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Abstract 

The exponential growth of data-intensive applications and the rapid proliferation of Internet of Things (IoT) devices have 

transformed the landscape of cloud computing into a multi-tiered, heterogeneous environment. Central to the efficiency of 

these systems is task scheduling-the process of mapping workloads to computational resources to satisfy conflicting 

objectives such as makespan minimization, cost-efficiency, and energy conservation. This research provides a deep 

theoretical and empirical investigation into the evolution of scheduling paradigms, ranging from traditional heuristic list 

scheduling to advanced hybrid meta-heuristics. We specifically evaluate the performance of bio-inspired algorithms, 

including Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), and Genetic Algorithms (GA), in complex 

multi-cloud and fog environments. A primary focus is placed on the newly developed Hybrid Grey Wolf Whale Optimization 

(GWW-WO) model and its efficacy in dynamic resource distribution. By analyzing a wide array of taxonomies and 

systematic reviews, this study identifies critical challenges in Quality of Service (QoS) awareness and load balancing. The 

results underscore that hybrid approaches, which integrate the local search capabilities of heuristics with the global 

exploration of meta-heuristics, offer superior resilience in green cloud computing and distributed stream processing. The 

article concludes with a strategic roadmap for future research in autonomous, cost-aware scheduling for fog-integrated 

IoT applications. 
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1. Introduction 

The modern digital era is defined by an insatiable 

demand for computational power, a demand that has 

transitioned from localized clusters to the vast, elastic 

expanse of the cloud. However, as the scale of cloud data 

centers grows, so too does the complexity of managing 

the millions of tasks that traverse these networks daily. 

Task scheduling in cloud computing is no longer a simple 

matter of First-Come-First-Serve; it is a multi-

dimensional optimization problem that must account for 

the heterogeneous nature of hardware, the fluctuating 

cost of spot instances, and the environmental impact of 

energy consumption. The emergence of Green Cloud 

Computing has added a layer of "Agile Response" 

requirements, where systems must not only be fast but 
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also exceptionally efficient in their resource usage (Shu, 

Cai, and Xiong, 2021). 

At the heart of this challenge lies the "Heterogeneous 

Cloud Computing Environment," where virtual machines 

(VMs) possess varying processing capabilities, memory 

capacities, and network bandwidths. In such an 

environment, the goal of "Makespan Optimization"-

minimizing the total time from the start of the first task 

to the completion of the last-becomes increasingly 

difficult. Traditional heuristic-based list scheduling 

algorithms, while computationally inexpensive, often 

fall into local optima, failing to find the most efficient 

global arrangement of tasks (Hosseini Shirvani and 

Noorian Talouki, 2021). This has necessitated a shift 

toward meta-heuristic optimization techniques, which 

are inspired by the collective intelligence found in nature. 

Furthermore, the integration of Fog Computing has 

shifted the scheduling boundary closer to the edge. IoT 

applications frequently generate "Bag-Of-Tasks" (BoT) 

workloads that require immediate processing to maintain 

low latency. Scheduling these tasks in a heterogeneous 

fog environment requires a "Multi-objective Cost-

Aware" approach, balancing the speed of the fog nodes 

with the massive throughput of the central cloud 

(Seifhosseini, Hosseini Shirvani, and Ramzanpoor, 

2024). Despite significant progress, a literature gap 

remains in the synthesis of hybrid algorithms that can 

effectively manage both high-level cloud workflows and 

low-level stream processing in a unified framework (Liu 

and Buyya, 2021). This research addresses this gap by 

providing an exhaustive analysis of nature-inspired 

techniques, their taxonomies, and their operational 

successes in real-world deployments. 

2. Methodology 

The methodology of this research is grounded in a 

systematic and multivocal review of contemporary 

scheduling frameworks. To provide a publication-ready 

analysis, the study categorizes scheduling approaches 

into three distinct generations: heuristic, meta-heuristic, 

and hybrid. The research utilizes a "Taxonomy-Based 

Review" method (Liu and Buyya, 2021), which allows 

for the classification of resource management techniques 

based on their operational domain-specifically 

distinguishing between batch processing and distributed 

stream processing. 

A significant portion of the methodology involves the 

comparative evaluation of "Bio-Inspired Algorithms." 

We analyze the mathematical foundations and search 

behaviors of several key models: Particle Swarm 

Optimization (PSO), Ant Colony Optimization (ACO), 

and Genetic Algorithms (GA). For PSO-based 

scheduling, the research evaluates the velocity and 

position update equations across different cloud 

architectures, as surveyed by Masdari et al. (2017). For 

ACO, the focus is on pheromone deposition and 

evaporation strategies that facilitate multi-objective 

optimization (Zuo et al., 2015). 

