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Abstract—Hybrid edge–cloud computing has emerged as a 

promising paradigm to meet the demands of latency-sensitive 

and resource-aware applications by combining the low-latency 

benefits of edge nodes with the scalability of cloud infrastructure. 

Efficient workload scheduling in such environments remains a 

critical challenge due to the heterogeneity of resources, dynamic 

network conditions, and diverse application requirements. This 

paper presents a comprehensive survey and comparative analysis 

of heuristic and metaheuristic scheduling algorithms tailored for 

edge–cloud systems. Seven representative algorithms, including 

Greedy Resource-Aware Heuristics (GRAH), Heterogeneous 

Earliest Finish Time (HEFT), Min-Min/Max-Min, Genetic 

Algorithm, Particle Swarm Optimization (PSO), Ant Colony 

Optimization (ACO), and Tabu Search, are evaluated against 

seven key criteria: latency awareness, energy efficiency, 

scalability, scheduling accuracy, implementation complexity, 

resource utilization, and adaptability. The evaluation is 

literature-driven and structured through a Weighted Scoring 

Model (WSM), which synthesizes findings from prior simulation-

based and experiment-based studies into a comparative 

framework. Results indicate that Greedy Resource-Aware 

Heuristics offer the best trade-off for real-time, dynamic 

scenarios, while optimization-based methods, like GA and Tabu 

Search, provide superior accuracy and resource balance at the 

cost of increased complexity. The findings highlight critical 

trade-offs and offer guidance on selecting appropriate scheduling 

strategies based on application-specific goals and system 

constraints. 

Keywords—Edge computing; cloud computing; workload 

scheduling; heuristic algorithms; metaheuristics; scheduling 

optimization; ACO; PSO; HEFT; Tabu Search; GA; Greedy 

Resource-Aware Heuristics; Min-Min; Max-Min; WSM; Weighted 

Scoring Model 

I. INTRODUCTION 

With each new breakthrough digital tech innovation, 
they’re driving one revolution after another of intelligent 
services that become increasingly integrated into our lifestyle 
and industrial workflow processes. Consider just real-time 
video surveillance, intelligent transport systems, self-driving 
cars, robot-assisted manufacturing, and telemedicine; each of 
these very different use cases have one thing in common; they 
need fast, predictable, contextual computing. They tend to 
operate in very dynamic environments, process very large data 
inputs, and make decisions within fractions of a second. 

Cloud computing has always made data processing possible 
by virtue of large-scale computing and large-scale storage. But 
it is not optimized with ultra-low latency for use cases today 
that are latency-aware. Because of clouds' data centers' 
locations being far from end-users, communicating across 
those long-haul distances, paired with bandwidth constraints, 
becomes a serious chokepoint [1], [2]. Just running on the 
cloud is not good enough for use cases when milliseconds do 
matter at the end. 

In an endeavor to close that gap, we are headed towards 
hybrid edge–cloud architectures. Here, processing of work is 
judiciously split; lighter workloads are processed close to or at 
the edge of the network (i.e. close to the place of data 
origination), while high-intensity workloads are shifted out to 
the cloud [2], [3]. Both of them together offer: edge 
computing's speed and proximity advantage as well as 
scalability and power of the cloud. That's the perfect 
destination for new services where a very fast response time as 
well as high compute capacity are an imperative. 

But to actually make this architecture work well together, 
however, one of its needs for capabilities is intelligent 
scheduling of work. That is, decisions at the time of where and 
when each of its pieces of work needs to run; out at the edge, 
out at the cloud, or across two. Decisions of how they are made 
have huge effects on system performance, from response time 
through energy efficiency, all the way to resource utilization 
and utilization of networks [3]. That is, scheduling of 
workloads is not after-the-fact business at all; it's utterly 
essential for successful hybrid computing. 

But coming up with an effective schedule solution for such 
very dynamic and very complex edge–cloud environments is 
no small feat. Schedulers are faced with many things 
happening simultaneously, like limited edge resources, 
fluctuating network conditions, mobility devices, tasks with 
deadline constraints, and user preferences. And sometimes they 
need to do all of that on the fly. Traditional optimization 
approaches, although accurate, are too resource-intensive and 
latency-prone for real-time programs, especially large-scale 
programs [3]. That's why there's greater emphasis on heuristic-
based schedule approaches; a faster, more agile approach that's 
better adapted to today's edge-cloud computing. 
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Heuristics provide fast, light-weight, and flexible solutions 
that best suit edge–cloud applications. They do not guarantee 
an optimal solution but provide a fast, good-enough solution 
that is precisely desired in real-world applications. Min-Min, 
Max-Min, Heterogeneous Earliest Finish Time (HEFT), and 
Greedy Resource-Aware are intuitive decision-making or rule-
of-thumb–based schemes that are simple to implement as well 
as fine-tune. Although seemingly extremely trivial, such 
heuristics could possibly handle multi-dimensional trade-offs 
like latency vs. energy consumption or edge load balancing vs. 
cloud optimality with remarkable efficiency [4]. 

However, the sheer variety of heuristic methods—and the 
lack of standardized benchmarks—makes it difficult for 
researchers and practitioners to choose the most appropriate 
algorithm for a given application. Some heuristics are tailored 
for low latency, while others excel at resource efficiency or 
scalability. As a result, there is a growing need for a unified, 
multi-criteria evaluation framework that enables a fair and 
meaningful comparison across these approaches. This 
motivates our work: to provide a comprehensive review and 
comparative analysis of heuristic-based scheduling methods, 
supported by a Weighted Scoring Model (WSM) that captures 
the practical trade-offs involved in real-world deployments. 

This paper aims to bridge the gap between the growing 
number of heuristic-based scheduling algorithms and the lack 
of a standardized, comparative evaluation framework tailored 
for hybrid edge–cloud environments. Unlike works that focus 
on individual algorithms, the novelty of our study lies in 
providing a unified, multi-criteria evaluation framework 
through the Weighted Scoring Model (WSM). We do not 
propose a fundamentally new scheduling algorithm in this 
paper; rather, we offer a systematic and transparent synthesis 
that highlights trade-offs, strengths, and weaknesses across 
existing approaches. In this way, the paper provides both 
practitioners and researchers with a practical decision-support 
tool and a baseline for identifying research gaps. Future work 
will build on this foundation to design and validate novel 
adaptive scheduling methods tailored to real-world, large-scale 
edge–cloud deployments. Our contributions can be 
summarized as follows: 

• Comprehensive Survey of Heuristic Approaches: We 
conduct a structured and up-to-date review of 
prominent heuristic-based workload scheduling 
algorithms—including Min-Min, Max-Min, HEFT, 
Greedy Resource-Aware Heuristics, Tabu Search, and 
others—that have been applied in the context of hybrid 
edge–cloud systems. Each algorithm is examined in 
terms of its working principles, strengths, limitations, 
and targeted scheduling objectives. 

