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Strategic Task Placement: A Comparative Analysis of
Lightweight Scheduling in Edge–Fog–Cloud Systems

Raj Dhamdhere
x23122498

Abstract

The surge in real-time, latency-sensitive applications and the growing complex-
ity of job distribution across edge, fog, and cloud layer demands efficient task
scheduling strategies. Modern IoT systems require intelligent decision-making near
the data source rather than centralized computation. The current scheduling meth-
ods incorporate metaheuristic or AI-based techniques for optimal layer selection,
but are resource-intensive, reducing speed and efficiency in edge-based environ-
ments. This study presents lightweight heuristic and priority-based scheduling
policies that minimize latency overhead and optimally determine the best layer
(edge, fog, or cloud) to delegate tasks. The proposed hybrid experimental frame-
work was implemented with the Raspberry Pi device as the edge server and AWS
EC2 instances as the fog and cloud servers. Synthetic IoT workloads were used to
test the proposed scheduling strategies and concentrate on execution time, transfer
latency, energy efficiency, and deadline adherence. The findings indicate that the
heuristic strategy achieved a deadline adherence rate of 33.91%, while the priority
algorithm achieved 24.63%, with low overhead. These lightweight strategies main-
tained competitive performance, making them suitable for latency-sensitive and
resource-constrained IoT applications in opposition to metaheuristic solutions.

1 Introduction

The surge in growth of Internet of Things (IoT) devices, projected to hit 40 billion con-
nected devices by the year 2030 1, has led to the increasing need for real-time, low-latency
applications, resulting in greatly stretched demands on centralized cloud infrastructure
Elgazzar et al. (2025). The hierarchical solution proposed by edge-fog-cloud computing is
that edge performs quick responses, fog compiles medium-scale processing, and the cloud
nodes perform large-scale analytics. Although this architecture enhances the scalability
and minimizes latency, but an important question still arises: how to decide where
tasks should execute in this hierarchy of layers. Execution-layer selection, espe-
cially under resource-constrained and changing environments, remains an optimal task in
reducing delays, energy efficiency and quality of service.

1.1 Motivation

The current task scheduling systems in edge-fog-cloud systems are commonly based on
Artificial Intelligence (AI) and metaheuristic algorithms, some of which include Rein-

1https://iot-analytics.com/number-connected-iot-devices/
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forcement Learning (RL), Genetic Algorithms (GA), and Particle Swarm Optimization
(PSO) Saeik et al. (2021); Rahbari (2022); Wang et al. (2024). These approaches per-
form well theoretically but demand a lot of computational resources, long convergence
processing time and large training sets. This aspect renders them unfit in real-time IoT
applications where latency and resource-efficiency is pivotal. Such constraints bring up
the importance of lightweight scheduling strategies that can provide rapid and responsive
scheduling solutions without substantial overhead. Heuristic and priority-based methods
handle this requirement by using properties of the system including execution time, en-
ergy, and importance of tasks to make responsive and resource-aware decisions related to
allocation of jobs.

1.2 Research Problem & Contribution

There has been recent development of lightweight scheduling techniques like Heuristic
Resource Allocation and Optimization algorithm in a MultiFog-Cloud (HeRAFC) Dehury
et al. (2024) that uses a normalized cost-based approach of selecting execution layers, and
Multi-Queue Priority-based task scheduling (MQP) Fahad et al. (2022) that improves
deadline adherence by using multi-queue scheduling, none of these techniques have been
evaluated under systematic unified framework. Current researches are also limited to the
simulation-only platform or grounded in theoretical analysis, which contributes little to
the actual picture of their performance in heterogeneous, resource-constrained scenarios.
Moreover, strict real-time requirements at various layers are not enforced and flexible
decision policy is not considered in the present implementations. This study addressed
the described gaps by (a) created a hybrid evaluation system where physical testbeds were
built using (Raspberry Pi, and AWS Elastic Compute Cloud (EC2) instances) and (b)
proposed set of changes, including a bottom-up execution-layer selection strategy
to enhance responsiveness and be energy-efficient and (c) produced a balanced synthetic
IoT workload replicating realistic task diversity with regards to its size, priorities, and
deadlines to maintain fairness and repeatable benchmarking. The proposed framework
carries a systematic comparative study in latency, energy efficiency and achievement of
deadlines and the information have been used to design real-time IoT scheduling systems.

1.3 Research Question

How do heuristic-based and priority-based scheduling strategies compare in optimizing
execution-layer selection (edge, fog, or cloud) with respect to response time, energy effi-
ciency, deadline adherence, and resource utilization in dynamic IoT environments?

1.4 Research Objectives

1. Development of a Hybrid test evaluation framework to promote scalability by lever-
aging real hardware (Raspberry Pi on the edge, AWS EC2 on the fog and AWS
EC2 cloud) and simulation (iFogSim).

