Online-Journals.org

J I M International Journal of
[ Interactive Mobile Technologies

PAPER

iJIM | eISSN: 1865-7923 | Vol. 20 No. 15 (2026) | 8 OPEN ACCESS

https://doi.org/10.3991/ijim.v20i15.61457

Benchmarking the Pareto Frontier of VM Placement:
A Multi-Objective Evaluation of Heuristics
and Metaheuristics Algorithms

Wijdane Lakhouari @ (22),
Mohamed El Ghmary (2,
Hassan Echoukairi

Mohammed V University in
Rabat, Rabat, Morocco

wijdane.lakhouari@
umbr.ac.ma

ABSTRACT

Virtual machine (VM) placement in recent cloud systems remains a challenging and new
task due to the challenge of finding the best way to use resources efficiently while also
ensuring service reliability. The current study offers an in-depth comparative evalua-
tion of six VM placement algorithms—three established heuristics (Best Fit Decreasing
(BFD), First Fit Decreasing (FFD), and Worst Fit (WF)), a baseline RANDOM method, and
two metaheuristics (Ant Colony Optimization (ACO) and NSGA-III)—conducted through
2,400 simulation trials. We meticulously evaluate each algorithm across four critical per-
formance metrics: placement success rate, energy consumption, execution time, and ser-
vice reliability. The statistical analysis confirmed significant differences in performance
across all methods using the Kruskal-Wallis and Mann-Whitney tests. Classical heuristics
achieve a placement success rate (PSR) of 87.38% with BFD and FFD operating without
any service violations. These methods use more energy than other approaches, which
is a drawback of their good performance. NSGA-III reduces energy usage by 11% while
maintaining acceptable placement performance (71.62%). The execution time (ET) can
really vary, from super-fast heuristics to more time-consuming optimization methods. The
results indicate that classical heuristics provide the highest reliability. No SLA violations
(SLAV) were observed in the scenarios evaluated. Classical heuristics, in particular BFD
and FFD, are therefore the most reliable. The study’s findings also show that cloud provid-
ers can choose the algorithms that best match their operational priorities. These priorities
may include maximizing performance, minimizing energy consumption, or ensuring ser-
vice stability.
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1  INTRODUCTION

Cloud computing has really transformed the way organizations manage their
computing resources. Instead of relying on the typical local servers, the organiza-
tions are now opting to use the shared infrastructures available on the internet.
This allows the services to expand with the firms while keeping the costs low [1].
However, with the increased use of the cloud computing paradigm, it is becoming
more difficult to allocate the virtual machines on the servers [2].

Right now, putting virtual machines (VM) isn’t just about choosing a place on the
available servers. It’s now very important for the placement strategy to take into
account power consumption, reliability, and environmental friendliness [3]. Today’s
cloud data centers use a lot of electricity, and the overall need for power is growing
very quickly because cloud services are expanding so much [4]. Various research
indicates that energy consumption (EC) has become one of the most important oper-
ational issues, as this is not only due to increasing economic costs but also to envi-
ronmental sustainability [5]. Thus, improving energy efficiency has become a major
objective in cloud resource management. At the same time, cloud service providers
need to ensure that they do not experience any disruptions that might violate service
level agreements (SLAS) [5].

The placement of a virtual machine in a cloud computing system has been a com-
plex issue, given its objectives, which are to minimize power consumption, optimize
the use of resources, and ensure the performance of services, as discussed in [6], [7].
The purpose of this study is to answer the following research question: “Which
VM placement algorithm offers the best trade-off between placement success rate,
energy consumption, execution time, and service reliability when evaluated in the
same simulation environment?”

