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ABSTRACT: The heterogeneity and dynamic behavior of fog computing environments introduce major challenges
to achieving optimal application placement. Limited fog resources and varying workloads often necessitate offloading
applications beyond their local clusters, making it difficult to maintain the required level of service quality under varying
conditions. In this context, placement methods must ensure a balanced trade-off between multiple objectives, such
as time and cost, while maintaining reliable adherence to constraints like application deadlines and limited fog-node
memory. Existing solutions, including heuristic, metaheuristic, learning-based, and hybrid optimization approaches,
have been proposed to address these challenges. However, many of these methods rely on weighted objective
formulations with limited visibility into trade-offs among conflicting objectives, emphasize local refinement over
sustained exploration, or handle resource and deadline constraints implicitly, reducing their effectiveness in resource-
constrained and dynamic fog environments. To overcome these limitations, this paper proposes a hybrid Harmony
Search–Nondominated Sorting Genetic Algorithm (HS–NSGA), which integrates the improvisation operators of HS
with the Pareto-based elitist selection of NSGA-II. The proposed algorithm advances the state of the art by enabling
unbiased trade-off exploration and preserving high-quality solutions while explicitly enforcing memory constraints
and deadline requirements. HS serves as the primary search mechanism, generating diverse candidate placements
through memory consideration, randomization, and pitch adjustment, while nondominated sorting and crowding
distance guide the selection of high-quality trade-off solutions across iterations. To further improve robustness against
constraint violations in dynamic conditions, a fraction of the population is diversified using NSGA-II mutation and
crossover operators. Experimental evaluations across heterogeneous fog–cloud scenarios demonstrate that HS–NSGA
consistently achieves superior cost–time reduction compared with representative hybrid genetic and swarm-based
methods while satisfying application deadline requirements and fog-node memory constraints. For makespan, HS–
NSGA achieved reductions of 14.5% over LD-NPGA (Local Draft Niche-Pareto Genetic Algorithm), 16.8% over FSPGA
(Fog Service Placement Genetic Algorithm), 19.5% over FSPPSO (Fog Service Placement Particle Swarm Optimization),
and 16.1% over GA-FSA (Genetic Algorithm Flamingo Search Algorithm), with consistent improvements across varying
task volumes. For cost, reductions reached 32.7%, 35.5%, 42.9%, and 30.7% over LD-NPGA, FSPGA, FSPPSO, and
GA-FSA, respectively.
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1 Introduction
The expansion of the Internet of Things (IoT) into critical sectors such as industrial automation,

transportation, and healthcare has created substantial demands for time-sensitive data processing [1,2].
Scenarios such as remote health monitoring, autonomous driving, and predictive maintenance rely on the
timely analysis of large volumes of data generated at the edge of the network. Any violation of response time
or reliability constraints in these settings can directly compromise safety, efficiency, and service quality. Fog
computing acts as a distributed enabler for IoT applications by deploying computational resources closer
to IoT devices [3,4]. However, the heterogeneity of fog nodes, their resource constraints, and fluctuating
workloads present significant challenges. In practice, applications may need to be redirected beyond their
originating clusters when local fog resources are insufficient, which increases the probability of violating
Quality of Service (QoS) guarantees such as deadlines and memory requirements. In this context, the appli-
cation placement problem in fog computing can be formulated as a constrained multi-objective optimization
problem. The goal is to determine an optimal assignment between applications and fog resources that not
only optimizes multiple objectives, such as execution cost and makespan, but also ensures strict adherence
to resource and QoS constraints under dynamic and uncertain conditions [5,6]. A variety of optimization
methods have been explored to tackle this problem, including heuristics, deterministic algorithms machine
learning techniques, and metaheuristic approaches. In this context, Integer Linear Programming (ILP) has
attracted significant attention because of its effectiveness in identifying global optima [7–10]. However,
ILP models suffer from poor scalability. As the number of applications and nodes increases, the solution
space grows exponentially, making these models computationally impractical for large-scale and highly
dynamic scenarios. To overcome this, researchers have increasingly turned to evolutionary algorithms to
optimize a single objective, such as latency, bandwidth consumption, cost, or energy usage, or to approach
the problem from a multi-objective optimization perspective. Despite their flexibility, many conventional
evolutionary methods suffer from premature convergence, producing suboptimal solutions. More recently,
deep reinforcement learning (DRL) has also been explored [11–14]. By modeling placement as a sequential
decision-making problem, DRL agents learn policies that aim to minimize delay and cost through interaction
with the environment. Although DRL is promising, such approaches often rely on extensive training
data and long training times, and their performance may degrade when deployed in highly dynamic fog
environments that differ from the training conditions. This limits their practical applicability to real-time
placement decisions.

Taken together, current placement methods fall short in different ways. Classical ILP scales poorly
beyond modest instances; DRL requires heavy training and degrades under non-stationary workloads; and
stand-alone evolutionary schemes often suffer from unbalanced exploration vs. exploitation, premature
convergence, and high repair costs when offspring violate constraints. Weighted-objective cost models
further bias the search and obscure true Pareto trade-offs in this environment. These limitations motivate
the use of hybrid approaches that combine the complementary capabilities of multiple algorithms to improve
performance in multi-criteria scenarios.

Building upon the exploitation strength and feasibility-preserving refinements of Harmony Search,
together with the diversity maintenance and trade-off awareness of the Pareto-optimal selection mechanism,
this paper proposes a hybrid Harmony Search–Nondominated Sorting Genetic Algorithm (HS–NSGA). HS–
NSGA combines feasibility-aware local refinement via HS with NSGA-II’s elitist multi-objective selection,
improving convergence speed, preserving diversity without weighting bias, and reducing infeasibility repair.
In this hybrid, HS serves as the primary search engine, generating candidate placements via memory
consideration, pitch adjustment, and randomization. It refines promising task–device mappings stored in the
harmony memory by reusing high-quality assignments from previous generations. A feasibility-aware pitch
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adjustment reduces contention, and a diversification stage applies genetic-based crossover and mutation to a
subset of the population to enhance exploration of the solution space. By producing a smooth spread of trade-
offs, this hybrid addresses common gaps in the placement literature, including unbalanced exploration vs.
exploitation, premature convergence, costly repair of infeasible offspring, and bias introduced by weighted-
objective models. This design enables HS–NSGA to achieve superior cost–time trade-offs while consistently
satisfying deadline requirements and memory constraints.

The main contributions of this paper are summarized as follows:

• We introduce a novel HS–NSGA hybrid algorithm that integrates HS improvisation with Pareto-based
ranking to solve the fog application placement problem.

• The proposed algorithm jointly minimizes execution cost, makespan, and deadline violation
while maintaining reliable adherence to memory constraints in heterogeneous and dynamic fog
environments.

• A diversification phase incorporating NSGA-II-style mutation and crossover is employed to enhance
exploration and mitigate premature convergence.

• Experimental evaluation across heterogeneous fog–cloud scenarios demonstrates that HS–NSGA out-
performs comparable hybrid genetic and swarm-based methods in both cost–time optimization and
constraint satisfaction.

