapts the execution
quantum based on the current workload. The time frame
is derived from the average burst time of tasks in the long-
job queue, which reflects the typical computational demand
in the system. This allows the scheduler to allocate pro-
portional execution time to long tasks while maintaining
system responsiveness. The percentage parameter provides
an additional control factor, enabling a trade-off between
scheduling overhead and execution continuity. As a re-
sult, the dynamic time-frame mechanism ensures bounded
waiting times for long tasks while preserving the low-delay
characteristics of short-task prioritization.

In the MPTS Algorithm as shown in Algorithm 1, ini-
tialize x fixed burst time, per constant percentage value
and p number of jobs to execute from q1. Initialize all the
given jobs j1, j2, ....jn and store in an array Jset. The com-
plete procedure of the Algorithm is divided into two parts.
Firstly, all the jobs are categorized as short or long jobs and
then they are added into the corresponding queue. In step 6
the burst time bti of a given job ji from the set Jset is com-
pared with value x, if it is less than the constant value x then
that job is identified as a short job. The identified short job
is entered into the q1. In step 8 all the jobs of queue q1 are
arranged in increasing order of their burst time. Step 10 is
performed if the burst time bti of a specific job ji from the
array Jset is above the constant value x. All the jobs with
greater burst time are added to q2. In step 11 all the jobs of
queue q2 are arranged in increasing order of their burst time.
Secondly, steps 13 to 21 will decide how each task in q1 and
q2 will be executed. The loop iterates as long as q1 and q2
contain any jobs. In step 14, it is determined whether q1 is
empty or not. If q1 is not empty, then the first p jobs from
q1 are assigned to the processing components and their ex-
ecution begins. If q2 contains jobs, then steps 18 to 21 are
executed. In step 18 the size of the time frame is calculated
to obtain the length of the simultaneous processing of the
long tasks in q2. For the duration of y, the processing com-
ponent is assigned to the jobs from q2. Step 20 determines
whether the leftover burst duration of the currently running
job is shorter than the constant value x. If it is smaller than
x, step 21 ensures the continuous allotment of the presently
running job to the processing component until its comple-
tion.

Multiple steps are used in the dynamic time frame calcu-
lation technique as shown in Algorithm 2 to determine the
length of dynamic time frame y used in Algorithm 1. Ini-
tially steps 4 to 9 are used to determine the average residual
burst time for each job in qi. Steps 5 and 6 are used to ag-
gregate the whole burst time of all jobs and to calculate the
total quantity of jobs in qi. Step 4 repeats for all the jobs in
qi. Step 9 uses the given value of the input variable per to
determine the length of the time frame y.

Algorithm 1Mpts algorithm
1: Initialize x, per, p
2: Jset = (j1, j2, ....jn)
3: q1 ⇐ ϕ
4: q2 ⇐ ϕ
5: while J ̸= Φ do
6: if bti(ji) < x then
7: q1 ⇐ ji
8: Sort all tasks in q1 according to their burst time
9: else
10: q2 ⇐ ji
11: Sort all tasks in q2 according to their burst time
12: end if
13: while q1 ∪ q2 ̸= ϕ do
14: if q1 ̸= ϕ then
15: Extract and process first p jobs from q1
16: end if
17: if q2 ̸= ϕ then
18: y = DynamicT imeFrame(q2, per)
19: execute first task q2,1 from q2 for time frame

value of y
20: if remaining(bti(q2,1)) < x then
21: continue execution of q2,1
22: end if
23: end if
24: end while
25: end while

4.3 Formal model of the MPTS scheduling
policy

Let J = {j1, j2, . . . , jN} denote the set of IoT tasks arriv-
ing at a fog node. Each task ji is characterized by

ji = (bti, di, ai, wi), (13)

where bti denotes the burst time (in MIPS), di is the max-
imum tolerable end-to-end delay, ai is the arrival time,
and wi represents a priority weight capturing the relative
criticality of the task. Higher values of wi correspond to
more critical IoT applications, such as emergency or safety-
related services.
The scheduling objective of the proposed Multi-Queue

