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Abstract—Containers-as-a-Service (CaaS) platforms are widely
adopted due to the lightweight and portable nature of
containerized-based applications. However, the growing complexity
of container workloads makes it difficult to both achieve efficient
resource allocation and reduced energy consumption. To address
this challenge, we propose a Power-aware Container Placement
(PCP) mechanism, , which maps containers to physical machines
(PMs) in cloud data centers with an aim to minimize power
consumption while maintaining an acceptable level of performance.
The PCP mechanism utilizes the Whale Optimization Algorithm
(WOA) to search for energy-aware placements under resource
constraints, and then applies an additional best-fit optimization
phase to further consolidate and reduce the number of active PMs.
The proposed approach is evaluated using a Java-based simulation
and is compared against the Extend Directed Container Placement
(EDCP) mechanism from the literature. Experimental results
show that the proposed mechanism reduces power consumption
by approximately 7.4% in comparison to the EDCP mechanism.
In addition, it also achieves a about 5% reduction in search time.
These results indicate that our mechanism can improve energy
efficiency in CaaS systems with minimum negative impact on
performance of the systems.

Keywords-Container; Container Placement; CaaS; PCP; Cloud;
Optimization.

I. INTRODUCTION

Container Technology is widely employed in Cloud systems
as a Container-as-a-Service (CaaS) because they are lightweight
and highly portable [1]. However, the rapid growth in the
size and complexity of container workloads makes it more
challenging to allocate resources effectively while meeting
performance requirements and limiting energy consumption.
Container placement plays a crucial role in tackling these
challenges, as it specifies how containers are assigned to
Physical Machines (PMs). Effective placement strategies can
improve data-center efficiency by reducing operational costs,
lowering power usage, and increasing resource utilization [2].

In real-world deployments, container-based services often
consist of many isolated containers, which increases the impor-
tance of efficient scheduling and orchestration [3]. As a result, a
wide range of placement methods has been proposed, including
optimization-based techniques, such as linear programming
(e.g., [4]) and heuristic or metaheuristic algorithms (e.g., [5]).
Although these approaches can enhance energy efficiency,
utilization, or network cost, they may suffer from high
computational complexity, added runtime overhead, or limited
scalability in large-scale environments. Hybrid optimization
approaches are therefore considered a promising alternative, as
they can simultaneously balance multiple objectives, such as

energy efficiency, load distribution, and quality of service (QoS).
This paper introduces a new container placement mechanism
that aims to reduce power consumption in CaaS systems while
preserving an acceptable performance level compared with
existing metaheuristic solutions. The proposed work extends
our previous works in [6] and [7] with an aim of further
enhancing power efficiency.

The rest of the paper is structured as follows. Section II
surveys the related literature. Section III details the proposed
approach. Section IV reports the evaluation methodology and
discusses the results. Section V concludes the paper.

II. RELATED WORK

The work in [8] presented an energy-aware scheduling
model that applies particle swarm optimization. Results showed
notable energy savings while preserving an acceptable QoS
level.

The authors in [9] proposed an optimization method based
on the ant colony optimization algorithm [10] to balance
resource utilization, network consumption, and failure events in
microservices cloud applications. Their mechanism improved
service reliability, load balancing, and network transmission
overhead, but it did not account for energy consumption.

A heterogeneous container placement strategy was proposed
in [11] to improve the cost efficiency of container orchestration
in Kubernetes-based cloud systems. Experiments demonstrated
considerable cost reductions compared to default Kubernetes
behavior under different workload patterns, although the ap-
proach was not evaluated under high service-demand scenarios.

In [12], a locality-aware scheduling model was introduced
to boost the performance of containerized cloud services
by mitigating resource contention and improving network
efficiency. The model employs load-balancing heuristics to
enhance application performance; however, performance may
degrade sharply as workload size grows [13].