The remainder of this paper is organized as follows. Section 2 reviews related works on fog application
placement and hybrid metaheuristics. Section 3 presents the system model and problem formulation,
while Section 4 introduces the proposed HS–NSGA algorithm. Section 5 analyzes the time complexity of the
algorithm, and Section 6 describes the experimental setup. The results of the experiments are provided and
discussed in Sections 7 and 8, with the statistical test results reported in Section 9. Section 10 discusses the
limitations of the study and outlines future research directions. Finally, Section 11 concludes the paper.

2 Related Work
Existing literature in application placement presents diverse solution techniques and optimization

strategies, ranging from classical optimization methods to advanced machine learning and hybrid meta-
heuristics. These approaches can broadly be categorized into deterministic models, heuristic techniques,
metaheuristics, learning-based solutions, and hybrid methods.

2.1 Classical and Deterministic Approaches
Classical application placement approaches typically formulate the problem using exact optimization

techniques such as Integer Linear Programming (ILP), Mixed-Integer Linear Programming (MILP), or
related mathematical programming models, aiming to derive optimal placement decisions under explicit
system and quality of service constraints [7–10]. Several studies extended basic ILP and MILP formulations to
improve realism or scalability. Fuzzy-enhanced MILP models have been proposed to prioritize applications
based on deadline sensitivity and workload characteristics [9], while availability-aware and graph-based
formulations exploit network structure to improve deadline satisfaction and service resilience. Other works
extended deterministic models to capture additional system aspects such as server disaggregation, energy
efficiency, or microservice replication across multi-core architectures [7,10]. More complex formulations,
including mixed-integer nonlinear programming, have also been explored to jointly optimize energy
consumption and latency under strict constraints [8].

Despite their mathematical rigor, deterministic approaches suffer from fundamental limitations. Their
computational complexity grows rapidly with the number of tasks and nodes, making them unsuitable
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for large-scale or dynamic fog environments. Even when combined with auxiliary mechanisms such as
fuzzy logic, graph partitioning, or decomposition strategies, these models often require heuristic simpli-
fications to remain tractable [7–10]. As a result, deterministic placement methods are primarily used as
design-time optimizers or benchmark references, motivating the shift toward heuristic, metaheuristic, and
hybrid approaches.

2.2 Heuristics
To overcome the scalability limitations of exact ILP and MILP formulations, many studies have pro-

posed heuristic placement strategies that provide fast and computationally lightweight solutions suitable for
large-scale and real-time fog environments [15–18]. These approaches typically rely on rule-based or greedy
decision mechanisms that prioritize workloads based on predefined criteria like workload characteristics
or resource availability. Several heuristic methods focus on reducing latency and improving quality of
service by exploiting hierarchical fog-cloud architectures. For example, requirement-aware and QoS-driven
heuristics prioritize delay-sensitive tasks and attempt to place them closer to end users through clustering
or context-aware decision rules [15,16]. Other approaches aim to improve deadline satisfaction by exploring
multiple candidate clusters or duplicating placement requests, thereby increasing the likelihood of feasible
placement under resource constraints [17]. Energy-aware heuristics have also been proposed, combining
module prioritization and consolidation strategies to reduce makespan and energy consumption [18].

Despite their efficiency and scalability, heuristic approaches suffer from inherent limitations. Their
reliance on predefined rules and greedy decisions often leads to suboptimal trade-offs when multiple
conflicting objectives must be optimized simultaneously. Moreover, these methods are typically tailored
to specific system assumptions and quality of service targets, which makes them sensitive to workload
fluctuations and limits their robustness in dynamic fog-cloud environments. These shortcomings have
motivated the adoption of metaheuristic and hybrid approaches that offer stronger exploration capabilities
and more effective trade-off management.

2.3 Metaheuristic Approaches
Metaheuristic approaches have been widely adopted for placement problem in fog environments due

to their scalability and flexibility in optimizing conflicting objectives such as latency, cost, and energy
consumption [19–22]. Unlike deterministic methods, which suffer from scalability issues, and heuristic
approaches, which rely on greedy rules, metaheuristics employ stochastic search operators to explore solution
spaces more effectively. In this category, several approaches enhance search efficiency by incorporating
knowledge reuse mechanisms or diversity-preserving initialization strategies to avoid premature conver-
gence and maintain population diversity [19,20]. Cost- and latency-aware metaheuristic designs have also
been explored, demonstrating improved convergence behavior and solution quality compared to traditional
heuristic baselines [21,22].

Despite their effectiveness in managing multi-objective trade-offs, metaheuristic approaches introduce
higher computational overhead than heuristics and exhibit stochastic variability across runs. These limita-
tions have motivated the development of hybrid methods that combine metaheuristics with complementary
strategies to improve adaptability, convergence efficiency, and solution stability.

2.4 Learning-Based Approaches
Learning-based methods, particularly deep reinforcement learning (DRL), have been increasingly

applied to fog application placement due to their ability to adapt decision-making in dynamic and
uncertain environments [11–14,20,23]. By learning placement policies through continuous interaction with



Comput Mater Contin. 2026;87(3):80 5

the environment, these approaches are well suited to heterogeneous, mobile, and large-scale fog systems
where static optimization models may fail to capture evolving system states. Several studies have explored
DRL frameworks to improve placement efficiency and adaptability. Distributed and asynchronous DRL
architectures have been proposed to enhance service placement success rates across heterogeneous fog
colonies, often supported by pre-training or prediction mechanisms to accelerate convergence [20]. Graph-
based reinforcement learning models have also been introduced to capture structural dependencies among
tasks and resources, enabling efficient decision-making and near real-time inference once training is com-
pleted [14]. More recently, federated and hierarchical reinforcement learning approaches have been applied
to vehicular and UAV-assisted fog environments, allowing decentralized policy learning while preserving
data privacy and exploiting contextual information such as traffic density and network topology [23].

Overall, DRL-based frameworks demonstrate strong adaptability to heterogeneity and are capable
of capturing complex structural dependencies. Nevertheless, they face persistent challenges, including
high training overhead, reliance on representative training environments, and reduced solution diversity
compared to evolutionary algorithms. These limitations highlight the need for hybrid approaches that
integrate the complementary strengths of different methods, thereby improving robustness, adaptability, and
decision support in fog application placement.

2.5 Hybrid Approaches
Hybrid optimization approaches have been widely explored to combine complementary algorithmic

strengths and improve solution quality in complex optimization problems. In such problems, metaheuristic
search is often integrated with constructive or repair-based mechanisms to ensure solution feasibility
while maintaining effective exploration of large combinatorial spaces [24–27]. Building on these general
optimization principles, hybrid approaches have attracted growing interest in fog application placement, and
several hybrid designs have been proposed to enhance placement performance from different perspectives.
Metaheuristic combinations, such as genetic algorithm (GA) hybridized with simulated annealing (SA)
or local search strategies, have been explored to improve optimization quality across objectives including
cost, makespan, and energy consumption, achieving better balance than standalone algorithms [28,29].
Cost-driven optimization has also been investigated through hybridizing GA with the Flamingo Search
algorithm to reduce SLA violation costs compared to traditional genetic-based methods [30]. In addition,
recommendation-based hybrid frameworks have been introduced to balance user-centric QoS requirements
with resource availability, demonstrating improvements in waiting time and overall resource utilization
relative to heuristic and metaheuristic baselines [31]. Mobility-aware hybrid approaches further integrate
prediction and context-awareness with heuristic scheduling to optimize fog service allocation and reduce
migration costs and latency disruptions [32].