The study addresses the issue by evaluating six algorithms to optimize VM allo-
cation in the proposed environment. The algorithms range from simple approaches,
such as Best Fit Decreasing (BFD), First Fit Decreasing (FFD), and Worst Fit (WF),
to random allocation, to more complex methods. The study focuses on two specific
algorithms: Ant Colony Optimization (ACO) and NSGA-III, a newer multi-objective
evolutionary algorithm. Both have been widely studied for solving problems
related to resource allocation and placement. [8], [9], [10]. Each algorithm runs
400 times, and its performance is carefully measured to ensure a fair compari-
son. The main goals of this work are threefold: first, to check whether advanced
optimization methods perform better than traditional heuristics; second, to exam-
ine the cost of using more complex methods; and third, to determine which algo-
rithms are best suited to different types of operational needs. We use statistical
tests to ensure that any differences we observe are real and not due to chance. As
part of this study, a comprehensive comparative evaluation was conducted on a
set of six VM placement algorithms. These algorithms included classic heuristics
and advanced metaheuristics. A unified simulation framework was developed,
and 2,400 experimental trials were conducted. To ensure a comprehensive and
objective comparison, performance was evaluated using a rigorous multi-factor
analysis. Statistical analysis and validation were performed using the Kruskal-
Wallis and Mann-Whitney tests. This approach enabled the detection of signifi-
cant performance fluctuations. Unlike existing comparative studies that evaluate
algorithms on isolated metrics, this work uniquely combines a unified simulation
framework, rigorous statistical validation, and a multi-objective Pareto analysis
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to benchmark six VM placement algorithms under identical conditions. For cloud
service providers, it is important to consider the trade-offs among speed, energy
efficiency, and reliability. This method allows providers to select algorithms that
are appropriate for their operational goals.

These studies are essential for advancing mobile cloud computing and edge com-
puting. The VM placement algorithms investigated here shape the performance of
cloud-based mobile applications, including mobile learning platforms, augmented
reality apps, and live gaming [11]. For instance, BFD/FFD algorithms (<1 ms) deliver
the low latency demanded by mobile services, while the NSGA3 algorithm extends
battery life for mobile edge servers.

Building on the scenarios above, the article is organized as follows: Section 2
reviews recent work. Section 3 details our methodology and experimental setup,
including evaluation metrics. Section 4 presents our results. Section 5 analyzes and
discusses these findings. Section 6 offers practical recommendations and directions
for future research.

2  RELATED WORK

Traditional heuristic algorithms dominate cloud environments due to their low
computational cost and rapid decision-making. FFD is routinely adopted for swift
placement decisions. Though not specifically tailored for energy optimization, com-
parative studies affirm FFD as an effective baseline that achieves reliable placement
efficiency in heterogeneous cloud infrastructures, particularly compared to more
complex bio-inspired techniques [8].

Best Fit Decreasing, a widely adopted heuristic, targets resource consolidation
and minimizes active physical servers. Studies demonstrate BFD’s effectiveness in
improving server consolidation and resource utilization, despite its omission of
energy and thermal considerations—leading to risks of overconsumption or over-
heating under heavy load [12]. In contrast, the WF method proactively spreads VMs
to balance workloads and improve thermal stability, even as it raises the number of
active machines [13]. Recent research advocates hybrid approaches that integrate
conventional heuristics with local optimizations, enabling energy efficiency without
sacrificing speed [14].

Metaheuristics are increasingly used for VM placement due to their ability to
efficiently explore solution spaces and avoid local optima. ACO, in particular, is now
attracting considerable interest because it dynamically adapts pheromones based on
server loads and resources, leading to higher placement quality than other heuris-
tics [15]. However, ACO requires more processing time and, due to its inherent ran-
domness, often produces imprecise results [9]. Accelerating convergence remains a
key challenge. Recent studies are leveraging machine learning to sharpen optimiza-
tion efficiency [16].

Cloud computing research increasingly adopts scalable multi-objective algo-
rithms for VM placement, as they efficiently optimize multiple criteria. NSGA-IT is
widely applied to balance EC and quality of service by producing a set of trade-
off solutions rather than a single result [10]. For three or more objectives, NSGA-
III advances this approach, yielding a well-distributed Pareto optimal solution set
suited for complex environments [17]. These methods, however, are computa-
tionally intensive. To counter this, new strategies combine NSGA-III with machine
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learning for accelerated initialization and convergence, greatly speeding up opti-
mization [18].

Emerging hybrid approaches such as DRL-based strategies [19] and ACO-PSO
methods [20] demonstrate clear gains in energy efficiency and SLA compliance.
Yet, these innovations seldom undergo systematic benchmarking against classi-
cal heuristics under controlled conditions—a critical gap addressed directly by
this study.

Despite progress in VM placement research, significant gaps persist. The absence
of standardized experimental methods hinders comparison across studies [21].
Additionally, most studies report only averages without statistical validation and dis-
regard the time to results—crucial in cloud computing. Focusing on single-objective
optimization dominates the literature, with multi-objective approaches largely
neglected [7].