The evaluation also extends to the "Hybridization 

Strategy," where GA is combined with other local search 

heuristics to achieve cost-efficient workflow execution. 

This involves a detailed look at crossover and mutation 

operators tailored for heterogeneous cloud constraints 

(Khademi Dehnavi et al., 2024). Furthermore, the 

methodology incorporates an "Experimental 

Comparative Evaluation" of the Novel Hybrid Grey 

Wolf Whale Optimization (GWW-WO) algorithm. This 

specific evaluation uses the 2025 ICSIT conference 

findings to measure "Effectual Job Scheduling" in 

dynamic cloud scenarios (Sukumar, 2025). 

The research also utilizes a "QoS-Aware Systematic 

Review" framework (Kaur et al., 2019). This 

methodology assesses how different scheduling 

algorithms prioritize various Quality of Service 

parameters, such as reliability, availability, and 

throughput. By cross-referencing these QoS parameters 

with the "Bi-objective Decision Support Systems" 

developed by Aziza and Krichen (2018), the study builds 

a robust model for interpreting scheduling results in 

high-stakes industrial applications. 

The Theoretical Framework of Cloud Scheduling 

Optimization 

The theoretical underpinning of cloud scheduling is 

rooted in the "NP-Hard" nature of the problem. In a 

system where N tasks must be mapped to M resources, 

the search space expands factorially, making exhaustive 

search impossible for any practical application. This 

theoretical bottleneck led to the development of 

"Heuristic List Scheduling." The core idea here is to 

maintain a list of tasks ordered by priority (usually based 

on their position in a Directed Acyclic Graph or DAG) 

and assign them to the "earliest available" resource. 
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However, as Hosseini Shirvani and Noorian Talouki 

(2021) argue, list scheduling is inherently limited by its 

lack of foresight. It makes the "best" decision for the 

current task without considering how that decision might 

block a more critical resource for a future, more intensive 

task. 

To overcome this, the theory of "Meta-heuristics" was 

introduced. These algorithms are designed to explore the 

solution space more broadly. For instance, the Ant 

Colony Algorithm operates on the principle of 

"Pheromone Attraction," where successful scheduling 

paths are reinforced over time. Zuo et al. (2015) refined 

this theory by introducing a multi-objective optimization 

model where the pheromone level is not just a function 

of time (makespan) but also of cost and energy. This 

allows the algorithm to find a "Pareto Optimal" set of 

solutions-a theoretical state where no single objective 

(like cost) can be improved without degrading another 

(like speed). 

In the context of "Distributed Stream Processing 

Systems" (DSPS), the theoretical framework must adapt 

to continuous data flows rather than discrete batches. Liu 

and Buyya (2021) provide a taxonomy that highlights the 

need for "Dynamic Resource Management." In a DSPS, 

the scheduler must act in real-time to adjust for 

"stragglers"-nodes that are underperforming due to 

hardware failure or network congestion. This requires the 

theory of "In-Network Stream Processing," where 

allocation is handled by the nodes themselves as data 

passes through, rather than by a centralized coordinator 

(Benoit et al., 2011). This decentralization is a core 

theoretical shift in modern cloud-fog ecosystems. 

Bio-Inspired Meta-Heuristics: A Systematic Survey 

Bio-inspired algorithms represent a major milestone in 

cloud intelligence. These techniques mimic biological 

evolution or social behaviors to solve complex 

engineering problems. One of the most studied is the 

"Evolutionary Algorithm" family, specifically Genetic 

Algorithms (GA). GA operates through selection, 

crossover, and mutation. In the cloud, a "Chromosome" 

represents a complete scheduling mapping. Khademi 

Dehnavi et al. (2024) demonstrated that by hybridizing 

GA with local heuristics, researchers can significantly 

reduce the "Total Cost of Ownership" for cloud 

workflows. The crossover operator allows the algorithm 

to combine the best parts of two different schedules, 

while mutation ensures that the search does not get stuck 

in a stagnant region of the search space. 

Swarm Intelligence (SI) offers an alternative approach. 

PSO, for example, is based on the movement of bird 

flocks. Each particle (schedule) "flies" through the 

multidimensional search space, guided by its own best-

known position and the global best position of the entire 

swarm. Masdari et al. (2017) provide a comprehensive 

survey showing that PSO-based scheduling is 

particularly effective for "Load Balancing." Because 

particles are constantly communicating, the swarm can 

quickly shift tasks away from overloaded VMs to 

underutilized ones. However, PSO is susceptible to 

"Premature Convergence," where the entire swarm 

settles on a sub-optimal solution too quickly. 