• Design of a Weighted Scoring Model (WSM): We 
propose a multi-criteria decision-making framework 
that evaluates heuristic algorithms using a Weighted 
Scoring Model. The model is based on seven critical 
evaluation dimensions: Latency Awareness, Energy 
Efficiency, Adaptability, Scalability, Scheduling 
Accuracy, Implementation Complexity, and Resource 
utilization.  

• Comparative Analysis and Ranking: By applying the 
WSM to a curated set of heuristic algorithms, we 
provide a transparent and reproducible comparison. 
Each algorithm is scored and ranked, highlighting trade-
offs and performance gaps. This offers valuable 
guidance for researchers and system architects seeking 
to select or customize scheduling strategies for specific 
use cases. 

The rest of the paper is organized as follows: Section II 
reviews the related work on heuristic-based workload 
scheduling in edge–cloud environments. Section III provides 
background information and foundational concepts. Section IV 
introduces a classification of heuristic scheduling approaches. 
Section V presents representative heuristic algorithms 
commonly used in edge-cloud systems. Section VI details the 
methodology of the Weighted Scoring Model used for 
evaluation. Section VII compares the selected heuristic 
algorithms based on defined criteria. Section VIII discusses the 
results of the comparison and highlights key insights. 
Section IX outlines current challenges and suggests future 
research directions. Finally, Section X concludes the paper. 

II. RELATED WORK 

Several recent systematic reviews have explored task 
scheduling challenges in edge–cloud environments, 
particularly through the lens of heuristic and metaheuristic 
techniques. For example, the study in [5] introduced a hybrid 
scheduling approach that enhances traditional heuristics with 
deep learning by combining Particle Swarm Optimization 
(PSO) and the Firefly Algorithm. This fusion leveraged the 
complementary strengths of both methods and achieved 
improved scheduling performance for resource-intensive tasks 
in cloud platforms. 

In another work [6], the authors tackled the complexity of 
scheduling IoT applications in fog computing—a problem 
recognized as NP-hard. While the paper acknowledges the 
historical reliance on rule-based and metaheuristic techniques, 
it also critiques their dependence on global knowledge and 
limited adaptability in dynamic environments. To address these 
limitations, they proposed DRLIS, a Deep Reinforcement 
Learning-based scheduler, and demonstrated its superiority 
over classical metaheuristics such as NSGA2 and NSGA3, 
particularly in terms of convergence speed, scheduling time, 
and optimization effectiveness. 

Complementing these algorithmic proposals, the review 
presented in [4] examined the advantages, limitations, and 
application contexts of various heuristic-based task scheduling 
methods within cloud computing. Such analyses are valuable 
for informing the selection of heuristics in real-world task 
scheduling scenarios. 

Further, [7] offered a broad survey of optimization-driven 
scheduling algorithms in edge–cloud systems, highlighting 
techniques such as Genetic Algorithms (GA), Cat Swarm 
Optimization, and multi-objective variants of Ant Colony 
Optimization (ACO) and PSO. Their work emphasized the role 
of multi-objective optimization in balancing trade-offs among 
latency, energy efficiency, cost, and load distribution. The 
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study also shed light on emerging themes like adaptive 
scheduling, collaborative resource orchestration, and addressed 
open challenges such as handling task dependencies, dynamic 
resource availability, and fault tolerance—key issues in 
evolving edge–cloud scenarios. 

The study in [8] provides a systematic review of heuristic-
based scheduling methods for IoT-fog environments. It 
classifies approaches into six categories—priority-based, 
greedy, metaheuristic, learning-based, hybrid, and nature-
inspired—though labeled as a taxonomy, the structure is more 
accurately a flat classification. The review follows PRISMA 
guidelines and identifies key challenges such as heterogeneity, 
scalability, and security, while suggesting future directions like 
integrating machine learning and enhancing explainability. 
However, it lacks cross-category performance comparisons, 
broader contextualization with non-heuristic or AI-based 
methods, and deeper analysis of real-world applicability and 
security-aware heuristics. Despite these gaps, it remains a 
valuable reference for heuristic scheduling in fog-cloud IoT 
systems. 

Despite such valuable contributions, there continues to be a 
gap in the literature: there has not yet been a review dedicated 
entirely to heuristic-based scheduling of workloads in the 
special case of hybrid edge–cloud computing. This paper seeks 
to address the imbalance by providing a comprehensive 
investigation and taxonomy of heuristic methods, comparing 
their efficiency, and evaluating their usability in practice in the 
environments of edge-clouds. 

III. BACKGROUND 

A. Edge-Cloud Architecture Overview 

Edge-cloud computing integrates two mutually 
complementary levels of computing infrastructure: edge nodes, 
located near devices producing data such as sensors and IoT 
devices, and remote cloud servers, providing powerful 
computing and massive storage capacity. The architecture 
develops a hierarchy of computing such that tasks could be 
optimally redistributed over multiple sites depending upon 
their latency sensitivity as well as resource requirements. Tasks 
with high response requirements or those of high volume of 
data requiring processing over real-time are usually served at 
the edge, such that the latency for the purpose of 
intercommunication could be reduced as well as bandwidth 
usage. Compute-intensive tasks and high-duration data storage 
tasks are, on the other hand, offloaded to clouds where higher-
end resources. Balancing the workload judiciously but 
adequately between both the edge as well as the cloud layers of 
such architecture permits providing greater system 
responsiveness as well as lower communications overhead 
between distributed applications, but particularly greater 
scalability as well as fault tolerance of the application [9], [10]. 

B. Workload Characteristics 

Edge–cloud computing workloads are extremely variable 
and very dynamic, arising from an enormously large variety of 
sources like sensors, mobile phones, camera-equipped phones, 
and machines. They very notably fluctuate with computing 
intensity, latent needs, volume of data, as well as arrival rates 
[11]. Some require instant processing immediately with no wait 

time involved, while some have bulk or occasional data. 
Making the matter worse in such an instance is the changing 
and diverse nature of the arrival of tasks. At any instant, 
workloads peak and the system has to decide on the spur of the 
moment, that is, at real-time scheduling. Schedulers are 
compelled persistently to shift configurations such that good 
performance as well as reliability are sustained, such factors as 
availability of computing resources, state of the current 
network, as well as priority or requirement of arriving tasks are 
being considered [11]. Service-level objective (SLO) 
realization within such an environment requires intelligent 
mechanisms of scheduling that could adequately contend with 
ever-changing demands. 

C. Scheduling Objectives 

Scheduling edge–cloud computing workload is specifically 
challenging because there exist multiple, often competing 
objectives that have to be optimized. Efficient schedulers must 
reconcile multiple desirable objectives in balancing for system 
efficiency as well as application performance: 

• Latency Reduction: Most edge computing initiatives 
revolve around reducing response time. Scheduling 
policies must prefer deploying the work next to where 
data is being generated [12]; lower round-trip delay, 
and best-case real-time response. 