Algorithm 2 Dynamic time frame calculation algorithm
1: procedure DynamicTimeFrame(q2, per)
2: a← ϕ
3: x← ϕ
4: for ∀qi ∈ q do
5: a = a+ bti(qi)
6: x = x+ 1
7: end for
8: p = a/x
9: y = (per/100) ∗ p
10: return y
11: end procedure
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Priority-Based Task Scheduling (MPTS) framework is to
minimize the average end-to-end service delay, which is
defined as

min
1

N

N∑
i=1

(Ci − ai), (14)

where Ci denotes the completion time of task ji.
The scheduling decision is subject to the following con-

straints:
Ci − ai ≤ di, ∀ji ∈ J ,
|q1|+ |q2| ≤ Bmax,

(15)

and ∑
ji∈Jexec

bti ≤ CPUcap, (16)

where q1 and q2 represent the short-job and long-job
queues, respectively,Bmax denotes the maximum buffer ca-
pacity of the fog node, and Jexec is the set of tasks cur-
rently assigned to the processing unit with available com-
putational capacity CPUcap.
Task classification follows the burst-time threshold x (in

MIPS), consistent with Algorithm 1:

ji ∈

{
q1, bti < x (short jobs),
q2, bti ≥ x (long jobs).

(17)

Within each queue, tasks are prioritized by jointly con-
sidering execution time and task criticality. The priority of
task ji is defined as

π(ji) =
wi

bti
, (18)

ensuring that tasks with higher criticality and smaller exe-
cution times receive higher priority.
This mathematical formulation directly corresponds to

Algorithm 1. Task classification based on the threshold x
maps to Lines 6–12, where incoming tasks are assigned to
either q1 or q2. Priority-based ordering, refined through the
inclusion of task criticality, is implemented via sorting in
Lines 8–9 and Lines 11–12. The dynamic time-frame com-
putation is invoked in Line 18 of Algorithm 1 and is for-
mally defined in Algorithm 2, while its execution and star-
vation avoidance mechanism are realized in Lines 19–23.
This formalization clarifies the scheduling decision policy
while remaining fully consistent with the implementation
and evaluation presented in this work.
Analytical Justification of Threshold and Time-Frame

Parameters: The burst-time threshold x is used to separate
tasks into short and long categories, enabling differentiated
scheduling policies. Let b̄t denote the average burst time
of tasks at a fog node. The threshold can be modeled as a
scaled value of the average service demand, i.e.,

x = α · b̄t, (19)

where α is a tunable factor that controls the proportion
of tasks classified as short jobs. This threshold-based

separation allows the scheduler to approximate the delay-
minimization properties of shortest-job-first (SJF) schedul-
ing for short tasks while isolating long tasks to prevent in-
terference.
To prevent starvation of long-running tasks, MPTS em-

ploys a dynamic time-frame–based pre-emption mecha-
nism for jobs in q2. The execution quantum y is computed
as

y =
per
100
· 1

|q2|
∑
ji∈q2

bti, (20)

where per denotes the predefined percentage parameter
used for time-frame computation in Algorithm 2. This
expression represents a scaled average burst time of long
tasks, ensuring that each long task receives a bounded exe-
cution quantum relative to the workload characteristics. As
a result, the waiting time of long tasks remains bounded,
preventing starvation while maintaining responsiveness for
short tasks. Together, the adaptive threshold x and time-
frame y enable workload-aware scheduling decisions in the
proposed MPTS framework.

4.4 Theoretical insights and performance
bounds of MPTS

The proposedMulti-Queue Priority-Based Task Scheduling
(MPTS) algorithm is a heuristic scheduling policy for fog–
IoT environments and does not guarantee global optimality
under all workloads. However, its behavior can be analyti-
cally characterized to evaluate delay performance, fairness,
and scalability.
For short tasks in queue q1, MPTS follows a pre-

emptive shortest-job-first (SJF) scheduling policy. Assum-
ing known burst times and pre-emptive execution, SJFmin-
imizes average waiting time. Therefore, MPTS inherits this
optimality for delay-sensitive short tasks, ensuring minimal
average response time for such workloads.
For long-running tasks in queue q2, MPTS employs a dy-

namic time-frame–based pre-emption mechanism to avoid
starvation. LetWmax

i denote the worst-case waiting time of
a long task ji ∈ q2. This waiting time is bounded by the
cumulative execution time of short tasks and at most one
dynamic time-frame cycle, which can be expressed as

Wmax
i ≤

∑
jk∈q1

btk + y, (21)

where y denotes the dynamically computed time-frame.
This bound ensures that long tasks receive guaranteed ex-
ecution opportunities under bounded arrival rates, prevent-
ing indefinite postponement.
From a scalability perspective, the computational com-

plexity of MPTS grows polynomially with the number of
tasks and linearly with queue sizes, making it suitable for
fog nodes handling moderate-scale IoT workloads. By
bounding task waiting times and reducing repeated task
deferrals, MPTS also minimizes unnecessary rescheduling
and communication overhead, preventing excessive energy



MPTS: A Multi-Queue Priority-Based Task Scheduling… Informatica 50 (2026) 171–188 181

consumption and supporting stable throughput under heavy
load. These theoretical insights complement the simulation
results and explain the improvements in delay, fairness, and
energy efficiency achieved byMPTS in fog-enabled IoT en-
vironments.