3 METHODOLOGY
3.1 Problem formulation

Virtual machine placement is modeled as a constrained multi-objective optimi-
zation problem, consistent with established formulations in cloud resource man-
agement literature [22], [7], [23]. Let H = {h1, ..., h\m} be the set of physical hosts,
where |H| represents the total number of hosts. Let V= {v1, .., v, } the set of vir-
tual machines, where | V| is the total number of VMs. Binary decmon variables are
defined as X; € {0,1}

where x;=11f VM v, is assigned to host

Constramts Each VM is assigned to at most one host: Z X, <1

Host resource constraints must be satisfied sunultaneously to prevent contention
and SLA degradation [7], [24], [25]:

e N ;
e CPU constraint: E jzlxij(mlps}_xpes}.)sMIPSi
N
e Memory constraint: E j:lxijram].s RAM,

¢ Bandwidth constraint: E M X.bw.< BW
j=1 0 i
Where:

mips;: the amount of computing power needed for each processing element
pes;: the number of virtual cores assigned to the VM

ram; and bw, : the memory and bandwidth the VM needs

MIPS;: total processing capacity of host h,

RAM;: total memory capacity available on host h,

BW  total network bandwidth capacity of host h,

The simultaneous enforcement of these multi-dimensional constraints dif-

ferentiates VM placement from classical bin-packing and establishes it as an
NP-hard problem.
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Energy Model: Energy evaluation follows the widely adopted linear power model
proposed by Beloglazov et al. [26] and validated in subsequent studies [26], [3]:

Pl(u) = Piidle + (leax — Piidle) < U

Pie: baseline power consumption of host h_i at zero CPU utilization

Pre maximum power consumption at full utilization
u: normalized the CPU utilization level in the range [0, 1]

Total EC over the time horizon T is computed as:

T [H]

EC= Y P @)dt

0 i=1
where u,(f) represents the time-varying utilization level of host h,.
This model captures both static and dynamic components of server power con-
sumption and is commonly used in CloudSim-based studies [22].

Objectives: Consistent with energy-aware and SLA-driven cloud optimization
frameworks [22], [23], and [27], the evaluated algorithms aim to:

e Minimize energy consumption: min EC

Hv}. :Zixij: 1}‘
V]
S e NP

e Minimize SLA violations: SLAV = Z_fll(ui >7)

e Minimize execution time: ET=¢t, ,—t

start

e Maximize placement success rate: PSR =

Where: 1 safe threshold (typically 0.8-0.9).

These objectives reflect the inherent trade-offs between energy efficiency, place-
ment robustness, service reliability, and computational overhead [16], [27].

In addition to the four main optimization objectives that served as a starting
point, three complementary indicators were used to perform a more in-depth per-
formance analysis.

3.2 Experimental setup and design

This study analyses six VM placement algorithms using a simulation framework
based on CloudSim 3.0.3 [22]. Figure 1 illustrates the experimental approach, which
consists of environment configuration, algorithm implementation, metric collection,
and statistical analysis.

Building on this framework, we model virtual machine resource allocation and
EC without requiring physical infrastructure. We integrate heterogeneous physical
servers in the virtual data center, with varying memory, processing performance,
and MIPS capacity [3], [9]. and require algorithms to make nuanced placement deci-
sions. We model EC using the widely adopted linear power model [25], [26], which
links CPU utilization to server power draw.
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Design

Energy Model: P=

Setup CloudSim 3.0.3 Configure Data H Physical Hosts| idle + Pi
Environment | | Center | Different CPU, MIPS, RAM | | —1¢ P;";“ F_idle
Define I
/ Scenarios \
Light: Medium: Heavy: Very Heavy:
6 hosts, 20 VMs 8 hosts, 35 VMs 10 hosts, 50 VMs 12 hosts, 80 VMs (rnnair )
=04 2=0.7 =0.9 =12
L‘ ) ANOVA Test
Select Detect Significant Differences
m_ i
Algorithm
Type
s Evoluti v
Heuristic Bageline  Metaheurisiic
/ / yes
| BFD / FFD / \wl |RANDO.\I| ‘/ .
Tukey HSD Post-hoc No
\
Execute 100 Iterations Yes | Pairwise Comparisons
No
with Randomized VM
Orders
Calculate Cohen's d No Significant
Effect Size Difference
Collect Performance
Metrics
Generate Results &
- - Visualizations
Primary Metrics: Composite Metrics:
PSR, EC, ET, SLAV, AH RWI, LBL EPE
Comparative Analysis
Rankings & Trade-offs

End: Conclusions &
Recommendations

Fig. 1. Experimental methodology flowchart

For our study, we developed a classification with four workload categories: light,
medium, heavy, and very heavy, to represent cloud usage needs [2], [5]. These work-
loads, from minimal to very heavy, differ in hosts, virtual machines, and VM deploy-
ment rates. To ensure accurate results and account for changes in VM arrival order,
we performed each workload type 100 times, changing the VM arrival order every
time [7], [9]. This systematic process gives us more consistent and reliable results.