2. Generated synthetic IoT workloads that replicates the properties of real jobs (vary-
ing with different priorities)

3. Implementation of HeRAFC-inspired and MQP scheduling algorithms with bottom-
up selection strategy, adapting to the real-time constrained environments.
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4. Comparative analysis of these lightweight scheduling strategies for latency, energy
efficiency, deadline compliance and task distribution across the layers.

1.5 Report Structure

The rest of this report has the following structure: Section 2 provides related work and
gaps; Section 3 provides the research methods followed in this study; Section 4 describes
framework design and the integration of scheduling algorithms; Section 5 provides a de-
scription of implementation; Section 6 analyzes implementation results and evaluation
methodology; and the last section, Section 7, concludes with the contributions, limita-
tions, and future work.

2 Related Work

Selecting the most appropriate layer between edge, fog and cloud has been a challenge
because of the resource limitations both in terms of latency and energy efficiency in dis-
tributed computing. This research considers numerous contributions in this field and puts
those methods into the following groups. (a) Learning and optimization-based schedul-
ing methods, (b) Lightweight and priority-oriented scheduling algorithms, and (c) Unified
evaluation and cross-layer frameworks. Each category is discussed in terms of weaknesses
and strengths, and research gaps that laid the foundation for this research.

2.1 Learning and Optimization-based Scheduling Methods

In the recent years, several scheduling approaches like AI-based, metaheuristic have been
generating stimulations in the edge-fog-cloud computing to be utilized as they achieve
optimum distribution of workloads. Deep policy-based reinforcement methods (DRL),
evolutionary algorithms (GA) and collaborative multi-agent models are applied when
associated with the high level of computation in dealing with complex task allocation.

Zhang et al. (2019) proposed a GA-based approach in response to increasing the
usability of resources in a cloud environment based on location of containers in an energy-
efficient manner. The design was less efficient in latency-sensitive cases and flexibility of
deployment. Intelligent-based offloading solutions were potentially addressed by Saeik
et al. (2021), which highlighted the strong potential, but also described the need for such
offloading techniques requiring vast training data that trigger an immense computing
cost. Reddy et al. (2020) focuses on a GA-based approach for energy-saving fog resource
management. The proposed work illustrates an improved model by enhancing energy
savings through dynamic allocation strategies. However, it also highlights the lack of
latency and responsiveness evaluation, making it less suitable for time-critical sensor
data processing in edge environments.

A DRL-based task scheduling model proposed by Swarup et al. (2021) is specific-
ally designed for energy-saving execution in edge-fog architectures. The methods used
in the proposal significantly improved task offloading and minimized power usage across
fog environments. However, like other DRL-based approaches, it exhibits a few limita-
tions when used in real-time edge deployments, such as the use of massive training data
and lack of hardware-level validation. Rahbari (2022) in their proposal offer a detailed
explanation of metaheuristic-based scheduling algorithms, emphasizing task scheduling
efficiency across cloud and edge environments. While the proposal provides insights into
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characteristics such as cost, execution time, and resource utilization, it falls short in ad-
dressing limitations like real-time deadlines or limited computational resources, which are
often critical in latency-sensitive IoT applications. Gad (2022) provides a comprehensive
review of PSO and its applications. In addition to PSO’s strengths in optimized accur-
acy and convergence, it also covers limitations, stating the lack of validation in real-time
edge environments, as the paper is simulation-focused. Due to the absence of real-time
applicability, it becomes less useful for event-driven edge computing systems that deal
with priority-based sensor event handling.

In addition, Tahmasebi-Pouya et al. (2023) proposed a reinforcement learning-based
scheduler (RLIS), which aims at maximizing the performance of the system using an
optimal distribution of workloads and low latency in fog computing networks. How-
ever, time-consuming training times and the absence of real-life hardware validation were
still the concern. More recently, ReinFog, a modular framework leveraging DRL, was
developed by Wang et al. (2024) with the purpose of minimizing latency and energy
consumption. Although it has performed well in theory, it is still very computationally
expensive, and has never been executed on real IoT devices. Such algorithms can be
efficient in high-performance settings, but cannot be used in embedded systems that are
resource-constrained in real-time applications. They are not desirable for dynamic edge-
fog-cloud models, as the key problems are computational overhead, complexity, and the
absence of deployment flexibility. Such drawbacks necessitate the issue of lightweight
alternatives like heuristic and priority scheduling.

2.2 Lightweight and priority-oriented scheduling algorithms

The issues, such as high complexity and extensive computational overhead of AI-based
and metaheuristic models in real-time application scenarios, have given rise to heuristic
and priority-aware scheduling techniques as rule-based lightweight counterparts. Such
methods are applicable in real-time, low-resource situations since they take advantage
of the parameters available at a system level, such as CPU loading and memory usage,
network latency, or task-specific overheads such as deadlines and urgency to effectively
assign resources and schedule tasks in a resource-constrained dynamic environment in
ways that incur the least cost of computation.