Despite these advances, important limitations remain in existing hybrid approaches. Many studies rely
on weighted objective formulations [28,30–32] that are sensitive to weight selection and provide limited
visibility into true trade-offs among conflicting objectives [33]. Moreover, most existing hybrids combine
evolutionary algorithms with local search mechanisms primarily to refine local solutions, placing limited
emphasis on sustained exploration of the solution space [29]. In addition, explicit support for memory
constraints and deadline requirements is often absent, with feasibility and quality of service considerations
typically handled implicitly rather than formulated within a constrained optimization framework, which
is critical in resource-constrained fog infrastructures. In the following, Table 1 presents a comparative
summary of representative application placement approaches discussed in each category, underlying the key
characteristics and limitations of each work.
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Table 1: Comparative summary of representative application placement approaches in fog computing.

Category Work Highlights Limitations

Deterministic

[7] Explicit workflow and multi-core
modeling; realistic testbed validation.

Poor scalability and limited
adaptability to dynamic conditions.

[8]
Rigorous mathematical formulation
with joint task allocation and CPU

usage optimization.

High computational complexity with
centralized control and limited

scalability.

[9] Fuzzy QoS-aware prioritization;
hierarchical fog–cloud placement

Static fuzzy rules with limited
exploration capability.

[10] Server disaggregation; joint
energy-delay-aware modeling.

Centralized control and weighted
objective modeling with limited

scalability.

Heuristic

[15]
Fog-node clustering with horizontal

cooperation and deadline-aware
placement.

Rule-based decisions with no explicit
trade-off analysis and limited

adaptability.

[16] Service placement with improved
acceptance ratio and responsiveness.

Weighted rule-based decisions with
limited exploration and solution

diversity.

[17]
Decentralized cluster-based

architecture with explicit focus on
delay minimization.

Single-objective optimization with
no consideration to constraints.

[18] Modular placement with energy
reduction via node consolidation.

Greedy heuristic decisions based on
fixed priority rules with no global

search.

Metaheuristic

[19]
Improved delay minimization and

load balancing; scalable to large task
sets.

Centralized process with aggregated
fitness and no explicit memory

constraints modeling.

[21]
Improved convergence and solution

quality over genetic and
swarm-based methods.

Weighted-sum objective formulation
with no Pareto-based trade-off

analysis.

[22]

Joint consideration of energy,
bandwidth, and runtime with

improved efficiency over genetic and
random search methods.

Aggregated cost function with
implicit constraint handling and no

trade-off analysis.

Learning-based
[14]

Captures service dependencies and
task priorities through graph-based

learning.

High training overhead; requires
multiple trained models for different

weight settings.

[20] Decentralized decision-making with
support for dynamic service arrivals.

Weighted reward formulation
requiring careful tuning; high

training overhead.

(Continued)
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Table 1 (continued)

Category Work Highlights Limitations

[23]

Hierarchical privacy-preserving
framework using contextual

clustering and personalized federated
learning.

High training and communication
overhead; sensitivity to

hyperparameters and complex
system design.

Hybrid

[28]

Population-based search with
improved solution quality over

greedy baselines under increasing
workloads.

Limited visibility into true trade-offs
due to weighted-sum formulation

with no explicit Pareto-front
construction.

[29]
Explicit Pareto front generation for
cost and makespan with enhanced

decision flexibility.

Computational overhead due to
niche comparison and drafting; no
explicit modeling of memory and

deadline constraints.

[30] Multi-cost model with improved task
guarantee ratio and total cost.

Weighted cost formulation with no
explicit trade-off analysis and

constraint handling.

[31]

Context-aware
recommendation-based placement

considering user preferences, service
history, and mobility.

Similarity- and rule-based decisions
rather than systematic search;
solution quality depends on

historical data and similarity metrics.

[32]
Proactive mobility prediction

mechanism with service dependency
consideration.

Greedy placement decisions with
solution quality dependent on

prediction accuracy.

While the individual categories discussed above address application placement from different perspec-
tives, the comparative analysis in Table 1 reveals several cross-cutting limitations that persist across existing
approaches. Deterministic formulations lack scalability and adaptability in dynamic fog environments,
whereas heuristic and learning-assisted methods prioritize fast decision making at the expense of explicit
trade-off visibility and systematic exploration. Metaheuristic and hybrid solutions improve optimization
capability, yet many rely on weighted objective formulations or localized refinement strategies that limit
insight into Pareto-optimal trade-offs and reduce solution diversity under heterogeneous workloads. Fur-
thermore, explicit enforcement of practical system constraints, particularly fog-node memory capacity and
application deadline requirements, is frequently handled implicitly or embedded within cost or reward
functions, which reduces robustness in resource-constrained settings. These observations highlight the
need for a unified placement approach that supports sustained exploration, explicit Pareto-based trade-off
analysis, and constraint-aware optimization.

Motivated by these gaps, this paper proposes the HS–NSGA algorithm. By formulating the placement
problem as a Pareto-based constrained optimization problem, explicitly enforcing fog-node memory con-
straints, and minimizing deadline violations alongside cost and makespan objectives, HS–NSGA enables
unbiased trade-off analysis while maintaining feasibility and solution diversity. Unlike existing evolutionary
and local-search-based hybrids, HS–NSGA adopts a collaborative hybridization strategy in which multiple
complementary search mechanisms operate jointly within each iteration. Harmony search [34] is integrated
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as a population-level exploration mechanism to introduce diverse candidate solutions and mitigate prema-
ture convergence. In parallel, genetic algorithm crossover and mutation operators are applied to further
enhance diversification and explore promising regions of the search space. The nondominated sorting and
elitist selection mechanisms of NSGA-II [35] ensure that high-quality nondominated solutions discovered
at each iteration are preserved and propagated across generations. This collaborative design distinguishes
HS–NSGA from existing hybrid approaches that primarily rely on local refinement or scalarized objectives
and allows it to balance sustained exploration with the preservation of high-quality Pareto-optimal solutions
in fog–cloud environments.

3 System Architecture and Objective Functions
The system architecture, task model, and task allocation formulation build upon the framework

introduced in our previous study [36], with structural modifications incorporated to support the distinct
hybrid search mechanism of HS-NSGA. A three-tier IoT–Fog–Cloud architecture is therefore adopted, as
depicted in Fig. 1. The subsequent sections outline the task assignment model, objective functions, and
problem formulation, with Table 2 summarizing the corresponding notations.