• Enhancing Energy Efficiency: The edge nodes will 
frequently be deployed at sites that have minimal access 
to power sources, e.g. at remote sites or at battery-based 
deployments. Overloading such nodes may lead to 
energy drain and interruption of service [13]. 
Scheduling algorithms will then need to target the 
reduction of transmission of useless information and 
overloading by nodes with energy limitations. 

• Sustaining Load Balancing: Non-balanced allocation of 
tasks could end up overloading some nodes while 
leaving other nodes idle. Schedulers will have to avoid 
skewed allocation of workloads in order to sustain 
system stability as well as system throughput by 
avoiding bottlenecks and allowing for more balanced 
program execution across the network [11]. 

• Ensuring Quality of Service (QoS) and Quality of 
Experience (QoE): Some applications of the real-time, 
i.e. video streaming, software for industrial control or 
healthcare monitoring, require hard guarantees 
regarding their performance. Schedulers are thus 
provided Service-Level Agreements (SLAs) by offering 
time completion of tasks reliably and correctly [11]. 
That affects the user experience of service quality 
directly and thus forms a crucial consideration of 
current scheduling schemes. 

Briefly speaking, the optimal scheduler in edge-cloud needs 
to be multi-objective; that is, it is required to serve latency, 
energy, load distribution, and service quality at the same time 
within a resource-limited and varying environment. 

D. Limitations of Traditional Scheduling Approaches 

Traditional scheduling methods applied for cloud 
computing, that are usually based on static policy or 
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algorithmic deterministic methods, do not perform well within 
edge–cloud environment scenarios. Traditional methods are 
usually not dynamic and thus inefficient when addressing real-
time variation of resource availability and workload. They are 
also usually coupled with high computing overhead and are not 
suitable for systems that lack computing power [14]. 

 Scalability is also a concern. As larger edge networks of 
thousands of nodes and devices are needed, the majority of 
typical schedulers do not scale or perform well. Furthermore, 
most of them rely upon centralized decisions and consequently 
yield greater incidences of point-of-failure occurrence and 
communication latency and lower fault tolerance [15]; each of 
these is a serious weakness of the distributed, heterogeneous 
environment. 

These limitations impose an immediate necessity for 
lightweight scheduling mechanisms that are also decentralized 
and adaptive. Heuristic-based mechanisms of these types have 
demonstrated extraordinary potential. Owing to their tendency 
to give fast approximate results with low overhead that 
automatically adjust with changing situations [13], [16], they 
are very fitting to the new edge–cloud computing requirements. 

IV. CLASSIFICATION OF HEURISTIC SCHEDULING 

APPROACHES 

Heuristic scheduling algorithms are essential for dealing 
with the dynamic and resource-constrained nature of edge–
cloud computing workloads. Heuristic algorithms are valued 
for giving good, near-optimum solutions with little overhead, 
which is a highly desirable characteristic in highly dynamic 
environments. As indicated in Fig. 1, we put forward a 
taxonomy of heuristic methods of scheduling, which 
categorizes the heuristics into simple heuristics, metaheuristics, 
and hybrid heuristics, based on their underlying strategies and 
level of complexity [17], [18], [19], [20], [21]. 

A. Simple Heuristics 

Simple heuristics are rule-based scheduling algorithms that 
use simple, predetermined logic to make decisions. They are 
most popular in real-time systems because of their low 
complexity and fast execution, which makes them suitable for 
applications in situations where fast, lightweight decision-
making is critical [22]. These techniques, though not 
necessarily optimal in terms of system-wide performance, 
ensure consistent baseline behavior with low processing 
overhead. Common implementations of simple heuristics 
include: 

• First-Come, First-Served (FCFS): FCFS puts tasks in a 
strict sequence of submission order without considering 
the availability of resources and the priority of the task. 
Even if FCFS is extremely simple in implementation, 
its performance under dynamic workload is typically 
poor, which results in under-utilization of resources, 
increased waiting times, and spikes in latency [23], 
[24]. 

• Shortest Job First (SJF): Runs jobs having the shortest 
estimated running time, trying to reduce average total 
wait time [23], [24]. Estimation of running time of the 

tasks may get complex in an edge-cloud scenario, 
which restricts the usage of SJF despite its theoretical 
efficiency. 

• Min-Min and Max-Min: These algorithms schedule 
tasks based on their expected completion times. Min-
Min selects tasks with the shortest completion time, 
favoring smaller tasks and aiming to quickly reduce the 
number of pending jobs. Max-Min, on the other hand, 
gives priority to tasks with the longest completion time, 
helping to balance load and avoid long-tail delays [22]. 
Both are commonly used in cloud systems to enhance 
throughput and resource efficiency. 

• Round Robin (RR): Distributes CPU time equally 
among all tasks using a time-slicing approach. While 
RR is fair and prevents starvation, it can incur high 
context-switching overhead, especially when dealing 
with a large number of short-lived or high-priority tasks 
[22], [23]. 

Overall, simple heuristics offer a solid foundation for 
scheduling in resource-constrained edge-cloud environments, 
particularly when quick, interpretable decisions are preferred 
over optimality. 

B. Metaheuristics 

Metaheuristic algorithms are advanced, high-level 
strategies designed to efficiently explore large and complex 
solution spaces—making them well-suited for challenging 
optimization tasks such as workload scheduling in edge–cloud 
environments. Unlike simple heuristics that rely on fixed rules, 
metaheuristics employ adaptive mechanisms to balance 
exploration and exploitation, allowing them to find near-
optimal solutions even in highly dynamic and multi-objective 
settings. 

Some of the most widely used metaheuristic approaches 
include: 

• Genetic Algorithm (GA): Inspired by the principles of 
natural selection and genetics, GAs use operators like 
selection, crossover, and mutation to evolve a 
population of candidate solutions across generations. 
GAs are particularly effective at navigating large and 
nonlinear problem spaces, but they often require 
significant computational time and tuning, especially in 
real-time scenarios [25], [26]. 

• Particle Swarm Optimization (PSO): This algorithm 
models a group of agents (particles) moving through the 
solution space, each adjusting its position based on its 
own experience and the performance of neighboring 
particles. PSO is known for its simplicity, fast 
convergence, and low memory footprint, which makes 
it appealing for real-time task scheduling in distributed 
systems [26], [27]. 

• Ant Colony Optimization (ACO): Inspired by the way 
real ants find optimal paths to food, ACO simulates a 
colony of artificial ants that build solutions 
incrementally, guided by pheromone trails. ACO is 
well-suited for discrete and combinatorial optimization 
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problems, such as scheduling tasks with dependencies 
or constraints [28]. 

• Simulated Annealing (SA): Modeled after the 
metallurgical process of annealing, SA probabilistically 
accepts worse solutions at early stages to avoid 
becoming trapped in local minima. This ability to 
escape suboptimal solutions makes SA effective for 
solving complex scheduling problems where traditional 
methods may get stuck [26], [27], [29]. 

Recent research has demonstrated the effectiveness of 
metaheuristics in edge–cloud systems. For example, ACO-
based schedulers have been used to optimize multiple 
objectives—such as latency, energy consumption, and cost—
through fitness functions tailored to dynamic edge 
environments. Another study proposed a modified Firefly 
Algorithm for workflow scheduling in hybrid cloud–edge 
platforms, which led to noticeable improvements in makespan 
and execution cost  [28], [30]. 