4.5 Computational overhead and time
complexity

The computational overhead of the proposed MPTS sched-
uler is determined by the operations performed during each
scheduling cycle at a fog node. These operations include
task classification, queue sorting, and dynamic time-frame
computation. Let n denote the number of tasks present at
a fog node during a scheduling cycle. Task classification
into the short-job queue q1 and long-job queue q2 requires
a linear scan of the task set, resulting in a time complex-
ity of O(n). Within each queue, tasks are sorted based on
their priority, which has a worst-case time complexity of
O(n logn). The dynamic time-frame computation for long
tasks involves calculating the average burst time, which
again requires a linear pass through the queue, resulting
in O(n) complexity. Therefore, the overall computational
overhead per scheduling cycle is dominated by the sorting
operation and can be expressed as O(n logn). Given that
fog nodes typically manage a moderate number of tasks at
any instant, this overhead remains practical for real-time
scheduling in fog–IoT environments.
In distributed fog settings, additional overhead may arise

due to fog-to-fog (F2F) communication. When a node be-
comes overloaded, it evaluates a set of neighboring fog
nodes for possible task offloading. Let k denote the num-
ber of candidate neighboring nodes. The additional deci-
sion overhead for availability checking and node selection
is approximately O(k). Thus, the overall scheduling com-
plexity in a distributed environment can be approximated
asO(n logn+k). In practical deployments, the number of
neighboring nodes is typically small, and communication is
limited to local clusters, ensuring that the additional over-
head remains manageable and does not significantly affect
scalability.

5 Implementation and result

5.1 Simulation model

To assess the performance of the proposed strategy, the
Cooja simulator based on Contiki is employed. The Cooja
simulator runs on Contiki Operating System 3.0. A 2.5GHz
processor and 2 GB of memory are needed for Contiki 3.0.
A way to select the proper type of mote is provided by
the simulator. The suggested approach is implemented by
utilizing the Routing Protocol for Low-Power and Lossy
Networks (RPL) protocol. IoT hardware is all available
over the cloud. IEEE 802.15.4 is employed for the MAC
layer of the IoT network. The simulation environment’s

Table 2: Configuration of the contiki cooja simulator for
the proposed work

Parameters Value
Operating System Contiki OS 3.0
Mote Type Tmote Sky
Area 400m× 400m
Nodes Layout Random
Number of IoT devices 10 to 50
Number of fog devices 2 to 10
IoT devices range 50m
fog devices range 200m
Server range 400m
Number of Cloud server 1
MAC Layer IEEE 802.15.4
Routing protocol RPL
Host System i3@2.53GHz 4GB Mem-

ory
Simulation time 1800 seconds

400m× 400m rectangle contains all the devices. For sim-
ulation 10 to 50 IoT devices, 2 to 10 fog nodes and one
remote server have been deployed in the network. Multiple
scenarios are considered by increasing the number of IoT
devices and fog nodes. The simulation environment con-
tains minimum 13 and maximum 61 nodes. The simulation
has a total of 61 nodes. Nodes 1 through 50 are the sensor
nodes or IoT devices, while nodes 51 to 60 are fog nodes
and node 61st is the remote server.
The MPTS scheduling logic is implemented within the

simulation framework as a task management module at
each fog node. All experiments are executed under iden-
tical simulation durations, workload patterns, and network
configurations to ensure fair comparison with baseline
schemes.
The selected ranges of 10–50 IoT devices and 2–10 fog

nodes are chosen to represent practical small-to-medium-
scale fog deployments, such as smart buildings, campus
networks, localized industrial IoT clusters, or district-level
smart city environments. These ranges allow the evalu-
ation of the scheduling behavior under gradually increas-
ing workload intensity, covering light, moderate, and rel-
atively high load conditions without introducing unrealis-
tic large-scale assumptions. The adopted model reflects a
distributed fog architecture where multiple fog nodes col-
laborate through fog-to-fog communication. While larger-
scale or hierarchical deployment strategies may exist in
real-world scenarios, the chosen configuration provides a
balanced and controlled environment for evaluating the ef-
fectiveness of the proposed scheduling framework.
The proposed MPTS algorithm is designed as a low-