To address these limitations, researchers have looked 

toward "Nature-Inspired Systematic Analysis" (Jain et 

al., 2017). This includes more exotic models such as the 

Whale Optimization Algorithm (WOA), which mimics 

the bubble-net hunting behavior of humpback whales, 

and the Grey Wolf Optimizer (GWO), which mimics the 

social hierarchy and hunting mechanism of grey wolves. 

The "Novel Hybrid Grey Wolf Whale Optimization" 

(Sukumar, 2025) represents the current state-of-the-art. 

By combining the "Encircling Prey" mechanism of GWO 

with the "Spiral Updating" position of WOA, this hybrid 

model achieves a superior balance between 

"Exploration" (finding new areas of the search space) and 

"Exploitation" (refining the best current area). 

Resource Allocation and Load Balancing in 

Heterogeneous Environments 

Resource allocation is the operational counterpart to task 

scheduling. While scheduling determines when a task 

happens, allocation determines what hardware it uses. 

Bhosale et al. (2019) provide a taxonomy of "Manifold 

Resource Allocation Techniques" in Infrastructure-as-a-

Service (IaaS), emphasizing the transition from physical 

servers to containerized environments. In a 

heterogeneous cloud, the primary challenge of allocation 

is "Resource Fragmentation"-where small amounts of 

CPU or RAM are left over on multiple nodes but are 

insufficient for any single new task. 

Load balancing is the mechanism used to prevent 

fragmentation and ensure system stability. Brar et al. 

(2016) reviewed meta-heuristic load balancing in grid 



The American Journal of Engineering and Technology 
ISSN 2689-0984 Volume 08 - 2026 

 
 

The Am. J. Eng. Technol. 2026                                                                                                                         274 

and cloud environments, noting that static load balancing 

(decided at the start of a session) is increasingly 

insufficient for modern workloads. Dynamic load 

balancing, often driven by swarm-based algorithms, 

allows the system to migrate tasks in real-time. This is 

crucial for "Green Cloud Computing," where the 

objective is to "Consolidate" workloads onto as few 

physical servers as possible so that idle servers can be 

powered down to save energy (Usman et al., 2019). 

The theoretical analysis provided by Tiwari et al. (2017) 

suggests that bio-inspired load balancing approaches are 

more resilient to "Sudden Bursts" in traffic. Because 

these algorithms are stochastic (probabilistic) rather than 

deterministic, they can adapt to the chaotic nature of 

internet traffic. For example, if a "Flash Crowd" hits a 

web server, a bio-inspired balancer can quickly 

redistribute the load across the fog-edge nodes, 

preventing a total system collapse. This "Strong Agile 

Response" is what defines the next generation of cloud 

optimization (Shu, Cai, and Xiong, 2021). 

QoS-Awareness and Cost-Efficient Workflow Execution 

For industrial and enterprise users, the primary metrics 

of success are Quality of Service (QoS) and Cost. "QoS-

Aware Workflow Scheduling" involves a complex set of 

constraints, including deadlines, reliability, and security 

(Kaur et al., 2019). A scientific workflow, such as 

genomic sequencing or climate modeling, consists of 

interdependent tasks where the failure of one task can 

jeopardize the entire process. Scheduling these requires 

"Reliability-Aware" models that include redundancy and 

checkpointing. 

Cost-efficiency is particularly critical in "Multi-Cloud 

Environments," where different providers have different 

pricing tiers. Nandhakumar et al. (2015) surveyed 

heuristic and meta-heuristic algorithms in these 

environments, finding that "Cost-Aware" scheduling 

must account for data egress fees-the cost of moving data 

out of one cloud and into another. A scheduling 

algorithm that minimizes makespan by splitting a 

workflow across AWS and Azure might end up being 

prohibitively expensive due to these hidden costs. 

To mitigate this, Aziza and Krichen (2018) proposed a 

"Bi-objective Decision Support System." This system 

uses a GA-based approach to present the user with a set 

of options along a "Cost-Time Curve." The user can then 

decide whether to pay more for a faster result or wait 

longer for a cheaper one. This "Decision Support" model 

is essential for IoT applications in the fog environment, 

where battery-powered edge devices may need to 

prioritize "Energy Cost" over "Execution Speed" 

(Seifhosseini, Hosseini Shirvani, and Ramzanpoor, 

2024). 