Metaheuristics, while more resource-intensive than simple 
heuristics, offer flexibility and robustness in finding high-
quality solutions for multi-objective and time-sensitive 
scheduling problems—a critical need in modern edge–cloud 
systems. 

C. Hybrid Heuristics 

Hybrid heuristics are scheduling strategies that combine 
multiple heuristic or metaheuristic methods in order to leverage 
their individual strengths while compensating for their inherent 
weaknesses. By integrating different approaches—such as 
combining the fast convergence of one algorithm with the 
global search capability of another—hybrid methods aim to 
achieve more balanced and effective solutions, particularly for 
complex scheduling problems in edge–cloud environments [8]. 

These strategies have shown strong potential in optimizing 
multiple, often conflicting objectives such as execution time 
(makespan), energy consumption, and operational cost. For 
instance, one study proposed a hybrid metaheuristic algorithm 
to enhance IoT service placement in edge–cloud 
infrastructures, achieving improved performance across key 
scheduling metrics [26]. 

Although hybrid approaches are not inherently AI-based, 
they still fall within the broader category of heuristic-driven 
scheduling techniques. However, when such methods are 
further enhanced with machine learning models or neural 
components, they begin to evolve into AI-driven schedulers—
offering even greater adaptability and decision-making 
intelligence in dynamic environments. 

 

Fig. 1. Taxonomy of heuristic-based workload scheduling approaches. 
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V. REPRESENTATIVE HEURISTIC APPROACHES 

We present in this section some representative heuristic and 
metaheuristic approaches that have been used for edge-cloud 
system workload scheduling. These approaches take optimal 
task-to-resource allocations under latency, energy, and 
workload balancing constraints into consideration. 

This paper chooses seven established scheduling 
algorithms: Greedy Resource-Aware Heuristics, HEFT, Min-
Min/Max-Min, Genetic Algorithm (GA), Particle Swarm 
Optimization (PSO), Ant Colony Optimization (ACO), and 
Tabu Search for comparative analysis. The choice was based 
on several objective criteria aiming to ensure relevance and 
diversity. Initially, the chosen algorithms exhibit a variety of 
methodological approaches: rule-based (HEFT, Min-Min/Max-
Min), greedy (Greedy Resource-Aware), evolutionary (GA, 
PSO), swarm intelligence (ACO), and memory-based search 
(Tabu Search). Such variety provides balanced coverage of 
diverse scheduling paradigms. Second, these methods have 
appeared extensively in edge–cloud literature and in reputable 
journals, establishing their research relevance. Third, they have 
exhibited performance in dealing with fundamental edge–cloud 
issues such as sensitivity to latency, limited resources, and 
dynamic workloads. They have been popularly instantiated in 
simulation environments such as CloudSim, iFogSim, and 
EdgeCloudSim. Fourth, they can be obtained in the form of 
open-source code or can be easily coded, thereby ensuring 
reproducibility and fair comparison in a unified Weighted 
Scoring Model (WSM) environment. Lastly, the combination 
of the above factors makes the selected set of algorithms both 
pragmatically valuable and representative of the general 
landscape of heuristic-based edge–cloud scheduling. 

A. Heterogeneous Earliest Finish Time (HEFT) 

The HEFT algorithm is a well-known static heuristic for 
scheduling in heterogeneous computing environments. It 
assigns tasks based on upward rank and maps each task to the 
processor that incurs the minimum earliest finish time. HEFT 
has been popular in edge–cloud environments because of its 
efficiency in reducing overall makespan and its ease of 
implementation [22], [31]. The major characteristic of HEFT is 
to consider the earliest finish time, though it does not allow 
rescheduling in the event of dynamic change [32] and does not 
account for energy consumption, which proves to be a main 
drawback in edge environments [33]. In terms of adaptability, 
HEFT works with static DAGs (Directed Acyclic Graph) and 
pre-estimated task times, lacking dynamic feedback or re-
optimization capabilities. It performs well in controlled 
environments but is not responsive to changes. Regarding 
resource utilization, HEFT uses task execution time and 
communication cost to prioritize task-node mapping, which 
helps achieve efficient load balancing and reduce idle time 
[34]. Minimizing the earliest finish time enables efficient 
resource distribution across heterogeneous nodes, making it 
well-suited for static resource planning. 

B. Ant Colony Optimization (ACO) 

Ant Colony Optimization (ACO) is a metaheuristic inspired 
by the foraging behavior of ants, where virtual “ants” 
probabilistically explore task assignments based on pheromone 
trails that reflect the quality of previous solutions. ACO has 

shown promise in optimizing multi-objective scheduling in 
dynamic edge–cloud environments by adapting to changing 
network or resource conditions [30]. Its adaptability stems 
from the use of pheromone updates, which encode historical 
experience and influence future scheduling decisions. 
However, ACO may require multiple iterations to converge, 
making it less responsive to immediate changes [35]. In terms 
of resource utilization, ACO builds better task-to-resource 
mappings over time, often leading to improved resource use as 
pheromone trails reinforce successful assignments. That said, 
its early iterations may result in suboptimal utilization before 
convergence is achieved [36]. ACO also faces several 
limitations: in its basic form, it is suitable only for small 
problem instances like the Traveling Salesman Problem with a 
limited number of cities, and it exhibits relatively high memory 
complexity of O(n²) [37]. Moreover, it is known to suffer from 
parameter sensitivity, limited scalability to large-scale 
problems, and challenges in real-time implementation [38]. 

C. Particle Swarm Optimization (PSO) 

Particle Swarm Optimization (PSO) poses task assignment 
as a problem of swarm intelligence, where particles 
representing candidate solutions explore the search space based 
on both individual and collective experience [26]. PSO has 
been successfully applied in edge–cloud systems for task 
scheduling under latency and energy constraints, particularly in 
large-scale or uncertain workload scenarios [22]. Its popularity 
stems from its simplicity and effectiveness in handling 
nonlinear, multi-modal optimization problems, as well as its 
adaptability to various contexts such as scheduling, resource 
allocation, and feature selection [33]. From an adaptability 
viewpoint, PSO changes task placement of particles across 
iterations, gradually responding to changing constraints, albeit 
as a delayed responder and potentially requiring several 
iterations to adapt well to change [39]. From a resource 
utilization viewpoint, PSO changes workloads across resources 
based on the resources available, simulating particles 
converging to optimum node locations. The nature of this 
approach prevents skewed resource utilization and minimizes 
underutilization, which makes PSO a popular approach to 
resource-aware scheduling [39]. The computational cost, 
however, depends on the number of particles, the 
dimensionality of the solution space, and the iterations, and has 
a general O(n × d × t) time complexity [40]. 