overhead, queue-based scheduling policy that can oper-
ate locally at each fog node. The classical fog schedul-
ing approaches such as GKS[13] and DPOFC[1] are se-
lected as baselines, as they represent comparable policy-
level schedulers within similar computational and architec-
tural assumptions. The efficiency of the proposed approach
is examined in terms of service delay, energy consumption
and network usage and compared with the existing GKS
and DPOFC schemes.
In Table 2, all the desired settings and complete config-
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Table 3: Configuration of devices in the simulation setup

Name MIPS RAM Level
Rate per
MIPS

Busy
Power

Idle
Power

Remote
server

44800 40000 1 0.01 1648 1332

Fog node 5600 4000 2 0.01 107.33 83.43
IoT device 800 1000 3 0.01 87.53 82.44

uration of the Cooja simulator are given for the proposed
scheme. The parameter values presented in Table 2 are se-
lected based on typical configurations used in fog and edge
computing simulations, as well as commonly adopted set-
tings in the Contiki Cooja environment. These values repre-
sent realistic ranges of computational capacity, energy char-
acteristics, and communication parameters for resource-
constrained fog and IoT devices, as reported in prior litera-
ture. The selected configuration provides a controlled and
consistent testbed for evaluating scheduling performance
while ensuring fair comparison among different schemes.
Table 3 lists the CPU length in MIPS for each tuple.

5.2 Performance matrix
– End to end service delay: End-to-end service delay
evaluates the duration between the point that a set of
tuple values gets generated from the sensing device
and the moment the corresponding result has been ac-
complished. End-to-end service delay is expressed in
milliseconds. Equation 22 is used to determine the
mean CPU time that each job uses to calculate the ser-
vice delay. The total number of completed jobs of a
particular kind is shown by the M , where TSj and
TFj denote the start and end times of completion for
the jth job, respectively. The service latency is calcu-
lated using Equation 23, where Jset is the current job
set.

Mean(CPUTime) = (TSj ×M + TFj−
TSj)/(M + 1)

(22)

End− to− End−Delay = TFj − TSj∀j ∈ Jset
(23)

– Network Usage: The total amount of network traffic
across all fog devices in the entire network infrastruc-
ture is calculated in megabytes. The network usage
is calculated using Equation 24, where N is the total
number of jobs generated,Di is the delay of the ith job,
and Li is the length of the ith job before completion in
bytes.

Netusage =

N∑
i=1

(Di × Li) (24)

– Average energy consumption: A fog device with
a smaller average energy consumption will subse-
quently have cheaper operational costs and less harm-
ful effects on the ecosystem. Equation 25 is used to
calculate the amount of energy consumed by jth fog

device and denoted as Ej . In the Equation 25, El is
the value of the latest energy consumption, Tl is the
present time, Tu is the time of last utilization, and Ps

is the amount of power used by the source device. The
overall average energy usage of fog devices is calcu-
lated using Equation 26, where F is the total number
of a similar type of fog devices.

Ej = El + (Tl − Tu)× Ps (25)

Eaverage =

F∑
j=1

(Ej/F ) (26)

5.3 Result and discussion
In the simulation environment, the MPTS algorithm is im-
plemented as a lightweight scheduling module at each fog
node. The scheduler maintains two logical queues for short
and long tasks and performs task classification, prioritiza-
tion, and execution decisions according to the MPTS pol-
icy. Upon task arrival, the scheduler assigns the task to the
appropriate queue, determines the execution order, and ei-
ther processes the task locally or offloads it to a neighboring
fog node or the cloud when required. This functionality is
integrated within the fog node’s task management compo-
nent in the Cooja simulation framework, enabling decen-
tralized and distributed scheduling decisions across all fog
nodes.
The baseline scheduling algorithms, namely Greedy

Knapsack-based Scheduling (GKS) [13] and Delay
and Performance Optimization in Fog Computing
(DPOFC) [1], are implemented based on their respective
original descriptions in the literature. Both algorithms
are configured under the same simulation environment,
network topology, workload model, and device character-
istics used for evaluating the proposed MPTS scheduler.
Default or recommended parameter settings from the
original works are adopted to ensure fair and consistent
comparison. This unified configuration enables an objec-
tive evaluation of the scheduling performance across all
schemes.