A general scheduling model for cloud-fog systems was proposed by Guevara and
da Fonseca (2021), which integrates the dynamic priority levels for tasks based on the
context of the system. This methodology showed significant improvement in minimizing
execution time span and scheduling responsiveness across distributed resources, partic-
ularly for delay-sensitive services. Similarly, Chai et al. (2021) focused on offloading in
mobile edge computing environments and interdependent task scheduling. The model
sets dynamic priority levels and considers parallel transmission and execution mechan-
isms which gradually enhanced the execution time and resource allocation for structures
with limited resources.

A pre-emptive scheduling algorithm using multi-priority queues was proposed by Fa-
had et al. (2022), which highlighted the improvement in latency with less computational
overhead compared to meta-heuristic algorithms in the fog-edge computing context. The
proposed scheduler improved fairness and reduced task starvation compared to the tradi-
tional approaches. Additionally, Hosseini et al. (2022) proposed a priority-based frame-
work that integrates Fuzzy Analytical Hierarchy Process (FAHP) in mobile-edge com-
puting, which decreased the latency issues. Similarly, in heuristic contexts Dehury et al.

6



(2024) designed a Heuristic strategy (HeRAFC) for a multifog-cloud environment, which
enhanced the capabilities of latency, resource utilization, and execution time, decreasing
the cloud workload depending on the results of simulations, but with limited verification
in the real-world settings.

Lipsa et al. (2023) highlighted the utilization of the Fibonacci Heap and queuing
analysis to optimize the preemptive task allocation in virtual machines. This priority-
based approach demonstrated improved efficiency over traditional genetic algorithms,
particularly in the context of managing cost and response-time-critical dynamic cloud
environments. Additionally, a detailed research was provided by Alsadie (2024) regard-
ing the efficiency of heuristic strategies and mentioned their ability to reduce overhead
in dynamic workloads. Liberati et al. (2025) presented the integration of Model Predict-
ive Control (MPC) with a hybrid scheduling approach. Its application in assembly-line
systems has enabled rapid, near-optimal decision-making with significant execution time
reduction and applicability in real-time industrial IoT contexts.

These works justify the heuristic and priority method for real-time time scenarios,
yet two major limitations arise: (A) Overdependence on simulation-based appraisal and
less implementation test of the edge-fog-cloud infrastructure (B) The supposed works do
not have a framework for comparison and evaluation of the heuristics and the priority
under identical conditions. These gaps, coupled with the need for scalability in hybrid
models, highlight the need for an evaluation framework that can integrate simulation
with physical hardware, enabling direct comparison of both approaches.

2.3 Unified evaluation and Hybrid frameworks

The current studies has shown that simulation-based evaluations were not capable of
capturing complex and behavioral performance of real-world fog and edge environments,
considering their resource-constrained and dynamic nature. The limitations discussed
in the earlier section highlight that the lightweight scheduling strategies were tested
majorly in simulated settings. Without actual device validation, algorithms which were
well designed may fall short in real-time and critical IoT environments.

Several scheduling strategies were analyzed and their trade-offs were discussed in S
and K (2024), but it relied entirely on simulation. Khaledian et al. (2024) assessed a
hybrid AI and metaheuristic model and performed theoretical and conceptual analysis,
and addressed the need of hybrid framework for performance benchmarking of algorithms
in real-time conditions. To overcome these issues of latency and reliability in edge-fog
systems, Panchal and Saxena (2025) performed a systematic review to identify key para-
meters for node selection in scheduling, but without practical deployment. Ju et al. (2024)
proposed a low-latency architecture for fog-edge nodes, but did not provide any latency
measurements under actual workloads. piFogBed, a Raspberry Pi-based fog computing
testbed that supports basic validation, was introduced by Xu and Zhang (2019), but lacks
in the comparative evaluation of lightweight algorithms.

In Addition, Lal et al. (2024) provided an in-depth comparison between fog and cloud
models, including standard dimensions such as scalability, decentralization, and resource
orchestration strategy in theory, but lacked real-hardware experimentation. Bamber et al.
(2024) characterized the architectural paradigms of fog computing by describing the sys-
tem in terms of service proximity, governance, and distribution of resources. The research
highlighted that distributed resource placement can reduce end-to-end latency, but also
stated that standardized benchmarking frameworks were less, and few architectures were
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tested under real-world dynamic workloads. A lightweight edge-computing network was
tested on performance metrics like jitter and processing delay by Peng et al. (2018), but
did not evaluate lightweight scheduling algorithms that were crucial to latency-sensitive
applications.

Even though awareness has increased, major studies focus on isolated components
or perform experiments in simulated settings. There were a few studies that implemen-
ted a unified physical testbed but lacked in comparing lightweight scheduling models
under identical conditions. Such discrepancies of previous studies were an opportunity
to address the gap by implementing a systematic real-device evaluation framework and
comparing lightweight scheduling strategies.