D. Min-Min and Max-Min Heuristics 

Min-Min and Max-Min are popular but straightforward list 
schedule heuristics employed in heterogeneous computing 
environments. Min-Min chooses the task possessing the 
minimum of the earliest completion time on any available 
resource, and it performs well in cases where smaller tasks 
become prevalent, as they incur less waiting time and get 
processed faster [41], [42]. It has, however, a major flaw of 
causing large tasks to be delayed heavily, as they usually get 
pushed aside in favor of smaller ones [42]. Max-Min, on the 
other hand, chooses the task possessing the maximum of the 
minimum completion times and ends up assigning bigger tasks 
to the best node to complete them in the shortest time. It 
prevents large tasks from remaining perpetually on hold and 
suits well in cases of heterogeneous environments having 
varied requirements of the tasks and varying node capabilities. 
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There, however, exists the possibility of Max-Min getting 
inefficient in cases of high prevalence of tiny tasks, as they 
incur extra and needless waiting time [42]. Both of the above 
algorithms are deterministic and static, in that they adhere to 
fixed priority assignment policies and do not respond to 
varying levels of task arrivals, system loading, and availability 
of the nodes. Consequently, they are not suitable in dynamic or 
mobile edge–cloud environments [22], [42]. That implies, there 
exists no re-evaluation of the tasks once they become 
scheduled, and hence, they become inflexible in fluctuating 
conditions. In terms of resource utilization efficiency, they end 
up overloading faster nodes and keeping other ones idle, as a 
result of their static selection of the task and failure to adapt to 
the runtime variations of resource status. 

E. Greedy Resource-Aware Heuristics 

Greedy Resource-Aware Heuristics (GRAH) are high-
speed, lightweight, and context-aware heuristics of scheduling, 
making locally optimal decisions based on real system 
parameters such as CPU utilization, memory, bandwidth, and 
latency to edge or cloud nodes [12], [43]. They become 
particularly valuable in real-time and latency-sensitive 
environments, in which they prioritize task assignment to the 
nearest or least-loaded node with adequate resources, in order 
to keep data transfer latency to a minimum and increase 
responsiveness. GRAH approaches have been widely 
implemented in mobile and fog computing scenarios due to 
their simplicity, low overhead, and adaptability to runtime 
conditions [42]. Unlike complex global optimizers, greedy 
algorithms do not require prior knowledge of future workloads, 
making them well-suited for dynamic edge–cloud 
environments. Their use of the current system state enables on-
the-fly scheduling, ideal for large-scale, time-critical systems. 
In terms of adaptability, GRAH performs well by continuously 
reacting to changes in system load and node availability. 
Regarding resource utilization, these heuristics respond quickly 
to imbalances (e.g. by assigning tasks to the least-loaded 
nodes), but they lack a global view of the system. This can 
result in uneven distribution or suboptimal long-term resource 
use [44]. While GRAHs are generally more energy-efficient 
and responsive in fog or edge environments, they may struggle 
to achieve globally optimal performance when system 
dynamics evolve over time or require coordinated optimization 
[21], [42]. 

F. Tabu Search 

Tabu Search (TS) is a metaheuristic optimization algorithm 
for solving complex combinatorial problems such as task 
scheduling, routing, and resource placement. It excels in large 
search spaces where traditional heuristics could become 
entrapped in local optima [45], [46]. In edge–cloud workload 
scheduling, TS may be applied to refine task assignments and 
investigate neighboring solutions near an initial schedule or 
one obtained heuristically. A hallmark of Tabu Search is the 
addition of a tabu list, a memory-oriented mechanism that 
prevents the algorithm from revisiting recently explored or 
suboptimal solutions. This encourages wider exploration and 
helps avoid cycles [46], [47]. TS can be easily extended to 
multi-objective optimization, effectively balancing trade-offs 
like makespan versus cost and load versus latency [45], [46]. 
TS excels in heterogeneous and dynamic environments, where 

its memory-guided refinement process helps escape local 
optima and reassign tasks based on system changes, 
demonstrating high adaptability [46], [48]. From a resource 
utilization standpoint, TS outperforms simpler heuristics by 
continuously refining how workloads are distributed. However, 
its success depends on proper configuration and how well it 
converges [46]. By evaluating neighboring solutions while 
avoiding previously visited ones, TS can maintain better 
overall resource balance across edge and cloud nodes. 

G. Genetic Algorithm 

Genetic Algorithm (GA) is an evolutionary optimization 
algorithm based on the natural selection process that works by 
evolving a group of possible solutions using operations like 
selection, crossover, and mutation. Over successive 
generations, these steps help improve how tasks are scheduled. 
In edge–cloud workload scheduling, GA is often used for 
optimizing multiple objectives at once, such as reducing 
makespan, energy consumption, resource usage, and execution 
cost, especially in heterogeneous and large-scale environments 
where exhaustive search becomes impractical [49]. GA is 
especially valued for its ability to discover near-optimal 
solutions in difficult, constraint-heavy problems, and it allows 
fine-tuning based on different factors like latency, energy, and 
cost. Many GA-based systems use customized fitness functions 
that specifically target better resource utilization and load 
balancing, which improves throughput and makes better use of 
CPU and memory [49], [50]. Still, implementing GA can be 
quite complex. It requires careful planning for parameters like 
population size, rates for crossover and mutation, and how 
fitness is calculated [49], [51]. While GA can adapt to 
changing requirements by gradually evolving its solutions, it 
isn’t known for quick responsiveness since several generations 
are usually needed to adjust to changes [39]. Nonetheless, 
GA’s strong scalability and solid performance across varied 
workloads make it a robust, albeit resource-intensive, solution 
for hybrid scheduling systems [49], [50]. 

These representative heuristic approaches represent the 
diversity and effectiveness of the strategies used for task 
scheduling optimization for edge-cloud environments. All the 
approaches exhibit their own strengths and weaknesses, 
contributing to the ongoing improvement of effective 
scheduling solutions. 

VI. WEIGHTED SCORING MODEL 

Weighted Scoring Model (WSM) is among the methods of 
comparison as well as decision-making between options 
described by predefined criteria. The process is frequently 
applied in order to compare different algorithms. 

 

Fig. 2. WSM process [52]. 
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Application of the method often happens through a series 
of steps, such as in Fig. 2 [52]: 

• Step 1: Establish the criteria to be employed for each 
option. 

• Step 2: Assign weights for the criteria as percentages of 
their priority. 

• Step 3: Create a table summarizing nominal values for 
all of the criteria across different options. 

• Step 4: Create a table displaying weighted values for all 
criteria with weights as percentages, ensuring the total 
weight sums to 100%. 

• Step 5: Calculate weighted scores by multiplying 
nominal values by weights for each option [52]. 

VII. COMPARISON OF HEURISTIC ALGORITHMS 

This section presents a comparative analysis of illustrative 
heuristic-based workload scheduling strategies for edge-cloud 
infrastructure. A comparison of these algorithms is done on the 
basis of some of the most significant factors of edge-cloud 
deployment [22], [53], such as latency awareness, energy 
efficiency, scalability, adaptability, Scheduling Accuracy, 
Implementation Complexity, and Resource Utilization, as 
mentioned in Table I. 