The authors in [14] proposed a scaling mechanism that adapts
groups of containers to changing workloads to improve Quality
of Experience (QoE). Likewise, [15] focuses on scheduling that
prioritizes QoE over QoS by using deep learning to integrate
QoE indicators, offering a more faithful representation of user
satisfaction for QoE prediction. Their experiments showed
an average QoE improvement of about 62% compared with
traditional schedulers.

The researchers in [5] developed a whale-optimization-
based container placement method [16] to improve resource
utilization and reduce power consumption in cloud systems. The
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results indicated better performance than competing placement
mechanisms in heterogeneous test settings. However, the
study did not assess potential performance overheads, such as
resource overutilization, associated with the method.

The authors in [17] proposed a multi-objective container
migration strategy based on a Binary Grey Wolf Optimizer to
improve resource utilization and energy efficiency. To reduce
migration inefficiencies, they introduced a node coordination
matrix model to address resource fragmentation. The evaluation
showed that the proposed strategy outperformed existing
mechanisms, suggesting practical effectiveness, yet it did not
examine scenarios involving very large containers or large
numbers of PMs.

Our earlier work in [6] presented a whale-optimization-
based container placement mechanism aimed at reducing
energy consumption in cloud systems. However, it adversely
affected performance metrics such as service violations and
search time. This was extended in [7] by introducing a new
scoring scheme to better balance performance with power
usage. Although performance improved, some power overhead
remained. However, both approaches could be further improved
by reducing power consumption while maintaining minimal
impact on performance, as will be discussed later.

The authors in [18] introduced a container consolidation
approach for CaaS clouds using Fractional Pelican Hawks
Optimization. The method includes (i) a host-status module to
predict PM load and (ii) a consolidation module to manage
container migrations. It targets multiple objectives—energy
consumption, resource utilization, and cost—leading to notable
efficiency gains. Nonetheless, the study did not evaluate
scalability for larger, more complex cloud infrastructures.

Gouaouri et al. [19] study power-aware workload scheduling
in Kubernetes, arguing that default rule-based scheduling
can lead to higher power consumption and inefficient cluster
operation at scale. They propose a two-stage, multi-objective
framework that uses an ML-based power predictor trained
from real node profiling and then performs online scheduling
via TOPSIS and NSGA-II. The solution is implemented as a
scalable Kubernetes scheduler plugin that can integrate with
other plugins and lets users extend objectives based on QoS
needs, explicitly optimizing consolidation (active nodes), load
balancing, and utilization efficiency together.

The study proposed by [20] address dynamic container
placement for serverless edge computing, where network con-
ditions and limited resources make static placement ineffective
and cold-start delays can hurt latency-sensitive tasks. They
model placement as an online convex optimization problem
and develop a strongly adaptive container placement algorithm
with a regret guarantee to minimize average request delay using
iterative feedback-based refinement.

The authors in [21] focus on container-based microservice
scheduling, noting that existing approaches can suffer from poor
load balancing, high network overhead, and weaker reliability.
They introduce an enhanced multi-objective PSO that uses an
indicator for controlled progress plus complementary indicators
to better evaluate trade-offs. The reported results indicate

that the proposed mechanism reduces load imbalance and
network transmission while improving service reliability in
heterogeneous cloud environments.

The authors in [22] propose an SLO-aware container orches-
tration approach for Kubernetes, motivated by the difficulty of
meeting response-time SLOs without costly over-provisioning
and by the fact that conventional autoscalers rely on low-level
CPU/memory metrics.