2.4 Research Gap

The current research in task scheduling and distribution across edge-fog-cloud environ-
ments relied on simulation-based evaluation of AI and metaheuristic models. Although
these models demonstrate high levels of optimization, but they often lack validation in
real-world, resource-constrained IoT conditions. Also, major comparative studies focus
on independent factors without direct comparison using a consistent workload. Some
studies developed hybrid frameworks combining simulation and physical nodes, but in
a limited scope, as they did not offer unified benchmarking across edge, fog, and cloud
layers. In Addition, there was no systematic analysis for heuristic and priority-based
models, as they were considered better for real-time conditions.

To overcome these limitations, this research creates a unified physical testbed that
utilizes synthetic workloads to evaluate heuristic and priority-based scheduling algorithms
in real-time conditions. The architecture comprises Raspberry PI edge nodes and AWS
cloud instances for replicating fog and cloud layers. To achieve better resource placement,
a bottom-up selection layer mechanism was applied that enhances the existing schedul-
ing models, which enables the dynamic selection of the most suitable layer based on
task characteristics and resource availability. The study fills the gap by providing a dir-
ect algorithmic comparison of priority and heuristic algorithms and an optimal resource
placement strategy that was adaptive to the real-world distributed IoT environments.

Table 1: Comparison of Key Features in Related Works

Paper HW
Valid.

RT
Focus

Latency
Opt.

Energy
Eff.

Sim-
Based

Technique
Used

Alsadie (2024) - ✓ ✓ ✓ ✓ Heuristic Review

S and K (2024) - - ✓ ✓ ✓ Comparative
Study

Chai et al. (2021) - ✓ ✓ - ✓ Dynamic Priority

Dehury et al. (2024) - ✓ ✓ ✓ ✓ HeRAFC

Fahad et al. (2022) - ✓ ✓ ✓ ✓ MQP-Priority

Guevara and da Fon-
seca (2021)

- ✓ ✓ - ✓ Priority-Based
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Paper HW
Valid.

RT
Focus

Latency
Opt.

Energy
Eff.

Sim-
Based

Technique
Used

Khaledian et al.
(2024)

- ✓ ✓ ✓ ✓ AI+Heuristic

Hosseini et al. (2022) - ✓ ✓ ✓ ✓ FAHP

Lipsa et al. (2023) - ✓ ✓ ✓ ✓ Fibonacci Heap

Peng et al. (2018) ✓ ✓ - ✓ ✓ Edge-evaluation
framework

Reddy et al. (2020) - - - ✓ ✓ GA

Saeik et al. (2021) - - ✓ ✓ ✓ RL Survey

Swarup et al. (2021) - ✓ ✓ ✓ ✓ DRL

Tahmasebi-Pouya
et al. (2023)

- - ✓ ✓ ✓ RLIS

Wang et al. (2024) - ✓ ✓ ✓ ✓ ReinFog (DRL)

Xu and Zhang (2019) ✓ ✓ ✓ - - Pi-fogbed

Zhang et al. (2019) - - - ✓ ✓ GA

This research ✓ ✓ ✓ ✓ - Bottom-up Eval-
uation framework

3 Methodology

The research adopts an experimental approach to analyzing lightweight scheduling tech-
niques to assess edge-fog-cloud architectures using a fully deployed physical testbed. The
aim is to benchmark the architecture’s performance on realistic loads in terms of latency,
energy consumption, deadlines and load processing. The subsections below describe the
workflow of the research, workload preparation and the algorithms assessed in this paper.

3.1 Research Framework

The study was carried out through several consecutive stages. A three-level edge-fog-
cloud architecture was initially configured to simulate real-world, distributed computing
scenarios where latency-sensitive applications execute closest to the data origin. The edge
layer is composed of Raspberry PI devices that can be responsive in real-time, and the
fog and cloud layers offer more computational capacity to offloaded tasks. Synthetic IoT
workloads were created after setting up the infrastructure, which were then systematically
deployed with the help of several scheduling strategies. Logs of every task were kept
during the execution, with the information about the placement decisions, the processing
time, and energy estimations. Lastly, performance metrics were calculated and measured
to assess and make comparisons of the effectiveness of the applied algorithms.

3.2 Synthetic Workload Generation

The generation of realistic and unbiased workload was an important component in this ex-
perimental framework. Workloads were synthetically generated with a python generator,
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containing certain number of tasks, each of which was annotated with essential attrib-
utes: computational-complexity (in Million instructions), input data size (kb), deadline
(milliseconds), and priority level (high, medium , or low). In the workload design stage
heterogeneity was considered to include balanced distribution of light, medium, and heavy
tasks, similar to those in applications involving IoT in the real world. To prevent bias
towards any particular execution layer, task deadlines were proportionally allocated and
the order of task submission was randomly designed to simulate changing conditions in
the IoT systems.

3.3 Scheduling Algorithms

Three scheduling techniques were implemented and tested under same conditions to rep-
licate real-time scenarios. The former is a heuristic scheduler based on Dehury et al.
(2024) which calculates a normalized cost function using execution time, energy cost and
priority of the tasks to calculate the most suitable execution layer. The second, an MQP
strategy based on Fahad et al. (2022), which classifies and organizes tasks based on prior-
ity and burst lengths, with bottom-up starvation policy (edge → fog → cloud) to reduce
violation of deadlines and starvation. Lastly, a baseline comparison was performed with
GA-PSO-based metaheuristic approach. This algorithm is computationally intensive,
which was used as a benchmark to evaluate and discuss the trade-off between accuracy
of optimization and the real-time practicability. All algorithms were implemented in the
physical testbed and executed with same workloads to ensure fairness and systematic
comparison.