A. Application of the Weighted Scoring Model 

Weighted Scoring Model evaluates heuristics-driven 
workload scheduling algorithms on a variety of critical factors, 
each with a specific weight based on its relative importance in 
edge–cloud scenarios, as shown in Table II. Latency 
Awareness and Adaptability each have a weighting of 20%, 
since they serve a prime function in offering minimum delay 
and responsiveness in highly dynamic environments with 
changing workloads and mobility. Energy Efficiency and 
Scalability each have a weighting of 15% due to their function 
in enabling sustainable operations in resource-constrained edge 
devices and expanding infrastructure. Scheduling Accuracy, 
Implementation Complexity, and Resource Utilization each 
have a weighting of 10%, in consideration of their function in 
offering pragmatic, accurate, and cost-efficient task placement, 
but they can be impacted indirectly by factors of greater 
priority. This distribution strikes a balance between 
performance-critical metrics (latency, adaptability) and 
operational concerns (energy, complexity, utilization) tailored 
to hybrid edge–cloud contexts. 

This weighted method allows for a systematic and clear 
comparison of the heuristic techniques, to support the choosing 
of the most suitable schedule strategy in hybrid edge–cloud. 
Every algorithm is rated on a score of 1 to 5 (n/a = 0), as in 
Table III, and multiplied by its corresponding weight. Table IV 
contains the final weighted scores. 

It should be noted that the weighting scheme, while 
grounded in trends consistently emphasized in the edge–cloud 
scheduling literature, inevitably involves a degree of 
subjectivity. To mitigate this, we relied on recurring priorities 
reported across multiple surveys and empirical studies (e.g. the 
centrality of latency and adaptability in real-time applications). 

The influence of these parameters is that absolute rankings may 
vary under alternative weighting choices; however, the relative 
positioning of algorithms along specific criteria (e.g. some 
excelling in latency but weaker in energy efficiency) remains 
consistent with findings reported in the literature. The 
presented WSM is therefore intended as a structured synthesis 
tool rather than an absolute ranking, providing practitioners 
with a transparent framework that can be adapted or refined 
with alternative weighting schemes or sensitivity analyses in 
future studies. 

It should be noted that the weighting scheme, while 
grounded in trends consistently emphasized in the edge–cloud 
scheduling literature, inevitably involves a degree of 
subjectivity. The influence of these parameters is that absolute 
scores or rankings may shift under alternative weighting 
schemes; however, the relative strengths and weaknesses 
observed for each algorithm (e.g. HEFT excelling in 
scheduling accuracy but lacking adaptability, or Greedy 
heuristics performing well in responsiveness) remain consistent 
with empirical evidence reported across prior studies. The 
presented WSM is therefore intended as a structured synthesis 
tool rather than an absolute benchmark. Future research could 
extend this work by conducting sensitivity analyses on the 
weighting distribution or by employing alternative multi-
criteria decision-making frameworks such as AHP, TOPSIS, or 
entropy-based weighting to further validate robustness. 

B. Comparison 

Fig. 3 illustrates the comparative performance of seven 
scheduling algorithms across seven evaluation criteria: Latency 
Awareness, Energy Efficiency, Scalability, Scheduling 
Accuracy, Implementation Complexity, Resource Utilization, 
and Adaptability. 

TABLE I.  COMPARISON CRITERIA 

Criterion Description 

Latency Awareness 
Ability to minimize task response time and meet 

real-time constraints [53]. 

Energy Efficiency 
Capacity to optimize energy usage, especially at 

resource-constrained edge nodes [41]. 

Scalability 
Ability to perform well as the number of tasks/nodes 

increases [53]. 

Adaptability 
Flexibility to operate under dynamic workloads and 

network conditions [53]. 

Scheduling 

Accuracy 

measures how effectively an algorithm assigns tasks 

to appropriate resources, matches task needs with 

node capabilities, prevents overload or failures, and 

meets quality of service (QoS) goals like latency and 

availability. 

Implementation 

Complexity 

effort and overhead required to develop, deploy, and 

maintain a scheduling algorithm, considering factors 

such as algorithmic simplicity, computational 

requirements, integration effort, and tuning 

difficulty. 

Resource 

Utilization 

 

measures how efficiently a scheduling algorithm 

leverages available computing, memory, storage, and 

network resources, aiming to maximize usage while 

avoiding both underutilization and overload. 
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TABLE II.  ASSOCIATED WEIGHT TO EACH CRITERION 

Criterion  Abbreviation Proposed weight  

Latency Awareness LA 20% 

Energy Efficiency EE 15% 

Scalability S 15% 

Scheduling Accuracy SA 10% 

Implementation Complexity IC 10% 

Resource Utilization RU 10% 

Adaptability A 20% 

TABLE III.  COMPARISON OF SCHEDULING ALGORITHMS IN EDGE–CLOUD 

ENVIRONMENTS 

Algorithm LA EE S SA IC RU A 

Greedy Resource-Aware 5 4 5 3 4 3 5 

Tabu Search 4 3 3 4 2 3 4 

ACO 4 4 3 4 2 3 3 

PSO 3 3.5 4 3 3 4 3 

GA 3 3 4 4 2 4 3 

HEFT 3 2 3 5 3 4 2 

Min-Min / Max-Min 2 2 3 3 5 3 1 

 

Fig. 3. Workload scheduling algorithms comparison across key evaluation 

criteria. 

TABLE IV.  WSM RESULTS 

Algorithm WSM Score WSM Score (%) 

Greedy Resource-Aware 4.35 87 

Tabu Search 3.4 68 

ACO 3.35 67 

PSO 3.33 66.6 

GA 3.25 65 

HEFT 2.95 59 

Min-Min / Max-Min 2.45 49 

The Greedy Resource-Aware algorithm shows consistently 
high values in Latency Awareness, Scalability, and 
Adaptability, with moderately high scores in Energy Efficiency 
and Implementation Complexity. Its performance is slightly 
lower in Scheduling Accuracy and Resource Utilization. 

Tabu Search demonstrates relatively high values in Latency 
Awareness, Scheduling Accuracy, and Adaptability, while 
showing moderate performance in Energy Efficiency and 
Resource Utilization. It records a lower score in 
Implementation Complexity. 

ACO (Ant Colony Optimization) displays balanced scores 
across most criteria. It performs moderately well in Latency 
Awareness, Energy Efficiency, and Scheduling Accuracy, with 
slightly lower values in Adaptability and Implementation 
Complexity. 

Genetic Algorithm (GA) shows strong performance in 
Scalability, Scheduling Accuracy, and Resource Utilization, 
with slightly lower values in Latency Awareness, Energy 
Efficiency, and Adaptability. It scores low in Implementation 
Complexity. 

Particle Swarm Optimization (PSO) scores highest in 
Resource Utilization, with good values in Scalability and 
Energy Efficiency. It has moderate values in the remaining 
criteria, except for Latency Awareness and Adaptability, which 
are slightly lower. 