5.3.1 Impact of varying the number of IoT devices

In this scenario, the arrangement of the network’s fog de-
vices remains fixed. Each fog device serves between 10 and
50 IoT devices, with increments of 10 IoT devices in each
setup. The network includes one remote or cloud server,
and a total of 5,000 tuples are generated by the sensing de-
vices.

– Average end to end service delay: The average end-
to-end service delay for the proposed MPTS Algo-
rithm is shown in Figure 6. The results indicate a sim-
ilar trend for the GKS and DPOFC schemes, where
the average end-to-end service delay decreases as the
total number of IoT devices increases. The use of
SJF-based variations significantly reduces the delay.
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Figure 6: Average end-to-end service delay (ms) as a function of
the number of IoT devices per fog node

Figure 7: Total network usage (MB) under varying numbers of
IoT devices per fog node

When compared to the GKS and DPOFC schemes,
the proposed MPTS Algorithm performs well, consis-
tently reducing average delays across all scenarios (10
to 50 IoT devices). These findings demonstrate that,
in comparison to the GKS and DPOFC Algorithms,
the MPTS Algorithm achieves significantly lower de-
lay values. Notably, when 10 IoT devices are used, the
DPOFC method results in considerable delays. As the
number of devices increases from 30 to 40, the average
delay decreases slightly.

– Network usage: The results regarding overall net-
work usage by the MPTS Algorithm in the Cooja
simulation environment are presented in Figure 7.
The findings show that the MPTS Algorithm signifi-
cantly reduces network congestion, while the GKS and
DPOFC schemes lead to higher network traffic. Com-
pared to GKS and DPOFC, the MPTS Algorithm re-
duces overall network usage across all configurations
(10 to 50 IoT devices). This is due to MPTS effec-
tively avoiding the starvation problem, ensuring that
the network remains readily available for use.

– Average energy consumption: The average energy
consumption of all IoT devices using the MPTS Al-
gorithm is shown in Figure 8. Compared to the aver-
age energy consumption in various scenarios, the re-
sults indicate that the MPTS Algorithm significantly

Figure 8: Average energy consumption (kJ) under varying num-
bers of IoT devices per fog node

reduces energy usage. The MPTS Algorithm achieves
optimal power usage when 10 and 20 IoT devices are
connected to each fog node. In contrast, the optimal
device setup for the GKS algorithm is 20 devices. Be-
tween the 20 and 40 devices setup, the MPTS algo-
rithm uses the least energy.

5.3.2 Impact of varying the number of emitted tuples
from sensors

In this network architecture, a specific arrangement of de-
vices is used. The number of tuples generated by the sen-
sors ranges from 1,000 to 10,000, with each increment rep-
resenting an additional 1,000 tuples. The network consists
of one cloud server and four fog devices, with each fog de-
vice being connected to nine IoT devices.

– Average end to end service delay: The simulation
results for the average end-to-end service delay are
shown in Figure 9. The results indicate that, as the
number of transmitted tuples increases, the average
end-to-end service delay increases when using the
GKS and DPOFC schemes. However, with the MPTS
algorithm, the average end-to-end service delay re-
mains stable regardless of the number of tuples. Com-
pared to the GKS and DPOFC outcomes, these results
demonstrate that the MPTS algorithm significantly re-
duces delay. Across all scenarios (1,000–10,000 tu-
ples), the MPTS algorithm consistently achieves the
highest efficiency and reduces the average delay more
effectively than both the GKS and DPOFC schemes.

– Network Usage: The overall network utilization in
the Cooja simulation framework is depicted in Fig-
ure 10. The GKS and DPOFC schemes show a
higher amount of total network traffic. In contrast, the
MPTS algorithm reduces the average network utiliza-
tion for all combinations (1,000–10,000 tuples) when
compared to the results obtained using the GKS and
DPOFC schemes. The MPTS algorithm consistently
lowers average network usage across all configura-
tions.
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Figure 9: Average end-to-end service delay (ms) versus total
number of emitted tuples

Figure 10: Total network usage (MB) versus total number of
emitted tuples

– Average energy consumption: The average energy
consumed by all IoT devices is depicted in Figure
11. Compared to the GKS and DPOFC schemes, the
results show that applying MPTS leads to lower en-
ergy consumption for IoT devices across all variations
(1000–10,000 tuples). When compared to MPTS, the
GKS method shows a slight reduction in energy usage
when the total number of tuples is 1000. However,
starting from 1000 tuples, both the GKS and MPTS
schemes, with the exception of DPOFC, exhibit sim-
ilar average energy consumption for IoT devices. As
the total number of tuples increases from 2000 to 4000,
the MPTS method results in the highest energy con-
sumption. Once the number of tuples reaches 8000 to
10,000, the DPOFC algorithm consumes more energy
than all the other techniques.