Table 1. Experimental workload configuration

Workload Type Hosts VMs Arrival Rate (A) Runs Total Experiments
Light 6 20 0.4 100 600
Medium 8 35 0.7 100 800
Heavy 10 50 0.9 100 1000
Very Heavy 12 80 1.2 100 1200
Total - - - 400 2400

Key assumptions of the simulation:

e The resources required by virtual machines are fixed and do not allow for auto-
matic scaling.

e Linear power model: P(w) =P, + (P, —P
P 10250 W.

e There is no virtual machine migration after initial installation.

) X W where P, is set to 100 W and
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e Uniform data center network (10-millisecond latency)
e Workloads introduced in waves (all VMs are already identified in advance)

These assumptions provide controlled conditions. In real-world scenarios, net-
work changes and hardware failures can affect absolute performance metrics but
not the relative algorithm order.

To ensure clarity and reproducibility, all six algorithms were tested under identical
conditions using a structured simulation. Specifically, as shown in Algorithm 1, steps
include scenario setup, iterative runs, data collection, and statistical analysis.

Algorithm 1: Experimental Evaluation Framework

Input:
SCENARIOS = {Light, Medium, Heavy, Very Heavy}
ALGORITHMS = {BFD, FFD, WF, RANDOM, ACO, NSGA3}
R = number of statistical runs
W = number of warm-up runs
Output:
Statistical performance metrics for each (algorithm, scenario) pair
1: Initialize global random seed
2: for each scenario € SCENARIOS do
3:  Configure data center infrastructure

4:  Generate hosts, VMs, and workloads

S:  // Warm-up phase

6: fori=1toWdo

7: Run simulation without recording metrics
8:  end for

9:  // Statistical evaluation phase

10: forrun=1toR do

11: Set unique random seed

12: for each algorithm € ALGORITHMS do
13: Apply placement algorithm

14: Execute simulation

15: Collect performance metrics

16: end for

17:  end for

18:  Compute mean and standard deviation

19: end for

20: Perform ANOVA tests
21: Apply Tukey HSD post-hoc analysis
22: Compute effect sizes

23: Return aggregated results

The algorithms were tested under four workloads (20, 35, 50, and 80 VMs) to
assess scalability under resource pressure. We selected six algorithms to represent
deterministic heuristics and population-based metaheuristics, both common in vir-
tual machine placement research [2], [6]. For each workload, 100 tests were run
with random virtual machine arrivals. This achieves statistical robustness and keeps
computational cost manageable.
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Each design choice—workload diversity, repetition count, and power model—was
validated to ensure statistical robustness and reproducibility [28]. Consequently, any
change to these factors is expected to affect either the validity or the comparability.

3.3 Algorithms evaluated

Six VM placement strategies were selected to represent a spectrum from sim-
ple to more complex optimization. Traditional heuristics, including BFD, FFD, and
WE, are compared for their efficiency and implementation simplicity [29]. Random
placement acts as a baseline method to provide a neutral comparison. ACO, a
bio-inspired metaheuristic, is evaluated for its capability to find efficient solutions
via pheromone-based learning. NSGA-III, designed for multi-objective optimiza-
tion, is assessed for its ability to produce Pareto-optimal solutions balancing several
objectives [17].

3.4 Computational complexity analysis

The deterministic heuristics FFD, BFD, and WF have polynomial time complexity.
This is since they start with sorting and then move to linear allocation, which takes
O (nlog n) time. In contrast, the random approach does not require sorting or further
processing, thus making it take O (n) time. Meanwhile, the ACO and NSGA-III, which
use iterative and population-based approaches, have higher computational com-
plexity, i.e., O (G x P x n), where G stands for the number of iterations, P stands for
the population size, and n stands for the problem size. Given these differences in
complexity, the execution time (ET) is used as a performance metric.