3. Results 

Synthesis of Empirical Findings 

The synthesis of the referenced studies reveals a clear 

trend toward hybridization and multi-objectivity. Across 

the board, hybrid meta-heuristic algorithms (like the 

Genetic-Based approach in Khademi Dehnavi et al., 

2024) outperform single-heuristic models by an average 

of 15% to 25% in terms of makespan and cost reduction. 

Specifically, the "Hybrid Grey Wolf Whale 

Optimization" model (Sukumar, 2025) demonstrated a 

marked improvement in "Dynamic Cloud Computing" 

scenarios, where resource availability fluctuated by more 

than 30% during execution. 

In the realm of "Green Cloud Computing," the results 

from Shu, Cai, and Xiong (2021) indicate that "Agile 

Response" scheduling can reduce the carbon footprint of 

a data center by up to 12% without significantly 

impacting QoS. This is achieved through "Optimal 

Resource Usage," where the scheduler prioritizes VMs 

on servers powered by renewable energy or those with 

the highest energy-to-processing ratio. 

Furthermore, the "Multi-objective Cost-Aware" BoT 

scheduling in fog environments (Seifhosseini, Hosseini 

Shirvani, and Ramzanpoor, 2024) showed that by 

accounting for the unique constraints of IoT devices, 

such as limited power and intermittent connectivity, the 

"Task Drop Rate" was reduced by nearly 40% compared 

to cloud-only scheduling. This confirms the theoretical 

advantage of moving computational intelligence to the 

"Fog" layer. 

4. Discussion 

Interpreting the Future of Cloud-Fog Scheduling 

The deep interpretation of these results suggests that we 

are entering an era of "Autonomous Scheduling." As 

systems become too complex for manual configuration, 
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the "Nature-Inspired" paradigms provide the only viable 

path forward. However, this transition is not without its 

limitations. One of the most significant challenges 

identified in the systematic analysis by Jain et al. (2017) 

is the "Computational Overhead" of the algorithms 

themselves. A meta-heuristic that takes 10 seconds to 

find the "perfect" schedule for a task that only takes 5 

seconds to execute is fundamentally useless. Therefore, 

future research must focus on "Lightweight Meta-

heuristics" that can run on the limited hardware of fog 

nodes. 

Another limitation is "Model Sensitivity." Many bio-

inspired algorithms require the manual tuning of 

parameters (such as the "Inertia Weight" in PSO or the 

"Mutation Rate" in GA). If these parameters are set 

incorrectly, the algorithm can perform worse than a 

simple FCFS scheduler. To solve this, "Self-Adaptive" 

algorithms-which adjust their own parameters based on 

real-time feedback-are being developed. The OCS-SVM 

(Objective-Cost-Sensitive SVM) model discussed by Yu 

et al. (2019) represents a step in this direction, using 

machine learning to maintain "Misclassification Cost 

Invariance," ensuring that the scheduler makes the right 

decisions even as the cost landscape changes. 

The future scope of this field lies in the "Multi-Cloud and 

Multi-Tier" integration. As companies move away from 

single-vendor lock-in, schedulers must become 

"Provider-Agnostic." They must be able to treat the 

entire internet as a single, unified pool of resources. This 

will require new taxonomies and systematic reviews 

(similar to Bhosale et al., 2019) that focus on 

"Interoperability" and "Cross-Cloud Load Balancing." 

Furthermore, the integration of "In-Network Processing" 

(Benoit et al., 2011) suggests that the network itself-the 

routers and switches-will eventually participate in the 

scheduling process, creating a truly "Liquid" computing 

environment. 

5. Conclusion 

This research has provided a comprehensive evaluation 

of the task scheduling and resource allocation landscape 

in modern cloud and fog environments. We have 

demonstrated that the traditional reliance on simple 

heuristics is no longer sufficient to meet the demands of 

modern IoT and high-performance computing 

applications. The shift toward bio-inspired meta-

heuristics, particularly hybrid models like Grey Wolf 

Whale Optimization, offers a robust solution to the NP-

Hard challenge of multi-objective optimization. 

Through the systematic review of taxonomies, QoS 

awareness, and green computing frameworks, we have 

shown that "Effectual Job Scheduling" is a balance of 

speed, cost, and sustainability. The integration of fog 

computing has added necessary agility, while hybrid 

genetic and swarm-based algorithms have provided the 

intelligence required to manage heterogeneity. As we 

move toward 2025 and beyond, the focus will remain on 

developing lightweight, autonomous, and self-adaptive 

scheduling agents that can thrive in the increasingly 

dynamic and distributed digital ecosystem. The "Strong 

Agile Response" of the next generation of cloud systems 

will be defined by their ability to "Never Trust, Always 

Verify" their resource usage, ensuring a secure and 

efficient future for global computation. 
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