It is observed in Figure 8 and Figure 11 that MPTS shows
slightly higher energy consumption than GKS at certain
mid-range tuple volumes. This is due to increased schedul-
ing activity under moderate loads, where both short and
long task queues are actively managed. The dynamic time-
frame mechanism periodically executes long-running tasks
to prevent starvation, increasing processor utilization. In
contrast, GKS may delay or deprioritize long tasks, reduc-
ing immediate energy usage at the cost of fairness. At
higher workloads, the balanced scheduling and fog-to-fog

Figure 11: Average energy consumption (kJ) versus total number
of emitted tuples

load redistribution of MPTS improve overall energy effi-
ciency.
To enhance statistical validity, each simulation sce-

nario was repeated multiple times using different random
seeds, and the reported metrics represent average values
across independent runs. Variance across trials was lim-
ited, and performance trends among MPTS, GKS, and
DPOFC remained consistent. Preliminary confidence anal-
ysis showed narrow confidence intervals, indicating stable
system behavior and representative performance results for
fog–IoT environments.
Impact of Fog-to-Fog Collaboration: To quantitatively

evaluate the impact of fog-to-fog collaboration, an ablation
study compares MPTS with fog-to-fog delegation enabled
against a baseline where such offloading is disabled. In the
baseline case, tasks that cannot be processed locally are ei-
ther queued or forwarded directly to the cloudwithout using
neighboring fog nodes. The comparison is conducted un-
der identical workload and network conditions using end-
to-end service delay and network usage as evaluation met-
rics. Without fog-to-fog collaboration, higher local con-
gestion increases waiting time and service delay. In con-
trast, enabling fog-to-fog delegation redistributes tasks to
neighboring fog nodes with available resources, improv-
ing load balancing and reducing latency. Results show that
fog-to-fog collaboration significantly improves MPTS per-
formance, especially under moderate to high workloads, by
reducing service delay and unnecessary cloud forwarding.
This analysis confirms the importance of fog-to-fog com-
munication in achieving the reported performance gains.
Sensitivity Analysis of Queue Configuration Parameters:
To justify the selection of queue configuration parameters
used in MPTS, a sensitivity analysis is conducted to exam-
ine the impact of key parameters on system performance.
Specifically, the burst-time threshold x and the dynamic
time-frame percentage parameter (per) are varied while
keeping all other simulation settings unchanged.
The threshold x is evaluated for values of 500, 1000,

and 1500 MIPS. Results indicate that smaller values of x
classify a larger fraction of tasks as long jobs, increasing
waiting time in q2, while excessively large values reduce
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Figure 12: Scalability analysis of MPTS compared with GKS
and dpofc under increasing numbers of IoT devices and fog nodes

fairness by favoring long tasks. An intermediate value of
x = 1000MIPS provides a balanced trade-off between de-
lay reduction and fairness, justifying its use in this work.
Similarly, the dynamic time-frame percentage parameter is
varied between 20%, 40%, and 60%. Lower values lead to
frequent pre-emption and increased scheduling overhead,
whereas higher values allow long tasks to dominate exe-
cution. A moderate setting of per = 40% achieves sta-
ble performance by balancing responsiveness and execu-
tion efficiency. Overall, the sensitivity analysis demon-
strates that MPTSmaintains robust performance over a rea-
sonable range of parameter values and that the selected con-
figuration offers consistent and balanced behavior across
evaluated metrics.
Scalability Analysis of MPTS: To evaluate the scalabil-

ity of MPTS, additional experiments increase the number
of IoT devices from 50 to 200 and 500, and fog nodes from
10 to 25 and 50. Scalability is analyzed using end-to-end
service delay under higher workload intensity. Although
delay gradually increases with higher task arrival rates,
MPTS maintains stable performance through effective task
distribution across fog nodes. Its multi-queue scheduling
and fog-to-fog collaboration enable efficient load sharing
and reduce congestion at individual nodes. The results
demonstrate thatMPTS shows graceful performance degra-
dation with increasing system size and remains effective for
moderate-to-large-scale fog–IoT deployments.
As shown in Figure 12, the average service delay in-

creases gradually as the number of IoT devices grows; how-
ever, MPTS consistently achieves lower delay compared
to GKS and DPOFC. This demonstrates that the proposed
scheduling framework scales effectively and maintains sta-
ble performance under larger deployment scenarios.
Performance Evaluation under Heterogeneous Fog