3.5 Performance metrics

Seven indicators are used to assess the performance of each algorithm in three
areas: effectiveness, efficiency, and operational impacts. The Placement Success Rate
(PSR) measures how successful the algorithm was in placing the VMs [7] [30]. EC
calculates the total amount of power consumption [3]. SLA Violations (SLAV) are
detected when service quality degrades from overload. ET represents the compu-
tational overhead. Three additional indicators give further insight into effective-
ness. The Resource Waste Index (RWI) calculates unused resource capacity. The
Load Balance Index (LBI) measures the load balance in the data center. Energy-
Performance Aggregate (EPA) aggregates EC and PSR to show the trade-off in green
cloud environments.

3.6 Implementation details

All simulations were performed in Java on Dell Latitude 7390 hardware run-
ning CloudSim 3.0.3. The device featured Windows 11 Professional, an Intel Core
17-8650U CPU (quad-core, octo-thread), and 16GB RAM. The environment included
Version 2024 software, Intelli] IDEA 3.3, and Open]JDK 21 in server mode with G1GC
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as the default memory manager. To ensure reproducibility on university-standard
equipment, we used default JVM heap settings rather than optimized benchmarks.
Fixed seeds were set for both master and test processes to ensure deterministic
reproduction of stochastic processes. Preheating tests were omitted to reduce the
effect of JVM cold starts and maintain steady measurement conditions. The simula-
tion framework and datasets used are available upon request from the correspond-
ing author, subject to ongoing research constraints.

3.7 Statistical analysis

To compare results, we first used ANOVA to detect differences between the algo-
rithms. After finding significant differences, we applied Tukey HSD to identify which
pairs differed. We also used Cohen’s d to assess effect size. All simulations used fixed
random seeds and began after the warming phase to avoid transient behavior [22].
We used a significance level of o= 0.05 for all analyses.

4  RESULTS

An in-depth analysis was conducted on a set of 2,400 experimental trials,
divided equally between the two algorithms, with 400 trials for each. Kruskal-
Wallis analyses revealed significant disparities between the sets of measurements
(P < 0.05), highlighting the substantial impact of the choice of algorithm on the
results obtained.

Table 2. Performance summary table showing all metrics for 6 algorithms

Lleorin PlaIC{zItI:eem Cofsi?nﬁion ExecutiIV?Sn e Vio?;‘gons II;-IC;;‘tI: N_Runs
BFD 0.8738+£0.1320 | 0.64+0.31 1+1 0.00£0.00 | 6.7+3.6 400
FFD 0.8738+£0.1320 | 0.65£0.31 0+0 0.00£0.00 | 6.7£3.6 400
WF 0.8738+£0.1320 | 0.74£0.26 0£0 0.07+£025 | 9.0£2.2 400
RANDOM 0.8600+0.1203 | 0.74£0.29 0+0 0.18+£040 | 88+24 400
ACO 0.8267+0.1004 | 0.68£0.33 52+ 36 0.04£020 | 74£29 400
NSGA3 0.7162 +£0.0603 | 0.57£0.23 8+6 0.01+0.09 | 54£19 400

4.1 Placement success rate

BFD, FFD, and WF tied for first place, each achieving an impressive placement
rate of 87.38% (x13.20%). BFD delivers consistent results regardless of workload,
with placement rates ranging from 74.2% (heavy) to 93.7% (high). Its descending sort
strategy naturally manages diverse virtual machines by prioritizing the most import-
ant requests. Following the top performers, RANDOM achieved 86.00% (+12.03%),
ACO reached 82.67% (+10.04%), and NSGA3 recorded 71.62% (£6.03%). According to
the Mann-Whitney tests, the BFD/FFD/WF algorithms significantly outperform the
other solutions (p < 0.0002 vs RANDOM, p < 102 vs ACO, p < 10758 vs NSGA3).
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Fig. 2. Distribution of PSR across the six evaluated VM placement algorithms

4.2 Energy consumption

In the experiment conducted, NSGA3 recorded a normalized consumption of
0.57 (£0.23). The results obtained for BFD were 0.64 (+0.31), while those for FFD
were 0.65 (+0.31). The results of the analysis conducted by ACO revealed a value
of 0.68 (£0.33). The results of the statistical analysis reveal that WF and RANDOM
both recorded 0.74 (£0.26) and 0.74 (£0.29), respectively. The rigorous and in-depth
statistical analyses revealed no significant difference between WF and RANDOM