Figure 1: System architecture.

Table 2: Mathematical symbols and definitions.

Symbol Definition
N Binary offloading variable indicating the type of node selected for task execution
T A group of tasks to be scheduled
τi A tuple defining task i
ci Computational workload of task i
di Completion deadline of task i
μi Memory requirement of task i
si Input data size for task i
s
′

i output data size for task i
n Number of tasks concurrently executing in each time slot

(Continued)
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Table 2 (continued)

Symbol Definition
m Number of nodes concurrently executing a set of tasks
aij Binary mapping variable representing assignment of task i to node j
PN

j CPU computation rate of node j
CP N

j Cost of CPU usage on node j
NMs

j Memory capacity of node j
CMN

j Unit memory cost of node j
CBWN

j Unit bandwidth cost at node j
CTN

ij Completion time of task i on node j
TrN

ij Input data transfer time for task i
Tr
′N
ij Output data transfer time for task i

ETN
ij Execution time of task i on node j

deN
j Node j delay on LAN/WAN

BWN
j Network bandwidth of node j

dvN
ij Deadline violation for task i on node j

3.1 Task Model
Applications are represented as a set of tasks. Each task τi is characterized by the tuple τi =

< ci, μi , di , si , s
′

i > where ci denotes the task’s computational workload, μi represents the memory require-
ment, di specifies the task deadline and si , s

′

i denote the input and output data sizes for each transmission
respectively.

3.2 Objective Functions
3.2.1 Makespan

The first objective in our model is makespan, defined as the maximum completion time across all tasks
in the system. It indicates the time when the final task in the task set (T) completes execution, thereby
determining the overall application completion time. Minimizing makespan is particularly critical in fog–
cloud environments, where delay-sensitive IoT applications such as real-time healthcare monitoring or
autonomous driving demand strict compliance with latency requirements. A shorter makespan ensures faster
system response and enhanced QoS. Formally, makespan is expressed in Eq. (1) as:

MS (T) = Max (EtN
j ) ∀ j ∈ {1, 2, . . . , m} , N ∈ {0, 1}, (1)

where, EtN
j is computed by

EtN
j = ∑

n
i=1 ai j ×

ci

PN
j
∀ j ∈ {1, 2, . . . , m} , N ∈ {0, 1}, (2)

where, ci
PN

j
represents the execution time of task i on node j of type N, computed based on the task’s

computational workload and the processing capacity of the selected node.
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3.2.2 Total Cost Minimization
The second objective of our model is the minimization of total cost, which accounts for the monetary

and resource expenses incurred when deploying IoT applications across fog and cloud resources, comprising
three components:

• CPU usage cost, denoted by cpucost , reflects the processing cost incurred by executing the task on the
selected node and is proportional to the task execution time and the node’s processing cost rate.

• Memory usage cost, denoted by memcost , represents the cost associated with allocating memory
resources required by the task on the target node.

• Bandwidth cost, denoted by BWcost , accounts for the communication cost of transferring task input and
output data between IoT devices, fog nodes, and cloud servers.

These three components together define Ecosti j , the execution cost of assigning task i to node j. The
overall cost objective, COST(T), aggregates these costs across all tasks and computing nodes as calculated
by Eqs. (3) and (4).

COST(T) = ∑n
i=1∑

m
j=1 ai j × Ecosti j , (3)

Ecosti j = cpucost +memcost + BWcost . (4)

Each cost component is computed based on the resource consumption of the task and the corresponding
unit cost of the selected node, as defined in Eqs. (5)–(7).

cpucost = CPN
j ×

Ci

PN
j

, (5)

memcost = CMN
j × μi , (6)

BWcost = CBW N
j × (si + s

′

i). (7)

3.2.3 Deadline Violation Model
In our model, deadline violation is quantified using the normalized lateness of tasks, which captures the

extent to which task completion times exceed their specified deadlines. The overall deadline violation across
the task set is defined as

DV(T) = ∑m
j=1∑

n
i=1 ai j × dvN

i j , (8)

where dvN
i j represents the normalized deadline violation of task i when executed on node j of type N, and is

computed as

dvN
i j =max

⎛
⎝

CT N
i j

di
− 1, 0

⎞
⎠

. (9)

Deadline violations are treated as a soft optimization objective in this work, and as defined in Eq. (9),
tasks exceeding their deadlines are explicitly penalized through the normalized lateness metric.

Here, di denotes the deadline of task i, and CT N
i j is the end-to-end completion time of task i executed

on node j of type N, calculated by

CT N
i j = TrN

i j + ET N
i j + Tr

′N
i j + deN

j , (10)
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TrN
i j =

si

BW N
j

, (11)

ET N
i j =

ci

PN
j

, (12)

Tri j
′N = si

′

BW N
j

, (13)

where TrN
i j and Tri j

′N denote the input and output data transmission times respectively, ET N
i j represents the

execution time of task i on server j of type N, and deN
j accounts for the network delay associated with the

selected offloading node.

3.2.4 Problem Formulation
The application placement problem is modelled as a multi-objective constrained optimization problem

that simultaneously minimizes makespan, total cost, and deadline violations, subject to system resource and
feasibility constraints.

Min F(T) = [MS(T), COST(T), DV(T)] (14)

Subject to

CT1∶∑n
i=1 ai j μi ≤ MN

j , ∀ j ∈ {1, . . . , m} (15)

CT2∶∑m
j=1 ai j = 1,∀i ∈ {1, . . . , n} (16)

In this formulation, memory capacity is imposed as an explicit constraint, as it directly determines the
feasibility of task placement on computing nodes. Deadline requirements, on the other hand, are modeled
as a quality-of-service objective and are minimized through a normalized lateness metric, as calculated
in Eq. (9). CPU processing capacity and network bandwidth are implicitly captured through the execution
time, transmission time, and cost models defined in Eqs. (2)–(13). This modeling choice reflects common
practice in the related literature on constrained multi-objective system design [37,38], where feasibility-
defining conditions are enforced explicitly, while other resource effects and service-level requirements are
incorporated through performance and cost formulations.

Since the objectives are often conflicting, meaning that reducing one objective may result in increasing
the other one, the Pareto-based optimization is employed. A solution A* is considered Pareto-optimal if no
other feasible allocation A exists such that:

F (A) ⪯ F(A∗) with at least one strict inequality. (17)

The set of all such non-dominated solutions constitutes the Pareto front, from which a final placement
configuration can be selected based on system requirements and trade-off preferences.