Node Configuration: To evaluate the robustness of MPTS
under realistic deployment conditions, an additional exper-
iment introduces heterogeneity in fog node characteristics.
Unlike the homogeneous baseline, fog nodes are configured
with varying computational capacities, energy levels, and
network latencies. Fog nodes are assigned different CPU

Figure 13: Cumulative distribution of waiting times for long-
running tasks (q2) under MPTS, GKS, and dpofc scheduling
schemes

capabilities, initial energy levels, and communication de-
lays. The performance of MPTS under this heterogeneous
setup is compared with the homogeneous baseline using
end-to-end service delay as the main evaluation metric. Re-
sults show that although heterogeneity increases variabil-
ity in task execution and communication, MPTS effectively
adapts through its multi-queue scheduling strategy and fog-
to-fog collaboration. Tasks are dynamically redistributed to
resource-available fog nodes, ensuring stable performance
and controlled delay growth.

Table 4: Performance comparison of MPTS under homogeneous
and heterogeneous fog node configurations

Fog Node
Configuration

Average
Delay

Energy
Consumption

Homogeneous Fog Nodes 240 ms 185 J
Heterogeneous Fog Nodes 265 ms 198 J

As shown in Table 4, introducing fog node heterogene-
ity leads to only a moderate increase in service delay and
energy consumption. This demonstrates that the proposed
scheduling framework remains effective and robust under
heterogeneous fog–IoT environments.
Figure 13 presents the cumulative distribution of wait-

ing times for long-running tasks in queue q2. The pro-
posed MPTS scheduler exhibits a sharply rising CDF, indi-
cating that almost all long tasks experience bounded wait-
ing times. In contrast, GKS and DPOFC show heavy-tailed
waiting time distributions, where a fraction of tasks experi-
ence significantly higher delays. Moreover, the tail latency
under MPTS is substantially lower than that of the baseline
schemes. This empirical evidence confirms that MPTS ef-
fectively prevents starvation of long-running tasks.

5.4 Discussion and comparative analysis
This section discusses the performance of the proposed
Multi-Queue Priority-Based Task Scheduling (MPTS) al-
gorithm in comparison with the state-of-the-art Greedy
Knapsack-based Scheduling (GKS) and Delay and Per-
formance Optimization in Fog Computing (DPOFC) ap-
proaches. The discussion focuses on the three evaluation
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metrics considered in this study: average end-to-end ser-
vice delay, network usage, and energy consumption, and
explains the observed trends based on the design character-
istics of each scheduling method.

5.4.1 Average end-to-end service delay

Simulation results show that MPTS consistently achieves
lower average end-to-end service delay than GKS and
DPOFC under varying IoT device counts and workload in-
tensities. This improvement results from the explicit sepa-
ration of short and long job queues in MPTS. Unlike GKS
and DPOFC, which use single-queue or greedy schedul-
ing strategies that may favor short tasks and prolong wait-
ing times for long jobs, MPTS provides prompt service
to delay-sensitive tasks while periodically executing long
tasks through a dynamic time-frame mechanism. This pre-
vents starvation, reduces delay variance, and performs ef-
fectively under heavy or bursty traffic conditions.

5.4.2 Network usage

In terms of network usage, MPTS achieves significantly
lower network traffic than GKS and DPOFC in all evalu-
ated scenarios. This reduction results from its efficient task
allocation strategy, which minimizes unnecessary task of-
floading and rescheduling. In contrast, GKS and DPOFC
may increase communication overhead through frequent
task deferrals and repeated scheduling of large jobs across
fog nodes. By enabling timely execution of both short and
long tasks at suitable fog nodes, MPTS reduces repeated
transmissions and improves network efficiency. This is es-
pecially beneficial in fog-enabled IoT environments with
limited bandwidth and congestion-sensitive service quality.