(p=0.951).
Multi-Metric Comparison Average Energy Consumption
40 PlacementRate 10 0.74 068
s | EnergyConsumptnon '

8 os == ExecutionTimeMs =
c 2 08
£ 2
5 £
o 0.6
< 2 06
a 5
? 04 2
N & 0.4
g 2
ey 81]
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Algorithms Algorithms
Fig. 3. Multi-metric comparison (PSR, energy consumption, Fig. 4. Normalized EC of the six VM placement algorithms

execution time) across algorithms

FFD achieves energy efficiency indirectly by filling hosts sequentially, reducing
the average number of active hosts to 6.73 compared to load-balancing methods like
WFE, which use 9.00 hosts. A decrease in the number of active hosts leads to a direct
reduction in standby power consumption. While NSGA3 reduces EC by 11%, this

iJIM | Vol. 20 No. 15 (2026) International Journal of Interactive Mobile Technologies (iJIM) 13


https://online-journals.org/index.php/i-jim

Lakhouari et al.

results in an 18% decrease in the PSR and execution that is 47 times slower com-
pared to FFD.

4.3 Execution time

In the study, the RANDOM tool recorded a reaction time of 0.05 milliseconds
(£0.26), followed by the WF (0.11 £ 0.45) and FFD (0.18 £ 0.49) tools. BFD recorded
a latency time of 0.55 milliseconds (+1.00 milliseconds). The NSGA3 evaluation took
8.44 milliseconds, with a standard deviation of 6.27 milliseconds. ACO recorded
52.03 ms (£36.08). As shown in Figure 5, all comparisons performed were statisti-
cally significant (p < 10719).

44 SLAV

It should be noted that BFD and FFD recorded no violations in the 400 executions.

Furthermore, it was found that NSGA3 recorded 0.0075 (+0.09). The results of
the analysis conducted by ACO reveal a value of 0.04 (+0.20). As part of the study,
the firm WF recorded a result of 0.07 (+0.25). As part of the study, statistical analysis
revealed that RANDOM recorded a value of 0.18 (+0.40). Statistical analyses revealed
that BED/FFD obtained significantly higher results than RANDOM (p < 107'%), but no
significant difference was observed between BFD/FFD and NSGA3 (p = 0.083).

Average execution time SLA violations

0.175

@ 0.150
10! 5
o =

£ © 0.125
= Rl

s Z 0.100
5 100 7

8 g 0.075
i ©

9 0.050
i 2

10 0.025

0.000

Q Q \ » © < '
3 N N 3
e S
Algorithms Algorithms
Fig. 5. Average ET (ms, log scale) of the evaluated Fig. 6. Average SLA violation rate across 400 simulation runs
algorithms

4.5 Resource utilization

As part of the NSGA-III performance evaluation, it was observed that the program
used 5.4 £ 1.9 active hosts. Analysis of the data shows that the average number of
active hosts used by BFD and FFD is approximately 6.7. According to the data col-
lected, the ACO company used 7.4 £ 2.9 hosts. As part of the analysis of WF’s perfor-
mance, it was observed that 9.0 active hosts were used. Statistical analysis of the data
reveals that RANDOM used 8.8 £ 2.4 hosts.
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4.6 Pareto frontier analysis

To complement single-metric rankings, we analyzed Pareto dominance across six
pairs of objectives. This included minimizing energy consumption, SLA violations,
and ET while maximizing placement rate. As shown in Figure 11, no single algorithm
achieves global optimality. NSGA3 dominates in energy efficiency, but this comes at
the cost of placement rate. BFD and FFD are Pareto-optimal for reliability, achieving
zero SLA violations. In the SLAV vs. Placement Rate space, BFD and FFD occupy the
optimal corner. They show zero violations and a maximum placement rate. This
makes the Pareto front reduce to a single point. Across all objective pairs, ACO is the
only fully dominated algorithm. These results offer practitioners a multi-objective
decision framework. It is tailored to deployment priorities and is particularly rele-
vant for energy-constrained mobile edge environments.
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Fig. 11. Pareto frontier analysis — VM placement algorithms

DISCUSSION AND ANALYSIS

After analyzing the performance of all algorithms, BFD and FFD demonstrate
comparable results due to their fixed and deterministic stacking logic. Their primary
distinction lies not in when they consider placements, but in how they select the
host. Results suggest that traditional heuristics remain valid and consistently effec-
tive, providing reliable behavior and optimal placements. Notably, the RANDOM
approach performs nearly as well as the top traditional heuristics, implying that
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in resource-rich environments, the marginal benefits of advanced optimizations
become less apparent.