4 Proposed Method: Proposed Hybrid Harmony Search Nondominated Sorting Genetic Algorithm
(HS-NSGA)

To address the placement challenges outlined earlier, this section presents the proposed hybrid HS–
NSGA algorithm. Given the need for both comprehensive exploration and targeted local refinement in
fog computing scenarios, the algorithm is designed to discover promising trade-offs while ensuring that
placements satisfy deadline requirements and memory constraints. To achieve this, we integrated the
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memory-based search dynamics of HS with the evolutionary structure of NSGA-II, enabling HS-NSGA to
enhance global exploration and apply pitch adjustment for localized refinement. In this framework, each
chromosome encodes a feasible mapping of tasks to fog or cloud nodes, along with auxiliary variables
required to satisfy system constraints. Feasibility is preserved by embedding memory constraints within the
solution encoding and by applying repair procedures to maintain valid decision-space bounds, ensuring that
the search process focuses on realistic placement configurations, while deadline violations are addressed
within the objective formulation. An overview of the HS–NSGA workflow is illustrated in Fig. 2, followed by
the detailed pseudocode presented in Algorithm 1. The HS-NSGA algorithm operates through three main
phases: initialization, hybrid offspring generation, and final Pareto solution generation. The algorithm begins
by initializing a diverse population, then enters an iterative process in which new candidate solutions are
produced through a combination of HS-based harmonies, GA crossover, and mutation. These solutions are
merged and evaluated collectively, after which nondominated sorting and crowding distance mechanisms
determine the subset that progresses to the next iteration. This cycle repeats until the maximum iteration
count is reached, after which the first nondominated set (F1) is returned as the Pareto front, illustrating the
trade-offs among makespan, cost, and constraint satisfaction. The following sections describe each phase in
more detail.

Figure 2: HS-NSGA flowchart.
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Algorithm 1: HS-NSGA
Input: Task allocation requests and required computational resources.
Output: PFr (Final Pareto front containing optimal task allocation configurations).
/* Pop: Population of candidate solutions, N: Population size, F: Set of non-dominated fronts, MI: Upper
bound on iterations, ic: Current iteration index, PFr: Final Pareto front set, PopHS: Buffer for HS-derived
solutions, PopCrV: Buffer for crossover offspring, PopMut: Buffer for mutation offspring*/
//Population initialization
1: Pop← Construct an initial set of N chromosomes through random generation.
2: Evaluate the objective function values of the population using Eqs. (14)–(16).
3: Compute Pareto ranking (Pop) using Nondominated Sorting.
4: Compute Crowding Distance (Pop).
//Hybrid offspring generation
5: While ic <=MI do
6: Generate PopHS & Evaluate the objective function values using Algorithm 2.
7: PopCrV ← Apply GA-based crossover to 50% of Pop and Compute the objective function values
using Eqs. (14)–(16).
8: PopMut ← Apply GA-based mutation to 10% of the Pop & Compute the objective function values
using Eqs. (14)–(16).
9: Pop←Merge (Pop, PopHS, PopCrV, PopMut).
10: F← Compute Pareto ranking (Pop) using Nondominated Sorting.
11: Compute Crowding Distance (Pop).
12: Sort (Pop) by dominance hierarchy and crowding distance measures.
13: Pop← Select the best-ranked solutions up to the population limit.
14: F← Compute Pareto ranking (Pop) using Nondominated Sorting.
15: Compute Crowding distance (Pop).
16: Sort (Pop) by dominance hierarchy and crowding distance measures.
17: Increment the iteration counter by one.
18: end while
//Final solution generation
19: PFr ← F 1.
20: return PFr.

4.1 HS-NSGA—Initialization Phase
The algorithm is initialized with a population Pop of size N, where each chromosome encodes a mapping

of tasks to devices under the placement constraints. Chromosomes are generated randomly to maximize
initial diversity, and each candidate solution is evaluated using Eqs. (14)–(16). Nondominated sorting and
crowding distance are computed using the standard NSGA-II mechanisms [35]. Through this process,
dominance tiers are identified, and a spread-preserving density measure is assigned. At the end of this phase,
a diverse population, its Pareto ranking F, and the associated diversity scores are established to guide selection
in the main loop.

4.2 Hybrid Loop for Offspring Generation and Selection
The second phase iterates until the maximum number of iterations MI is reached and performs

complementary variation routes and elitist selection, as described in the following subsections.
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4.2.1 Harmony-Search Intensification
At the beginning of each iteration, a set of candidate chromosomes PopHS is produced by the HS

algorithm (Algorithm 2), which performs the HS improvisation procedure used to generate new harmonies.

Algorithm 2: HS
Input: Pop (Population of N Chromosomes)
Output: PopHS (Population Produced by Harmony Search)
/* MS: Memory Size, NHS: New harmony (chromosome) generation size, NH: New harmony popula-
tion, HMCR: Harmony memory consideration rate, PAR: Pitch adjustment rate, FW: Fret bandwidth, D:
Chromosome size */
1: for i← 1 to NHS do
2: NH(i)← Randomly Generate New Harmony (chromosome) //provides random selection case
3: for j← 1 to D do
4: rj ← Random float between 0 and 1
5: if (rj ≤HMCR) then
6: j0 ← Random integer between 1 and MS
7: NH (i, j)← Pop (j0, j) //copy j-th gene from memory
8: end if
9: r0 ← Random float between 0 and 1
10: r1← Random float between −1 and 1
11: if (r0 ≤ PAR) then
12: NH (i, j)← NH(i, j) + FW * r1 //pitch adjustment
13: end if //else: keep the random gene from line 2
14: end for
15: end for
16: PopHS ← Evaluate Fitness (NH) using Eqs. (14)–(16).
17: return PopHS

The algorithm constructs each new harmony by selecting and adjusting gene values through three main
mechanisms: memory consideration, pitch adjustment, and random selection. For each new harmony of size
D, every gene is either drawn from the harmony memory, which consists of high-quality chromosomes in the
current population, with probability HMCR, or sampled randomly to maintain exploration. Pitch adjustment
is applied with probability PAR, where a small perturbation is added based on the fret bandwidth FW and
a random factor in the range [–1, 1]. This process allows localized refinement around promising solutions
while preserving feasibility. Pitch adjustment may perturb chromosome elements outside the valid decision
space. To ensure feasibility, each modified chromosome is repaired prior to fitness evaluation. Specifically,
after the pitch adjustment operation, each chromosome element, denoted by NH(j), is bounded to the valid
range of the search space as

NH( j) = min (max (NH ( j), LB), UB) (18)

where LB and UB specify the minimum and maximum boundaries of the search space. This repair step
ensures that all candidate solutions passed to the evaluation stage remain within the admissible decision
space. After all NHS new harmonies are improvised, they are evaluated using the objective functions
in Eqs. (14)–(16), producing the set PopHS for use in the hybrid evolutionary loop.
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4.2.2 Genetic Exploration via Crossover and Mutation
At this stage, genetic operators are applied to the current population to promote broader exploration.

Crossover is applied to 20% of the population to produce PopCrV, promoting exploration in the search space
by exchanging compatible sub-assignments between parents. Mutation is applied to 10% of the population to
produce PopMut, injecting randomized but valid edits that help escape local optima and increase diversity.
All offspring are evaluated using the objective functions given by Eqs. (14)–(16).