3.4 Measurement Approach

The performance metrics measurement that were considered essential for real-time IoT
systems were carried out including end-to-end latency, the estimated energy consumption
based on execution time and power models of the devices, deadline miss ratio ( the
ratio of tasks which missed their deadline), and resource utilization of three layers. The
output logs of every algorithms were analyzed and visualized through python scripts
and statistical analysis was also performed to find descriptive values like mean values and
standard deviation in every cycle of experiment. This provided reliability and consistency
of the reported results.

3.5 Analysis and Visualization

The processed data containing metrics was merged into organized CSV files, which were
analyzed in the Google Colab platform for comparison. The data was processed and
analyzed using the pandas2 library, whereas the visual graphs were generated using
matplotlib3 and seaborn4. The generated plots and graphs included task distribution
comparison, performance time, energy consumption, and deadline violations for all the
scheduling strategies that were considered and evaluated. These visual results were used
to decide the trade-offs between latency, energy efficiency, and computational intensity
of each algorithm.

2https://pandas.pydata.org/
3https://matplotlib.org/
4https://seaborn.pydata.org/
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Algorithm 1 HeRAFC-inspired Scheduler (Normalize → Check → Dispatch)

Require: Task t = {cpu cycles, input size, deadline, priority};
[Edge,Fog,Cloud] with parameters (MIPS,BW, energy, deadline thr);
normalized global maxima Dmax, Pmax, Cmax, Emax

0: for each layer l in order do
0: Energy and Time Estimation: texec← cpu cycles

MIPS(l)
, ttx← input size

BW(l)

0: T←1000 (texec+ttx), E←cpu cycles · energy(l)
0: Normalization: T̃ =T/Dmax, Ẽ=E/(Cmax ·Emax), P̃ =priority/Pmax

0: heuristic calculation: J=wtT̃ + weẼ − wpP̃
0: Layer Feasibility (check): if T̃ ≤ min

(
deadline(t)/Dmax, deadline thr(l)/Dmax

)
then dispatch t to l and return else continue

0: end for
0: Skip t (no feasible layer) =0

Algorithm 2 MQP Priority Scheduler (Short/Long, Bottom-Up)

Require: Threshold θ; layers [Edge,Fog,Cloud] with (MIPS,BW, deadline thr)
0: Enqueue: cpu cycles ≤ θ ⇒ Short queue; else Long
0: while queues not empty do
0: t← pop from Short if notempty, else from Long
0: for each layer l do
0: T ← 1000·

( cpu cycles(t)
MIPS(l)

+ input size(t)
BW (l)

)
0: if T ≤ deadline thr(l) then
0: dispatch t to l; break
0: end if
0: end for
0: if no acceptance then mark skipped logged and offloaded to Cloud
0:

Table 2: Formulas and Evaluation Metrics

Metric Formula

Execution Time (texec) texec =
cpu cycles

MIPS(l)

Transfer Time (ttx) ttx =
input size

BW (l)

Latency (T ) T = 1000 · (texec + ttx) (ms)

Energy (E) E = cpu cycles× energy coeff(l)

Average Latency T =
1

N

∑N
i=1 Ti

Deadline Miss Ratio (DMR) DMR =
Tasks Missed

Total Tasks

Deadline Adherence Rate (DAR) DAR =
(
1−DMR

)
× 100

Utilization (U) Ul =

∑
i∈Sl

Ti

Wl
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4 Design Specification

The hybrid edge-fog-cloud architecture aims to optimize task scheduling in IoT en-
vironments that require low-latency execution. The framework focuses on bottom-up
execution layer selection policy: the tasks were executed at the edge layer to achieve
low latency depending on the capacity of the layer, or else it was offloaded to fog when
resources are insufficient, and to the cloud when fog’s capacity was overloaded. This
top-down strategy was followed, which allows the optimal use of resources with strong
limitations on the deadlines.

4.1 Workflow Overview

Figure 1: Proposed Edge–Fog–Cloud Architecture and Scheduling Workflow

The initial process of scheduling begins with synthetic workload generator, which gen-
erates heterogeneous IoT jobs with programmed requirements, priorities and deadlines.
These tasks were sent to a centralized dispatcher that executes one of the following
strategies (Heuristic, Priority-based or Metaheuristic) with bottom-up selection policy.
The dispatcher was responsible for making decision regarding layer placement. In the
execution phase, tasks were logged with metadata of layer placement, average execution
time, transfer time and energy estimations. These logs were further used in comparative
analysis of algorithms in terms of performance, such as latency, energy efficiency, and
deadline adherence.
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4.2 Scheduling Approach and Contributions

The combination in the framework included purpose-tailored optimizations for dy-
namic, resource-constrained environments along with the use of lightweight scheduling
algorithms.