In contrast, ACO shows reduced placement efficiency compared to traditional
heuristics. Its broader search incurs higher computational costs without yielding
equivalent benefits in this context. Similarly, NSGA-III yields the lowest placement
success among the algorithms, as it targets energy efficiency within a multi-objective
optimization setting, prioritizing energy savings over placement trade-offs. However,
NSGA-IIT achieves the lowest normalized EC of all algorithms, effectively prioritizing
multiple objectives.

This highlights the trade-off between the study’s two objectives: boosting energy
efficiency decreases placement success. Conversely, FFD and BFD maintain favorable
placement success without SLA violations, although at a moderate energy cost. All
algorithms meet real-time execution requirements for cloud computing. However,
ACO and NSGA-III entail greater computational costs and variability, underlining
the complexity of evolutionary and metaheuristic methods. Comparing overall rank-
ing, FFD leads, followed by BFD and WF, which strike a balance among placement,
accuracy, and speed. RANDOM ranks in the middle with minimal overhead, while
NSGA-IIT and ACO follow due to overhead outweighing their efficiency and speed
benefits. Overall, these results show that greater algorithm complexity does not
necessarily translate to superior performance. Rankings were derived by applying
equal weighting to all parameters. In practice, parameter weights may be adjusted
to meet specific requirements.

Table 3. Algorithm selection guide for practitioners

Use Case Recommended Algorithm Reason
Real-time mobile apps FFD Ultra-fast execution (0.18 ms)
Eco-friendly data center NSGA3 11% energy savings
Highly Reliable Production BFD Zero SLA Violations
Edge computing WEF Balanced load distribution

Based on our results, we recommend: (1) For mobile cloud platforms requiring
minimal latency, use the default FFD algorithm, as its ET is under one millisecond
and it fully meets the SLA. (2) For green data centers prioritizing energy savings, use
NSGA3 during off-peak times, when a longer ET (8.44 ms) is acceptable. (3) For hybrid
methods, use BFD initially and rebalance with NSGA3 every six to 12 hours. Pareto
analysis supports the findings: simple heuristics (BFD, FFD) are Pareto-optimal for
reliability, while NSGA3 is Pareto-optimal for energy-constrained environments like
mobile edge computing.

This multi-objective view offers practitioners a decision framework beyond sin-
gle-metric rankings. Despite our robust experimental framework, results assume
static workloads without VM migration. Future work should validate these findings
under dynamic workloads and varied infrastructure.

6  CONCLUSION AND FUTURE WORK

This study delivers four decisive contributions: (1) the first comprehensive bench-
mark of heuristics versus metaheuristics, featuring 2,400 simulations and statistical
validation; (2) clear empirical evidence that higher algorithmic complexity does not
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translate to better performance—simple heuristics outperform complex metaheuris-
tics in reliability; (3) precise quantification of multi-objective trade-offs along the
Pareto frontier; and (4) actionable decision guidelines for algorithm selection in real-
world deployments.

This study rigorously compares six VM placement algorithms across 2,400 sim-
ulation runs, with robust statistical validation. Classical heuristics excelled. First-
Fit Decreasing (FFD) dominated, achieving the highest placement success rate,
zero SLA violations, and the fastest run times. Best-Fit Decreasing (BFD) followed
closely, reaffirming the strength of traditional bin packing in latency-sensitive pro-
duction. Among metaheuristics, NSGA-IIT minimized energy usage, confirming the
value of multi-objective optimization, but at clear costs: lower placement success
and increased run times. ACO did not justify its extra computational burden in real-
world terms.

When reliability and speed are required, FFD and BFD are unequivocally supe-
rior. For energy efficiency, NSGA-III performs well, provided its computational load
is controlled. The core message: choose algorithms aligned with real-world priori-
ties, not just theoretical appeal.

Nonetheless, this study has clear limitations. It centers on static VM place-
ment, omitting dynamic workloads and migrations. The linear energy model,
though standard, simplifies actual server behavior. Future research should
integrate hybrid approaches—combining heuristic speed with evolutionary
optimization—and expand to dynamic settings, containers, and “green” cloud
platform:s.
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