4.2.3 Elitist Selection and Diversity Preservation
In this stage, all candidate solutions are merged into a single population Pop, and nondominated fronts

F are recomputed using nondominated sorting. Crowding distance is then computed with boundary points
assigned infinite distance and intermediate points assigned the sum of normalized objective differences
to promote a well-spread approximation of the Pareto set. Solutions are sorted by crowding distance and
dominance rank, after which the population is truncated back to size N.

4.3 Termination and Pareto Solution Generation
After the main hybrid loop terminates at iteration MI, the current population has been ranked into

nondominated fronts F. The final Pareto set is obtained by selecting the first nondominated front, F1, which
contains all solutions for which no other solution in the population is strictly better in every objective. This
front forms the Pareto-optimal set PFr of task-to-device mappings at termination. In practice, PF provides
decision makers with a portfolio of trade-offs across the objectives defined in Eqs. (14)–(16), without bias
toward any single objective. Finally, PFr is returned as the algorithm’s output.

5 Complexity Analysis
The computational complexity of HS-NSGA can be evaluated with respect to the population size

N, the number of iterations MI, and the problem dimension D, which is defined as the chromosome
length corresponding to the number of tasks. During the initialization phase, population generation and
fitness evaluation require O(N.D), while non-dominated sorting incurs O(N2), which dominates this phase.
In each iteration of the main loop, three offspring subpopulations are generated: HS-based harmonies,
genetic crossover, and mutation, each contributing O(N. D) including fitness evaluation. These offspring are
merged and re-evaluated through non-dominated sorting of approximately 2N solutions, giving O(N2), while
crowding distance calculation and sorting add O(N log N). The HS subroutine itself operates in O(N.D), since
each new harmony requires O(D) operations across all decision variables. Therefore, the overall complexity
per iteration is O(N2+N.D), and across all iterations the complexity of HS-NSGA is O(MI. (N2+N.D)). In
typical placement scenarios where N≫ D, the complexity is effectively dominated by O(MI. N2), consistent
with classical multi-objective genetic-based methods.

6 Experimental Setup
To validate the effectiveness of the proposed HS-NSGA algorithm, a series of experiments were

conducted under diverse fog-cloud configurations. These experiments aimed to examine the algorithm’s
ability to balance exploration and refinement while satisfying memory constraints and deadline requirements
and to benchmark its performance against comparable hybrid methods. For all experiments, the system
configuration was created by synthesizing communication and resource characteristics from recent research
on fog-cloud environments [36,39–41]. Communication parameters were set to reflect both local- and wide-
area connectivity. End-user devices were assumed to connect to fog servers through gateways using LAN
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links based on Gigabit Ethernet technology, while fog–cloud connections were modeled over WAN links.
Latency and bandwidth values for these links are listed in Table 3.

Table 3: Communication parameters.

Link Type Bandwidth (Mbps) Latency (ms)
LAN 1000 0.5
WAN 100 30

The computing resources of fog and cloud nodes were modeled with heterogeneous capacities to
capture realistic variations. Fog nodes were assigned CPU processing rates, memory sizes, and associated
costs by sampling values from specified intervals, while cloud resources were provisioned with higher
performance and associated costs. This process was repeated across all nodes to build a diverse system
configuration. Table 4 lists the parameter ranges used for fog and cloud resource.

Table 4: Resource specifications of fog and cloud nodes.

Attribute Fog Nodes (Range) Cloud Nodes (Range) Unit
CPU processing rate [500–1500] [1000–5000] MIPS

CPU cost per unit [0.1–0.4] [0.7–1.0] G$
Memory capacity 2–8 8–64 GB

Memory cost per unit [0.01–0.03] [0.02–0.05] G$
Bandwidth cost per unit [0.01–0.02] [0.05–0.1] G$

Task instances were generated using the same parameter ranges and sampling strategy reported in [36]
that represents a diverse set of IoT workloads. All task attributes were sampled independently from a uniform
distribution within their corresponding intervals, enabling the generation of heterogeneous task profiles
ranging from lightweight sensing tasks to computation- and data-intensive applications without bias toward
specific workload characteristics.

The adopted parameter ranges are selected to cover a broad and representative spectrum of IoT
workloads and fog–cloud resource configurations commonly considered in the literature. This design allows
meaningful evaluation and comparison of algorithmic performance under identical conditions.

To ensure fairness, HS–NSGA and the baseline algorithms were executed under identical experimental
conditions, using a population size of 100 and a maximum of 300 iterations. All executions were performed
sequentially, without parallelization. The baseline algorithms were reimplemented by the authors based
on their respective publications, and reported parameter settings were adopted from the original studies
wherever available. For parameters not explicitly specified, theoretically optimal values reported in the
literature were adopted to avoid tuning bias and ensure fairness and consistency in the comparative
evaluation. The parameter settings used for HS–NSGA in all experiments are summarized in Table 5.

The HS control parameters were selected based on preliminary tuning experiments conducted to
balance global exploration and local refinement. In these experiments, the key HS parameters, HMCR,
PAR, and FW, were varied independently while keeping the remaining parameters fixed. The impact
of these parameters on optimization performance was evaluated in terms of best execution cost and
makespan. Fig. 3a–c shows the results of these experiments.
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Table 5: Parameter settings.

Parameter Description Value
Population size (N) Number of solutions per generation 100
Max iterations (MI) Termination criterion 300

Crossover probability GA crossover rate 0.5
Mutation probability GA mutation rate 0.1

HMCR Harmony memory consideration Rate 0.99
PAR Pitch adjustment rate 0.10
FW Fret bandwidth 0.10

Figure 3: Sensitivity analysis used for tuning HS parameters (a) HMCR; (b) PAR (c) FW; under a setup involving 120
tasks, 10 fog and 3 cloud nodes.

The Pareto-front curves in Fig. 3a–c indicate that higher HMCR values improve solution quality by
promoting effective exploitation, while moderate values of PAR and FW provide controlled local refinement.
Based on these observations, HMCR, PAR, and FW were set to 0.99, 0.10, and 0.10, respectively, and fixed
across all experimental scenarios. In contrast, the genetic algorithm crossover and mutation probabilities
were determined during the algorithm design phase as part of the collaborative hybrid framework, with the
objective of balancing computational effort between the HS-based exploration component and the GA-based
diversification operators. These parameters were therefore not subject to sensitivity tuning and were kept
fixed across all experiments.

7 Results and Discussion

7.1 Pareto Front Generation and Trade-off Analysis
As the efficiency of fog–cloud placement is influenced by workload intensity and resource distribution,

the initial experiment focuses on evaluating HS-NSGA across multiple task volumes. In the first scenario,
40 tasks were mapped onto an infrastructure comprising 10 fog nodes and 3 cloud nodes, representing
a moderately constrained search space. The task count was then increased to 80 and 120 while keeping
the underlying fog-cloud configuration unchanged. These higher workloads enlarge the search space and
heighten competition for limited resources, making it more difficult to obtain feasible solutions that satisfy
both deadline and memory constraints. The resulting Pareto fronts produced by HS-NSGA are shown
in Fig. 4a–c, for task sizes of 40, 80, and 120, respectively.