1. Heuristic Scheduler (HeRAFC-Inspired): This scheduler calculates a normal-
ized cost function for the decision of execution layer placement considering execution
time (T ), energy usage (E), and task priority (P ). The cost is calculated as follows:

C = wt
T

Tmax

+ we
E

Emax

− wp
P

Pmax

The weight of each factor, denoted by wt, we, and wp can vary and represent rel-
ative importance associated with that factor. The bottom-up policy (edge → fog
→ cloud) was followed, so that task allocation follows the view to execute latency-
sensitive task at the lowest layer and considering resource restrictions. This ap-
proach extends the standard heuristic algorithm in two ways: It offers the capabilit-
ies of layer-specific deadline testing and adjusting the weights dynamically
depending on the real-time load on the system to increase the adaptiveness
and flexibility in changing workloads.

2. Priority-Based Scheduler (MQP Adaptation): This strategy makes use of
urgency-based reasoning to sequence the tasks into several queues, considering the
priority and burst lengths. The bottom-up decision approach was followed, where
short-duration and priority-intensive tasks were executed close to the edges. If the
deadline criteria were not met at the lowest level, the task was further offloaded
to the fog layer and then to the cloud. The major improvements over the baseline
MQP models were deadline-driven escape logic, which was used to reduce fre-
quent deadline violations occurring, and task starvation avoidance methods
using dynamic time slicing to ensure fairness within the low-priority queues without
interfering with the higher-priority tasks.

Q =

{
Qshort, if CPUtask ≤ θ

Qlong, otherwise

Execution order: Priorityhigh → Edge→ Fog→ Cloud

A hybrid GA-PSO metaheuristic algorithm was implemented on the synthetic
workload, which worked as an optimization-related reference point to benchmark the
tradeoffs between accuracy and computational overhead of operating in a real-time scen-
ario.

4.3 System Specifications

Table 3 provides the summary of hardware capabilities and deadlines associated with
each architectural layer.
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Table 3: Layer Configuration and Capabilities

Layer Hardware MIPS Deadline (ms)

Edge Raspberry Pi 3B (1GB RAM) 500 1500

Fog AWS EC2 t2.small (2vCPU) 1000 2500

Cloud AWS EC2 t3.large (4vCPU) 2000 —

5 Implementation

The lightweight scheduling strategies were executed in the implementation step on a fully
configured edge-fog-cloud testbed, which includes controlled tests that evaluated their
efficiency. The implemented solution with a physical hardware architecture provides a
comparison of the algorithms based on parameters such as latency, energy, and deadline
achieved during the results.

5.1 Technologies and Tools used

The following resources were used for system implementation:

1. Scripts and Programming: Workload generation, replication of scheduling al-
gorithms, and results logging were performed using Python Scripts

2. Execution Layers: Raspberry Pi 3B for the edge tier; AWS EC2 t3.small in-
stance for fog; AWS EC2 t3.large instance for cloud.

3. Data Analysis: Libraries such as pandas, matplotlib, and seaborn were used
for visualization and statistical analysis in Google Colab environment.

5.2 Synthetic Workload Preparation

A heterogeneous IoT task generator was based on Python scripts that replicated the
diversity of applications based on real-world scenarios. The workload generated consists
of four significant attributes, including the computation time (in Million Instructions),
input size (in KB), deadline (in milliseconds), and priority (High, Medium, or Low). To
ensure fairness or to give no layer an advantage, deadlines were spread evenly, and the
order of submission would be randomized to simulate dynamic traffic. A summary of
workload characteristics was illustrated in Table 4.

5.3 Scheduling Algorithm Integration

Three scheduling methods were implemented: (1) Heuristic scheduler based on HeR-
AFC, which contains the adjustments of layer-specific deadlines check and adjustment
of weights dynamically; (2) Priority-based scheduler (MQP extension), which decreased
the starvation of processes and priority-based escalation; and (3) GA-PSO metaheur-
istic algorithm that was used to benchmark optimization accuracy. The algorithms were
based on the bottom-up layer selection policy (edge→ fog→ cloud), providing minimum
latency to critical requests and optimal resource management.
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Table 4: Synthetic Workload Parameters

Parameter Description

task id Unique identifier for each task

type Category of (e.g., A = Light, B = Medium, C = Heavy)

cpu cycles mi Computational complexity (Million Instructions)

input size kb Input data size in kilobytes

deadline ms Task completion Deadline (milliseconds)

priority Priority level (1 = Low, 2 = Medium, 3 = High)

timestamp Scheduling sequence - Task creation time

5.4 Execution Workflow

The experimental procedure was as follows: (1) Synthetic workloads generated dynamic
traffic; (2) Tasks were scheduled to layers and dispatched using parameterized algorithms;
(3) The data generated during execution was recorded in real-time with details like task
ID, layer to which the task is allocated, start and completion time, estimation of energy
consumption as well as meeting of the deadlines;(4) The logs were exported into structured
CSV files and processed. The example of how tasks were distributed between edge,
fog, and cloud layers was shown in Figure 2 according to the results obtained in the
experiment.