HEFT shows its strongest score in Scheduling Accuracy, 
followed by relatively good performance in Implementation 
Complexity and Resource Utilization. It records lower values 
in Energy Efficiency, Adaptability, and Scalability. 

Min-Min / Max-Min scores highest in Implementation 
Complexity, followed by moderate values in Scheduling 
Accuracy and Resource Utilization. It records lower scores in 
Latency Awareness, Energy Efficiency, Adaptability, and 
Scalability. 

VIII. RESULTS AND DISCUSSION 

Our comparison reveals clear differences in how each 
scheduling algorithm performs under various conditions. 
Greedy Resource-Aware Heuristics came out strong, 
particularly in latency awareness, scalability, and adaptability. 
Their strength lies in their simplicity and speed—they make 
quick decisions based on current system conditions, which is 
ideal for fast-changing edge–cloud environments. While they 
don’t always find the most globally optimal solution, their 
ability to respond instantly makes them very practical for real-
time applications. 

Tabu Search also performed well, striking a good balance 
between accuracy and adaptability. Its use of memory to avoid 
repeating poor decisions allows it to improve over time and 
adjust to changing workloads. ACO and PSO showed solid 
results, especially in energy efficiency and resource usage. 
However, they typically need more fine-tuning and take longer 
to settle on the best solution. Genetic Algorithms offered strong 
scalability and were effective at handling multiple objectives, 
but their complexity and tuning requirements may pose 
challenges in real deployments. By comparison, HEFT 



(IJACSA) International Journal of Advanced Computer Science and Applications,  
Vol. 16, No. 9, 2025 

719 | P a g e  
www.ijacsa.thesai.org 

excelled in schedule predictability due to its rigorous 
methodology, but it is less adaptable to varying scenarios since 
it is inflexible. Min-Min and Max-Min, while they are easy to 
program, have limited flexibility and weaker performance in 
scenarios with sensitive latency constraints. 

From a quantitative perspective, the average WSM score 
across all algorithms was 3.29 (65.8%), with values ranging 
from 2.45 (49%) for Min-Min/Max-Min to 4.35 (87%) for 
Greedy Resource-Aware. This 38-point spread underscores the 
heterogeneity of heuristic methods. Greedy Resource-Aware 
outperformed the lowest-scoring algorithm by 33%, reflecting 
its superior trade-offs across latency, scalability, and 
adaptability. Fig. 4 illustrates these differences through the 
final WSM scores, making clear the ranking and relative gaps 
among the seven algorithms. 

At the criterion level, Scalability achieved the highest 
average score (3.57), while Adaptability was the lowest (3.0), 
confirming the literature’s emphasis on adaptability as a 
persistent challenge. Pairwise comparisons highlight specific 
trade-offs: HEFT delivered the best Scheduling Accuracy (5.0), 
which was 66% higher than Greedy Resource-Aware (3.0), but 
performed poorly in adaptability (2.0). Conversely, PSO and 
GA achieved the strongest Resource Utilization (4.0), 
surpassing Greedy Resource-Aware (3.0) by 33%. Greedy 
Resource-Aware, however, exceeded GA in Adaptability by 
29% (5 vs. 3). These trade-offs are further illustrated in Fig. 5, 
which shows the normalized contribution of each evaluation 
criterion to the overall performance of each algorithm, making 
visible the strengths and weaknesses across dimensions. 

 

Fig. 4. WSM scores of scheduling algorithms. 

 

Fig. 5. Normalized contribution of each evaluation criterion to the overall 

performance of each algorithm. 

Overall, our findings emphasize that adaptability is a major 
strength of edge–cloud scheduling. Algorithms, such as Greedy 
Heuristics and Tabu Search that can adapt on the fly do better 
in real-world scenarios. Simpler does not have to be weaker; 
Greedy approaches are excellent where quick decisions are 
more significant than optimal optimization. However, where 
accuracy or balancing several objectives matters more, more 
complex approaches such as ACO or Tabu Search may be 
more suitable. These findings provide useful direction to 
system designers in choosing the best approach suitable for 
their application's requirements. 

It is important to note, however, that the comparative 
analysis presented here is derived from a literature-driven 
synthesis using the Weighted Scoring Model rather than from 
direct experimentation on large-scale, real-world edge–cloud 
testbeds. While this approach ensures a structured and 
transparent comparison across algorithms, it does not fully 
capture deployment complexities such as heterogeneous 
hardware, dynamic user mobility, or large-scale resource 
contention. The results should therefore be interpreted as a 
framework to guide algorithm selection rather than as 
definitive performance benchmarks. Future work could 
strengthen these findings by validating them through empirical 
studies on realistic testbeds or by performing sensitivity 
analysis on the weighting scheme to assess its influence on the 
rankings. 

In addition, while prior works have evaluated individual 
heuristics or small subsets of algorithms, only a limited number 
of studies have attempted unified multi-criteria comparisons. 
For instance, some surveys assess algorithms qualitatively or 
focus narrowly on metrics such as energy efficiency or latency, 
but they do not provide a structured weighting and scoring 
process. Our WSM-based framework complements these 
efforts by offering a transparent, quantitative approach that 
integrates multiple evaluation dimensions. Nonetheless, a 
broader comparison with other decision-making frameworks 
and benchmark studies remains an important direction for 
future work. 

IX. CHALLENGES AND FUTURE DIRECTIONS 

While heuristic-based scheduling methods for edge-cloud 
computing have realized significant advances, they still face a 
series of challenges. Such challenges present tenable research 
opportunities for the enhancement of adaptability, efficiency, 
and scalability in the management of workloads on hybrid and 
distributed infrastructure. 

A. Key Challenges 

• Limited adaptability in dynamic environments: Many 
classical heuristics, like HEFT, Min-Min, and Max-
Min, are designed for static or semi-static systems. 
Nevertheless, edge-cloud environments are inherently 
dynamic, with fluctuating workloads, network 
conditions, and resource states. Studies have shown that 
such heuristics can suffer 30–40% degradation in task 
completion time under dynamic conditions [8], whereas 
deep reinforcement learning (DRL) schedulers achieve 
~25–35% faster scheduling times than metaheuristics 
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[6]. This gap underscores the need for adaptive or 
context-aware heuristics that can respond in real time. 

• Suboptimal global scheduling caused by local decisions: 
While greedy heuristics are lightweight and efficient, 
they often make locally optimal decisions based on 
immediate node states. However, in large-scale or 
federated edge-cloud systems, this can result in globally 
suboptimal outcomes, such as unbalanced load 
distribution or resource starvation. Prior studies have 
reported that simple rule-based methods can incur 15–
25% longer makespan compared to metaheuristic 
alternatives [4]. 

• High computational cost in metaheuristics: Approaches 
like PSO and ACO offer flexibility and multi-objective 
optimization. However, their computational demands 
remain a significant barrier for resource-constrained 
edge devices. For instance, hybrid PSO–Firefly 
methods improved resource utilization by ~20% but 
required 2–3× higher computation time compared to 
baseline heuristics [5]. This trade-off reduces the 
feasibility of real-time edge scheduling. 