Algorithm 1 PCP Mechanism
1: input: cl, pl
2: initialize sl as a list of ns random solutions
3: for i to itrN do
4: b← findBestSolution(sl)
5: foreach s in sl do //update the current solution s
6: Let sr be a random solution
7: cf1 ← 2× a× rand
8: cf2 ← 2× rand
9: Let prob be a random number from 0 to 1

10: if prob < 0.5 then
11: dir ← |cf2 × sr − s|
12: if |cf1| < 1 then
13: s← b− cf1 × dir
14: else
15: s← sr − cf1 × dir
16: end if
17: else
18: dir ← (|b− s|)
19: Let z be a random number from −1 to 1
20: s← dir × ez × cos(2πz)× s
21: end if
22: end for
23: end for
24: b← optimizeSolution(b)
25: return: b

Algorithm 2 Optimization Mechanism
1: input: b
2: containerList← b.removeContinaerList()
3: pmList← b.removePmList()
4: sort containerList by CPU requirement ascending
5: foreach container in containerList do
6: foreach pm in pmList do
7: if pm.isBestF it() then
8: pm.host(container)
9: pmList.add(pm)

10: end if
11: end for
12: end for
13: b.setPMList(pmList)
14: return: b
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III. PROPOSED MECHANISM

In this section, we propose Power-aware Container Placement
(PCP) mechanism that places a list of container to a list PMs
in a CaaS system with an aim to reduce power consumption.
The PCP extends our previous work presented in [7]. The
mechanism employs whale optimization algorithm (WOA) that
is proposed by [16]. The WOA is a nature-inspired meta-
heuristic optimization method that mimics humpback whales’
bubble-net hunting behavior. The algorithm begins with a set
of random solutions, then in each iteration the search agents
update their positions toward either the best solution so far or a
random agent, switching between spiral and circular movement
to model bubble-net attacking.

The PCP mechanism is depicted in Algorithm 1. It starts
by creating a list of ns number of random solutions, called sl.
Each solution represents placing a container list cl to a list of
PMs found in pl in a random way. Then, the mechanism finds
the best solution, called b, among a list of solutions using a
method called findBestSolution. The best solution is defined
as the solution which places containers to PMs in a manner
that improves performance and reduces power consumption
as it is explained in [7]. Each solution s1 is evaluated against
another solution s2 according to the following:

ev(s1, s2) =
pw(s1)− pw(s2)

pw(s2)
+

o(s1)− o(s2)

o(s2)
(1)

where pw(s) is the power consumed by the solution s and
is calculated as [23]:

pw(s) =

p∑
i=1

(pmidle
i + (pmm

i − pmidle
i )× pmc

i

pmt
i

) (2)

where p refers to the total number of PMs in a CaaS system.
pmidle

i denotes the power consumption by pmi when it is idle.
pmm

i refers to the maximum power consumed by this PM.
pmc

i and pmt
i denote the current CPU and total CPU of pmi

respectively.
o(s) in (1) denotes the number of PMs in a solution where

each PM’s utilization level exceeds a certain threshold, called
ou. If a utilization level in a PM exceeds a certain threshold,
this can lead to a negative impact on the performance of this
PM [24].

b is, then, used to update other solutions based on a method
called updateSolution according to [5]. The same process
is repeated for a number of iterations called itrN as it is
explained in [6]. The PCP mechanism repeats this process of
updating solutions in sl until itrN .

The last step is to further optimize b one last time using an
optimization approach as it is depicted in Algorithm 2. The
optimization mechanism employs best fit (BF) approach in
order to reduce the number of active PMs in the system. It
sorts containers by CPU requirements in an ascending manner.
Then, a single PM will host as many containers as it can handle
in terms of CPU and memory powers. Lastly, the updated best
solution is returned as a result of this optimization phase.

TABLE I. EXPERIMENT CONFIGURATIONS

Parameter Values

Container Specifications:

Number 2000

CPU Requirements (MIPS) 256, 512, 1024, 2048, 4096

Memory Requirements (MB) 128, 256, 512, 1024, 2048

PM Specifications:

No of PMs 1000

No of Cores 6, 8, 20, 32, 56, 64

CPU (GHz) 2.2, 2.7, 2.9, 3.2

Memory (GB) 16, 128, 192, 512, 768

pmidle (watt) 15.6, 21.7, 48.6, 53.2, 127

pmm (watt) 58.9, 82.8, 269, 291, 377, 410

Simulation Settings:

ns 5

itrN 10

ou 80%

IV. EVALUATION

This section discusses the results of PCP mechanism and
compares it with EDCP mechanism [7]. The EDCP mechanism
is a container placement mechanism based on Meta-heuristic
optimization algorithm that places containers with an aim
to find an optimum solution in an acceptable time. The
mechanisms are evaluated in terms of performance and energy
consumption.