(a) HeRAFC-Based Heuristic Logs (b) Priority-Based Scheduling (MQP)

(c) Metaheuristic Scheduling (GA–PSO)

Figure 2: Execution logs of task placement decisions across scheduling algorithms
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5.5 Outputs Produced

The following outputs were logged in the implementation phase:

1. CSV files containing execution metrics per task(latency, energy estimates, layer
placement, and deadline status).

2. Aggregation was applied to the performance data of each scheduling strategy.

3. To compare the results of algorithms based on task distribution, average execution
and transfer time, energy consumption, and the ratio of missed deadlines, various
plots and graphs were generated

5.6 Analysis Pipeline

The libraries of pandas, matplotlib, and seaborn were used on Google Colab platform
to visualize and compare the details of the solution. The Python scripts were used to
process the execution logs and get descriptive statistics like mean and standard deviation.
The generated bar graphs highlighted a precise summary of distributed tasks, which de-
noted the trade-offs in latency, energy consumption and resource allocation in scheduling
algorithms.

6 Evaluation

The performance details of the three scheduling strategies included in the proposed frame-
work (heuristic (HeRAFC-inspired), priority-based (MQP adaptation), and metaheuristic
(GA-PSO hybrid)) were analyzed. To determine the performance behaviour, three differ-
ent workload environments of 500 tasks, 1000 tasks, and 1500 tasks were processed
in the hybrid edge-fog-cloud infrastructure. The analysis was carried out based on the
following performance indicators which are as follows:

1. Average Execution Time (ms): Total time taken for task completion.

2. Average Transfer Time (ms): Data transmission latency between layers.

3. Average Energy Consumption: Total Energy consumption per task.

4. Standard Deviation of Execution Time (ms): Variance in task completion time.

5. Missed deadlines (absolute count): Tasks not meeting the deadline threshold during
pre-dispatch decision.

6. Deadline adherence rate: % of tasks completing before deadline thresholds.

6.1 Case Study 1: 500 Tasks

Observation: The priority algorithm based on the MQP algorithm recorded the low-
est average execution time (1064.87 ms) and transfer time (89.60 ms), which performed
better than the heuristic and GA-PSO. The long and short priority queues ensured that
high-priority tasks were executed near the edge. Also, the MQP had the lowest en-
ergy consumption (0.2670 units), as the short tasks were processed in the lower layers.
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The heuristic algorithm highlighted balanced performance, while GA-PSO achieved high
transfer latency(133.00 ms), energy consumption(0.3080), and most missed deadlines due
to its optimized allocation, computational overhead, and greater reliance on offloading
tasks to the cloud layer.

Table 5: Performance Metrics for 500 Tasks

Algorithm Avg Exec (ms) Avg Transfer (ms) Avg Energy Std Dev (ms) Missed DL

Heuristic 1159.33 92.73 0.2910 247.37 322.67

Priority 1064.87 89.60 0.2670 220.37 370.33

GA–PSO 1197.93 133.00 0.3080 769.17 493.67

Figure 3: Summary of Performance Metrics (500 Tasks)

6.2 Case Study 2: 1000 Tasks

Figure 4: Summary of Performance Metrics (1000 Tasks)

Observation: Similar trends were observed in the 500 tasks case study, where the
priority scheduler maintained the lowest execution time(1073.67 ms) and transfer (90.47
ms) time. As the task workload was doubled, deadline violations also increased gradually.
GA-PSO was the most variable in terms of standard deviation (769.77 ms), which indic-
ates that it is less preferable for real-time IoT workloads. Stability was observed in the
heuristic approach, which indicates its better scalability in mixed latency environments.
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Table 6: Performance Metrics for 1000 Tasks

Algorithm Avg Exec (ms) Avg Transfer (ms) Avg Energy Std Dev (ms) Missed DL

Heuristic 1166.47 93.03 0.2930 243.27 659.33

Priority 1073.67 90.47 0.2690 214.97 756.67

GA–PSO 1228.40 135.50 0.3170 769.77 1028.00

6.3 Case Study 3: 1500 Tasks

Figure 5: Summary of Performance Metrics (1500 Tasks)

Observation: An increase to 1500 tasks confirmed the previous observations. The
priority algorithm recorded the lowest execution time (1061.00 ms) and consumed the
lowest energy (0.2657 units), which demonstrated robustness under increased load. Still,
the heuristic algorithm was consistent across all workloads, which makes it reliable at the
mid-level between speed and efficiency. In contrast, GA-PSO was competitive in some
metrics with other algorithms, but still recorded high latency and energy consumption due
to its highly computationally intensive fitness calculation and metaheuristic approach.
These consistent results demonstrate the scalability and reliability of the assessment
framework, which supports its applicability to benchmark the scheduling strategy process
in real-world demanding IoT settings.