• Scalability in large-scale deployments: While many 
heuristics perform well in small-scale simulations, 
efficiency often degrades in large-scale, real-world 
deployments. Multi-objective GA and PSO variants 
exhibit scalability but can face exponentially increasing 
computation times as the number of tasks grows [7]. 
This scalability bottleneck hinders their application in 
real-time industrial edge-cloud systems. 

• Energy efficiency and sustainability issues: Most 
heuristics prioritize latency and throughput while 
overlooking energy constraints. Yet, studies show that 
energy-aware heuristics can reduce consumption by 10–
20% compared to traditional methods [8]. However, 
battery awareness and energy–latency trade-offs remain 
largely unaddressed, especially in mobile or IoT 
contexts. 

• Security and privacy concerns: Existing heuristics rarely 
account for secure task placement. In multi-tenant edge-
cloud systems, tasks may involve sensitive data, 
requiring privacy-preserving or trust-aware scheduling 
strategies. 

• Uncertainty in workload prediction: Many heuristics 
assume prior knowledge of task execution times or 
resource availability. In practice, workloads are 
unpredictable, and inaccurate estimations can lead to 
degraded performance. 

• Lack of standardized benchmarks and validation: 
Current heuristic evaluations are fragmented across 
different simulators and testbeds, with no standardized 
benchmark suite. This inconsistency makes cross-study 
comparisons difficult and reduces the reliability of 
results. 

B. Future Research Directions 

• Designing adaptive heuristics: In future works, focus 
should be placed on developing context-aware or 
adaptive heuristics that can deal with changes in 
workload characteristics, resource availability, and user 
mobility in real time. 

• Lightweight metaheuristic variants: Optimizing and 
simplifying metaheuristics such as ACO and PSO, 
through parameter tuning, pruning, or hybridization 
with greedy rules, can make them feasible for real-time 
edge scheduling. 

• Hybrid scheduling models: It is claimed that adaptive 
multi-objective schedulers that maintain performance 
while controlling complexity can be obtained by 
integrating the different strengths from various 
heuristics, such as Min-Min combined with PSO or 
HEFT with greedy prioritization. 

• Energy and SLA-aware extensions: adding energy 
models, battery-awareness, and SLA-awareness to 
traditional heuristics algorithms could greatly enhance 
their applicability for edge computing in real life. 

• Validation on real-world testbeds and benchmarks: 
Beyond theoretical and literature-driven comparisons, 
future studies should validate scheduling strategies 
through experiments on realistic, large-scale edge-cloud 
testbeds. Such validation would account for hardware 
heterogeneity, user mobility, and dynamic network 
states, providing stronger evidence of practical 
feasibility. Additionally, integrating standardized 
benchmarks would allow fairer comparisons across 
heuristic approaches. 

• Comparative frameworks refinement: While the WSM-
based evaluation presented in this paper offers a 
structured multi-criteria perspective, it remains one of 
the few efforts of its kind. Future work should extend 
this by comparing WSM with alternative decision-
making frameworks (e.g. AHP, TOPSIS, or data-driven 
weighting methods) to ensure robustness and reduce 
subjectivity in rankings. 

In summary, while heuristic-based scheduling is promising 
for edge–cloud computing, it faces critical limitations in 
adaptability, scalability, heterogeneity management, and real-
world validation. Quantitative evidence from recent studies 
highlights performance gaps of up to 40% in dynamic 
adaptability, 25% in makespan efficiency, and 20% in energy 
consumption, confirming the need for new strategies. Future 
research should prioritize the development of lightweight 
adaptive heuristics, hybrid models, and energy-aware 
approaches, validated through standardized benchmarks and 
realistic testbeds. Such efforts will ensure that heuristic 
scheduling evolves to meet the complex performance demands 
of next-generation edge–cloud systems. 
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X. CONCLUSION 

This paper illustrated a comprehensive review and 
comparative analysis of heuristic-based workload scheduling 
methods in hybrid edge–cloud systems. Based on the 
methodological diversity, coverage in literature, and practical 
applicability, seven representative algorithms: Greedy 
Resource-Aware Heuristics, HEFT, Min-Min/Max-Min, 
Genetic Algorithm (GA), Particle Swarm Optimization (PSO), 
Ant Colony Optimization (ACO), and Tabu Search were 
chosen. A Weighted Scoring Model (WSM) was utilized to 
compare the aforementioned methods on the basis of major 
criteria: latency awareness, energy efficiency, scalability, 
scheduling accuracy, implementation complexity, resource 
utilization, and adaptability. 

Results indicate that every algorithm possesses different 
strengths. Greedy heuristics excel in low-latency and dynamic 
environments because of their quick responsiveness and 
reduced complexity. Tabu Search and ACO have good 
adaptability and multi-objective optimization, but may have 
long convergence times. PSO has the strength of balance in 
optimization quality and reduced computational cost, 
especially in large-scale or uncertain environments. Genetic 
Algorithms have high scalability and flexibility, but have the 
cost of increased implementation complexity. Static 
approaches such as HEFT and Min-Min/Max-Min are still 
applicable to unstructured or predictable workloads, but they 
are inflexible in the presence of real-time conditions. 

Beyond these descriptive findings, the study highlights 
several analytical insights. First, there is no universally optimal 
heuristic: trade-offs between adaptability, scalability, and 
efficiency remain evident. Second, adaptability consistently 
emerged as the weakest dimension across algorithms, 
confirming it as a central research gap in heuristic scheduling. 
Third, lightweight approaches such as Greedy, while often 
dismissed as simplistic, may outperform complex methods 
when responsiveness is prioritized over optimality. These 
observations provide actionable guidance for selecting 
scheduling strategies that best align with specific edge–cloud 
scenarios. 

It is important to recognize the limitations of this study. 
The comparison was restricted to seven algorithms that, while 
representative, do not capture the full breadth of heuristic and 
metaheuristic methods. The WSM approach, though 
systematic, relies on subjectively chosen weights that may bias 
rankings toward particular criteria. Furthermore, the evaluation 
was literature-driven and did not involve direct validation on 
real-world, large-scale edge–cloud deployments. These 
limitations mean that results should be interpreted as a 
structured framework for comparative understanding rather 
than definitive performance benchmarks. 

Future work will address these limitations by expanding the 
algorithm set, experimenting with alternative multi-criteria 
decision-making frameworks such as AHP or TOPSIS, and 
validating the findings on realistic testbeds. In addition, further 
research will explore the design of adaptive and hybrid 
scheduling methods that integrate the responsiveness of 
lightweight heuristics with the optimization accuracy of 
metaheuristics or learning-based approaches. By confronting 

the challenges of adaptability, heterogeneity, and scalability, 
such efforts will ensure that heuristic scheduling evolves to 
meet the complex performance requirements of next-
generation edge–cloud systems. 
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