5.4.3 Energy consumption

The results show that MPTS achieves lower average en-
ergy consumption than the baseline approaches in most
configurations. Although GKS and DPOFC improve per-
formance efficiency, their lack of fairness-aware schedul-
ing can increase task waiting times and repeated process-
ing atteMPTS, leading to higher energy usage. In contrast,
the multi-queue structure of MPTS and its dynamic time-
frame allocation provide predictable execution and reduce
idle and retransmission-related energy overhead. As a re-
sult, MPTS offers a better balance between performance
and energy efficiency, particularly for heterogeneous work-
loads and large-scale IoT environments.

5.4.4 Overall performance implications

The comparative analysis shows that MPTS outperforms
GKS and DPOFC by jointly optimizing delay, network
usage, and energy consumption while maintaining fair-
ness among heterogeneous tasks. Unlike existing methods
that focus mainly on individual metrics, MPTS integrates

multi-queue task separation with explicit starvation avoid-
ance, making it suitable for delay-sensitive and resource-
constrained IoT applications requiring both responsive-
ness and QoS fairness. The improved delay performance
of MPTS results from combining shortest-job-first (SJF)-
based prioritization with a dynamic time-framemechanism.
Short, delay-sensitive tasks are executed quickly, while
long-running tasks receive periodic execution opportuni-
ties, reducing end-to-end service delay compared to GKS
and DPOFC. Reduced waiting time and fewer retransmis-
sions or rescheduling events also lower network usage and
energy consumption by minimizing unnecessary offload-
ing and communication overhead. However, MPTS in-
troduces additional scheduling overhead due to multiple
queues and dynamic time-frame computation. Moreover,
the current design assumes relatively homogeneous fog
nodes, and scalability may be affected in highly heteroge-
neous or large-scale fog environments. Addressing these
limitations through adaptive parameter tuning and scalable
scheduling mechanisms remains an important direction for
future work.

5.5 Practical deployment considerations
and real-world validation

The proposedMPTS scheduler is evaluated using the Cooja
simulator, which provides a controlled and repeatable en-
vironment for analyzing fog–IoT scheduling behavior. Al-
though simulation enables systematic performance compar-
ison under varying workloads, it cannot fully capture real-
world hardware and network dynamics. Therefore, practi-
cal deployment aspects and real-world validation are con-
sidered to assess the feasibility of the approach. In practical
fog deployments, nodes commonly operate as container-
ized microservice environments managed by orchestration
frameworks such as Kubernetes-based edge clusters or
EdgeX Foundry. In this setting, MPTS can be implemented
as a lightweight scheduling service or orchestration-layer
plugin, where IoT tasks are deployed as containerized jobs
or edge services.
Tasks arriving at a fog node are classified into short and

long queues based on computational requirements. The
scheduler selects tasks using themulti-queue priority mech-
anism, while overloaded nodes may offload tasks to neigh-
boring fog nodes through orchestration APIs or service-
level communication. This operation aligns with existing
container migration, service placement, and load-balancing
mechanisms in modern fog and edge platforms. How-
ever, real-world deployment introduces challenges such
as heterogeneous node resources, varying network condi-
tions, orchestration overheads, and security concerns dur-
ing task migration across shared fog infrastructures. Future
work will focus on validating MPTS on real IoT and edge
hardware platforms integrated with container orchestration
frameworks to measure actual execution delay, energy con-
sumption, and orchestration overheads, complementing the
simulation-based results.
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6 Conclusion and future work
This work presents an efficient fog-based task scheduling
framework aimed at improving the performance of IoT ser-
vice execution while optimizing delay and resource uti-
lization. The proposed Multi-queue Priority-based Task
Scheduling (MPTS) algorithm combines queue-based pri-
oritization with dynamic time-frame execution to handle
heterogeneous task workloads in fog environments. The
performance of the proposed scheme is evaluated using the
Cooja simulator and compared with existing techniques,
namely Greedy Knapsack-based Scheduling (GKS) and
Delay and Performance Optimization in Fog Computing
(DPOFC). The comparison is carried out using three per-
formance metrics: average end-to-end service delay, net-
work usage, and average energy consumption. The results
demonstrate that MPTS consistently reduces service de-
lay and network usage while maintaining energy-efficient
operation, indicating its practical effectiveness for fog–
IoT scenarios. Future work will explore the incorpora-
tion of meta-heuristic, hyper-heuristic, and reinforcement
learning-based scheduling techniques, along with adaptive
parameter tuning mechanisms for the burst-time threshold
and dynamic time-frame parameters to better handle fluc-
tuating workload intensities.
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