As shown in Fig. 4a–c, HS-NSGA produces smooth, well-distributed Pareto fronts across all scenarios,
demonstrating a consistent inverse relationship between cost and makespan. As the number of tasks
increases, both objectives shift upward, indicating higher computational demand and intensified resource
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contention. The wider spread observed in the 80- and 120-task cases reflects greater variability in feasible
allocations, while the maintained front shape highlights the algorithm’s ability to preserve solution diversity
and convergence quality even under heavier workloads.

Figure 4: HS-NSGA Pareto fronts for (tasks–fog–cloud) scenarios (a) 40–10–3; (b) 80–10–3; (c) 120–10–3.

To further evaluate the performance of HS-NSGA, its convergence behavior of HS-NSGA was examined
by increasing the workload to 200 tasks mapped on the same system of 10 fog nodes and 3 cloud nodes and
tracking the reduction in cost and makespan over the iterations. Fig. 5, plots the objective values against the
number of iterations and shows consistent reductions for both objectives as the algorithm progresses. The
cost curve in Fig. 5a exhibits a rapid decline during the early iterations, followed by gradual stabilization as
the search approaches convergence. A similar pattern is observed for makespan Fig. 5b, where fluctuations
in the initial stages reflect exploration of the solution space before stabilizing to improved values.

Figure 5: Convergence of (a) cost; (b) makespan under a setup including 200–10–3 (tasks–fog–cloud).

7.2 Node Scaling Analysis
The second set of experiments was conducted to investigate the behavior of HS-NSGA under different

fog-cloud infrastructure sizes, evaluating how the algorithm adapts to larger search spaces and whether it can
exploit additional resources to improve the cost-makespan trade-off. In this scenario, the number of fog and
cloud nodes was gradually increased while task volumes were fixed at 200 and 300. The Pareto fronts obtained
for multiple node configurations are shown in Fig. 6a,b for task sizes of 200 and 300, respectively, where F
indicates the total number of fog nodes and C specifies the total number of cloud nodes. As shown in Fig. 6a,b,
increasing the number of fog and cloud nodes consistently shifts the Pareto fronts downward and leftward,
demonstrating clear improvements in both cost and makespan for the 200- and 300-task scenarios. The well-
distributed fronts and the clear dominance ordering among them indicate that HS-NSGA effectively exploits
additional resources as the search space expands. However, the performance gains show diminishing returns
at the largest configurations, suggesting that beyond a certain scale, additional nodes provide incremental
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rather than substantial improvements. Fig. 7a,b provides further insight into this scenario by illustrating
the behavior of the best and median solutions across different node configurations for task sizes of 200 and
300, respectively. As expected, both cost and makespan decrease steadily with the addition of more fog and
cloud nodes.

Figure 6: Pareto fronts of HS-NSGA under different fog–cloud node configurations for (a) 200-tasks; (b) 300-tasks.

Figure 7: Cost and makespan trends across fog–cloud node configurations for the (a) 200-tasks; (b) 300-tasks
scenarios.

7.3 Analysis of Task Distribution across Fog and Cloud
Beyond evaluating objective values and trade-off behavior, task distribution across fog and cloud

resources was examined for a configuration involving 200 tasks, 10 fog nodes, and 3 cloud nodes, using
representative solutions from the Pareto set, specifically the best cost solution, the best makespan solution,
and a median solution. Fig. 8 summarizes the percentage of tasks executed on fog and cloud nodes in
this scenario. The cost-oriented solution allocates nearly all tasks to fog nodes to minimize execution
cost, whereas the makespan-oriented solution shifts a larger share of tasks to cloud nodes to exploit their
higher processing capacity. The median solution exhibits a more balanced allocation between the two
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objectives. Fig. 9a–c provides a node-level view of task allocations corresponding to three representative
solutions as best cost, best makespan and median solution, respectively.

Figure 8: Task allocation percentages between fog and cloud in representative solutions.

Figure 9: Node-level allocation for three representative solutions (a) best cost solution; (b) best makespan solution;
(c) median solution.

7.4 Comparative Analysis
To assess the relative performance of HS-NSGA, we compared it against four genetic and swarm-based

placement algorithms: FSPGA and FSPPSO [28], LD-NPGA [29], and GA-FSA [30]. This set of experiments
was conducted under varying task volumes (80–500 tasks) with identical fog-cloud configurations. This
setup provides a direct comparison of cost and makespan performance while simultaneously examining
the scalability of the algorithms. Fig. 10a reports the makespan results obtained by each algorithm across
increasing workloads. The results show that HS-NSGA consistently outperforms the baseline methods,
achieving a lower makespan across all task sizes. For the cost metric, Fig. 10b shows the total execution cost
for each algorithm as the number of tasks increases. As shown in this figure, across all workload sizes, HS–
NSGA achieves the lowest cost, outperforming LD-NPGA, GA-FSA, FSPGA, and FSPPSO, providing a more
cost-efficient solution while maintaining scalability. To further quantify these results, Table 6 presents the
percentage performance improvements obtained by HS-NSGA relative to the baselines across all workload
sizes. The table presents per-workload improvements against each comparator.
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Figure 10: Comparative makespan-cost reduction under varying task sizes (a) makespan; (b) cost.

Table 6: HS-NSGA percentage improvements in makespan and cost over baseline algorithms.

Percentage Reduction in Makespan Percentage Reduction in Cost

Number of
Tasks LD-NPGA FSPGA FSPPSO GA-FSA LD-NPGA FSPGA FSPPSO GA-FSA

80 8.93% 13.81% 17.25% 12.36% 25.77% 22.35% 30.30% 19.17%
120 14.49% 16.75% 19.52% 16.11% 32.69% 21.41% 30.83% 15.98%
200 13.50% 15.03% 17.83% 13.05% 30.14% 14.85% 42.91% 12.81%
300 6.88% 7.40% 9.83% 6.69% 23.40% 19.13% 29.96% 14.18%
500 5.80% 4.63% 5.76% 4.37% 26.73% 35.48% 37.49% 30.66%

8 Discussion
The comprehensive performance evaluation of HS-NSGA demonstrated its effectiveness across diverse

fog-cloud scenarios with varying workload and infrastructure scales. Beginning with smaller configurations,
HS-NSGA effectively generated Pareto fronts that captured a wide spectrum of trade-offs between makespan
and cost. In the initial 40-task scenario shown in Fig. 4a, the algorithm produced a well-distributed front,
demonstrating its ability to balance exploration and refinement within a moderately constrained search
space. As the number of tasks increased to 80 and 120, as shown in Fig. 4b,c, the Pareto fronts shifted outward
as expected due to higher workload demands. Nevertheless, HS-NSGA maintained both solution diversity
and convergence quality, confirming its ability to scale to larger workloads. The convergence behavior
analysis further highlighted the algorithm’s ability to steadily improve solution quality across iterations for
both cost and makespan, as shown in Fig. 5. In the early stages, rapid improvements were observed, followed
by gradual stabilization as the search approached convergence. This pattern indicates that the hybridization
of HS with genetic operators enables the algorithm to balance global exploration with local exploitation,
avoiding premature convergence while still achieving stable results within the maximum iteration period.