Table 7: Performance Metrics for 1500 Tasks

Algorithm Avg Exec (ms) Avg Transfer (ms) Avg Energy Std Dev (ms) Missed DL

Heuristic 1156.20 94.47 0.2902 246.80 1017.33

Priority 1061.00 91.83 0.2657 214.17 1145.67

GA–PSO 1174.80 133.00 0.3017 753.00 1475.00

6.4 Task Distribution

Observation: The Figure 6 highlights the distribution methods and their influence on
performance results. A bottom-up allocation policy was followed by both heuristic and
priority schedulers, which favoured the edge and fog layers for major tasks. Significant
reduction in transfer delays and energy usage was observed with alignment of lower
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Figure 6: Task Distribution Across Edge, Fog, and Cloud Layers

latency value recorded in Tables 5–7. Additionally, GA-PSO offloads more tasks to the
cloud layer, which increases data transfer time and energy consumption. This distribution
pattern clearly explains the higher latency and incurred energy costs observed for the GA-
PSO approach.

6.5 Discussion of Findings

The three algorithms were tested on the same synthetic workloads as outlined in
Section 5 with uniform hardware requirements at the edge, fog, and cloud layers. The
summary of important trends was stated in Figure 7 and performance measures can be
found in Tables 5, 6, and 7.

Figure 7: Summary trend of all metrics
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The experiment results showed a consistent trend in all three cases (500, 1000, and 1500),
which strengthens the validity of indicators during performance measurement and creates
a strong platform for the comparative analysis that follows in the discussion:

1. Priority-Based Scheduling: This approach can be considered best in latency-
based applications, including emergency warning systems or patient care monitor-
ing, as its execution and transfer time is less compared to other algorithms. The
MQP-based approach had a higher rate of deadline violation due to its hard priority
queues compared to the heuristic approach.

2. Heuristic Scheduling: The strategy was balanced in terms of trade-off between
execution time, energy consumption, and the satisfaction of deadline constraints. It
was specifically designed for mixed IoT (with a critical need for latency and energy),
e.g., smart grids or industrial IoT platforms.

3. GA-PSO Metaheuristic: As much as the GA-PSO is capable in theory of identi-
fying globally optimized task allocations, its high computational load implies that
it cannot be used to handle real-time computational loads. It is more appropriate
when applied in an offline optimization case or in batch scheduling with a lot of
flexibility in the deadlines, with the need for long-term optimization of resource
usage.

The results highlighted that lightweight algorithms (Heuristic and Priority-based)
are more efficient in comparison with metaheuristic methods in dynamic (real-time) IoT
systems with low latency and energy consumption requirements.

7 Conclusion and Future Work

7.1 Conclusion

This research aimed to investigate and optimize task scheduling in distributed
edge–fog–cloud architectures through lightweight and metaheuristic strategies under real-
istic IoT workloads. The initial objective was to compare the performance of scheduling
algorithms, i.e., heuristic-based, priority-based, and GA-PSO based metaheuristics, in
terms of latency, energy consumption, and the ability to meet deadlines in a fully de-
ployed physical testbed.

A three-layer edge–fog–cloud system was implemented with identical hardware re-
strictions and various synthetic workloads that replicate an actual IoT environment. The
heuristic scheduling approach inspired by the HeRAFC model shows a balanced trade-off
on performance metrics. In latency-critical scenarios priority-based scheduling approach
was effective, although it violated deadlines under high-load conditions occasionally. The
metaheuristic algorithm was theoretically capable of optimal placements, but proved less
efficient due to its high computational overhead and variance in deadline violations.

Lightweight scheduling algorithms outperformed metaheuristics in real-time respons-
iveness and energy efficiency were the key findings demonstrated in this research. The
heuristic scheduler had the best deadline satisfaction compared to GA-PSO, while the
priority strategy minimized execution time. These observation and results highlights
the importance of customized scheduling strategies in resource-constrained IoT systems.
The experimental framework confirmed the effectiveness of a physical testbed in capturing
realistic system behaviours.
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7.2 Limitations and Future Work

Although the study showed encouraging results there are still limitations and future
studies that can be followed up. The architecture was tested with multiple synthetic
task profiles to significantly replicate realistic IoT use-cases, but it still may lack in
handling burstiness, unpredictability, and patterns with multi-modal data occurring in
real IoT deployments. Adaptive scheduling algorithms, which dynamically respond to
fluctuations in workload and network conditions, can be explored in the future to enhance
the robustness and scalability of the proposed architecture. In the future, simulation-
based environments can be incorporated with the physical testbed.

1. The simulation platforms like iFogSim and CloudSim can be utilized to increase the
testing of IoT workloads on a broader range.

2. The future research can include dynamic scheduling methods using reinforcement
methods and fuzzy logic integration to adapt towards changing contexts.

3. The proposed evaluation framework can be extended by integrating real sensor
data from Industries and smart cities, which would validate its practicality and
scalability for its deployment in commercial settings.
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