A. Experiment Configurations

Table I shows the configurations of the experiments con-
ducted in a Java simulation that was extended based on a
work by [6] to evaluate the EDCP and PCP mechanisms. The
total number of container is 2000 that submitted to a CaaS
of PM machines. The specifications of the PMs are listed in
the table. The table shows power consumption of each PM
when it is idle and when it is at maximum loading. ou is set to
80% because several studies show that when CPU utilization
exceeds this level, the system may experience performance
degradation [25].

B. Results

The PCP mechanism outperformed the EDCP mechanism in
reducing power consumption as it is depicted in Figure 1. The
Figure clearly demonstrates that the gap in power consumption
increases when the number of container increases. Overall,
the proposed mechanism reduces the power by about 7.4% in
compared to the EDCP mechanism.

With respect to search time, PCP also achieves an improve-
ment in by reducing the search time to find an optimum
solution by about 5% on average. The EDCP scored about 0.27
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Figure 1. Power Consumption
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Figure 2. Search Time

seconds on average to find the best solution while the PCP
achieved about 0.26 seconds on average. The t-test analysis
demonstrates that analysis the PCP achieved a significantly
lower runtime than the EDCP (paired t-test: t(2000)=7.63, p <
0.001). Figure 2 demonstrates the time ratio between EDCP
and PCP which is inconsistent. That means although the PCP
mechanism managed to reduce time in general there are some
instances that the EDCP mechanism behaved better.

V. CONCLUSION AND FUTURE WORK

Container technologies are widely adopted in CaaS environ-
ments due to their lightweight virtualization and portability.
Container placement can play a key role in tackling several
challenges in CaaS including effective resource allocation and
limiting energy consumption. Effective container placement
solutions can improve efficiency in clouds’ infrastructure
by reducing operational costs, lowering power usage, and
increasing resource utilization.

In this paper, we presented PCP, a novel container placement
mechanism that maps containers to PMs in cloud data centers
with the objective of minimizing energy consumption. The
proposed approach adapts the WOA to search for an energy-
aware placement that satisfies resource constraints. Moreover,
PCP refines an existing optimization technique from the
literature to further reduce power consumption. Experimental

results demonstrate that PCP achieves approximately a 7.4%
reduction in power consumption compared with EDCP.

For future work, the proposed mechanism may be extended
from static placement to dynamic runtime management by
supporting container or VM migrations among PMs whenever
workload fluctuations or resource imbalance occur. Moreover,
the heterogeneity of physical machines can be incorporated
more explicitly into the placement logic by accounting for
variations in CPU capacity, memory resources, and power
profiles. The current evaluation also relies on a simplified linear
power model based on CPU utilization; therefore, it would be
valuable to investigate whether the effectiveness of the proposed
approach is preserved under more sophisticated non-linear or
empirical power models. Furthermore, stronger performance
guarantees for hosted containers could be introduced by
integrating QoS/SLO-aware objectives and constraints, such as
latency, response time, and service stability, instead of relying
primarily on CPU-utilization threshold control. In addition,
PCP can be extended with reliability-aware capabilities to
improve service continuity in CaaS environments. Large-scale
CaaS infrastructures typically operate a substantial number
of PMs, which increases the likelihood of host failures and
may consequently degrade SLOs. Incorporating fault-tolerance
mechanisms (e.g., replication, proactive migration, or failure-
aware placement constraints) could mitigate these disruptions
and enhance overall system reliability.
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