In terms of infrastructure scalability, the Pareto fronts generated across larger systems showed consistent
improvements in both cost and makespan as additional resources became available. Importantly, HS-NSGA
maintained front diversity regardless of the system size, underscoring its ability to adapt to broader search
spaces. Analysis of best and median solutions across scaling scenarios confirmed that the algorithm system-
atically benefits from additional resources, demonstrating its suitability for deployment in heterogeneous
and evolving fog-cloud environments (Figs. 6 and 7).
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Beyond objective values, the task allocation patterns were analyzed to gain deeper insights into how HS-
NSGA distributes workloads across fog and cloud resources (Figs. 8 and 9). Examination of representative
solutions revealed clear differences in placement strategies. Cost-oriented solutions concentrated tasks on fog
nodes to minimize execution cost, whereas makespan-oriented solutions shifted tasks toward cloud nodes to
exploit their higher computational capacity. The median solution exhibited a balanced allocation between fog
and cloud, illustrating the algorithm’s flexibility in adapting placement strategies according to optimization
objectives and resource utilization decisions.

Finally, comparative evaluations against LD-NPGA, FSPGA, FSPPSO, and GA-FSA demonstrated
the superiority of HS-NSGA across both cost and makespan metrics. As shown in Fig. 9 and Table 7,
HS-NSGA consistently achieved lower objective values across increasing task volumes. The percentage
reduction analysis further quantified these improvements, with makespan reductions of up to 14.5% over
LD-NPGA, 16.8% over FSPGA, 19.5% over FSPPSO, and 16.1% over GA-FSA, and cost reductions of up
to 32.7% over LD-NPGA, 35.5% over FSPGA, 42.9% over FSPPSO, and 30.7% over GA-FSA, confirming
consistent advantages across all baseline algorithms. These results emphasize that integrating memory-
driven search with evolutionary operators in a low-level collaborative structure yields a more effective
optimization process, enabling cost-efficient and deadline-aware placement in resource-constrained fog
computing environments.

Table 7: Statistical comparison between HS-NSGA and baseline algorithms.

System Size
LD-NPGA FSPGA FSPPSO GA-FSA

p-value p-value p-value p-value

Best Cost Best Makespan Best Cost Best Makespan Best Cost Best Makespan Best Cost Best Makespan
80 × 10 × 3 1.15E−06 3.27E−04 2.55E−05 4.81E−04 1.69E−06 3.11E−05 2.08E−05 1.24E−04
120 × 10 × 3 1.72E−06 2.83E−04 1.36E−05 7.16E−04 1.71E−06 2.60E−05 1.13E−05 7.71E−04
200 × 10 × 3 1.73E−06 3.33E−02 1.73E−06 3.25E−02 1.70E−06 3.16E−03 1.74E−06 3.06E−03
300 × 10 × 3 1.23E−06 3.18E−02 1.01E−06 3.83E−02 1.27E−06 6.30E−03 1.78E−06 1.58E−03
500 × 10 × 3 1.49E−06 9.69E−03 2.02E−06 1.01E−02 1.47E−06 9.43E−03 1.93E−06 6.23E−03

9 Wilcoxon Statistical Signed-Rank Test
To statistically validate the performance differences between the proposed HS–NSGA algorithm and

the baseline algorithms, a Wilcoxon signed-rank test was conducted. For each system configuration, paired
samples were constructed using the best cost and best makespan values obtained by HS–NSGA and each
baseline algorithm across independent runs. The null hypothesis assumes that there is no statistically
significant difference between the performance of HS–NSGA and the compared baseline algorithm. A
significance level of 0.05 was adopted for all tests. The results of the test are summarized in Table 7.

As shown in Table 7, the p-values for both the best cost and best makespan metrics are consistently
below the 0.05 significance threshold across all comparisons, providing evidence against the null hypothesis
and supporting the statistical validity of the observed performance differences as the problem size increases.
The boxplots in Fig. 11a,b further support these findings by illustrating the distribution of best cost and best
makespan obtained by each algorithm for a representative scenario involving 120 tasks, 10 fog nodes, and 3
cloud nodes. As shown in the figure, HS–NSGA exhibits lower median values and reduced dispersion com-
pared to the baseline methods, indicating more stable and consistent performance. In contrast, the baseline
algorithms show wider interquartile ranges, reflecting higher variability and less consistent solution quality.



Comput Mater Contin. 2026;87(3):80 23

Figure 11: Boxplots of the (a) best cost; (b) best makespan; obtained by HS–NSGA and the baseline algorithms across
independent runs for a deployment scenario involving 120 tasks, 10 fog nodes, and 3 cloud nodes.

10 Limitations and Future Directions
While the experimental results demonstrate the effectiveness of HS-NSGA, certain limitations should

be acknowledged. First, the evaluation was conducted on synthetically generated datasets derived from
parameter ranges reported in prior studies. While this approach ensures comparability with the literature,
validation on real-world IoT workloads would be appropriate for assessing practical applicability and
deployment. Second, HS-NSGA was evaluated without incorporating parallel execution strategies. Although
this evaluation ensured consistency with the baseline methods, parallel and distributed implementations in
real fog-cloud infrastructures could be explored to fully utilize system resources. Third, the current study
focused primarily on makespan and cost, whereas other aspects such as energy efficiency and security were
not considered and remain open challenges. As a future direction, the model can be extended to incorporate
energy consumption at both the device and fog layers, as well as security mechanisms at the physical IoT
level, thereby broadening its applicability to practical deployment scenarios.

11 Conclusion
This paper introduced HS-NSGA, a hybrid multi-objective algorithm that integrates HS with genetic

operators in a low-level collaborative evolutionary loop for IoT application placement in fog-cloud envi-
ronments. The design was motivated by the need for algorithms that balance comprehensive exploration
with targeted local refinement while satisfying memory and deadline constraints. By combining the memory
consideration and pitch adjustment features of HS with the evolutionary operators and selection mechanisms
of NSGA-II, HS-NSGA achieves both effective global exploration and localized refinement. Experimental
results demonstrated the effectiveness of HS-NSGA across diverse scenarios. The algorithm consistently
produced well-distributed Pareto fronts under varying task volumes, exhibited robust convergence behavior,
and preserved solution quality as the system scale increased. Analysis of resource allocation patterns revealed
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that HS-NSGA adapts its placement strategy to the optimization objective, prioritizing fog nodes in cost-
oriented solutions, cloud nodes in makespan-oriented solutions, and balanced allocations in median cases.
Comparative evaluations further confirmed that HS-NSGA outperforms comparable hybrid algorithms
such as LD-NPGA, FSPGA, FSPPSO, and GA-FSA in both cost and makespan across a range of workload
intensities. Future work will focus on extending the algorithm to dynamic and real-world scenarios and on
incorporating objectives such as energy efficiency and security, thereby strengthening the applicability of
HS-NSGA in practical fog-cloud deployments.
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