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Abstract—Efficient workload scheduling in Kubernetes is cru-
cial for optimizing energy consumption and resource utilization
in large-scale and heterogeneous clusters. However, existing
Kubernetes schedulers either ignore power-awareness or rely on
simplified, static power models, which limit their effectiveness
in managing energy efficiency under dynamic workloads. To ad-
dress these shortcomings, we present a multi-objective scheduling
framework for online Kubernetes pod placement that jointly
considers power consumption, resource utilization, and load
balancing. The framework follows a two-stage design: (i) a node
power–profiling component trains a machine–learning model
from real power measurements to predict per-node consumption
under varying utilizations; and (ii) an online scheduler uses these
predictions within a multi-objective optimization formulation.
We implement scheduling optimization using two algorithms,
TOPSIS and NSGA-II, adapting them to the Kubernetes context,
and also propose a distributed variant of the NSGA-II algorithm
that parallelizes fitness evaluation with controlled migration
between workers. Experimental results show that the proposed
framework outperforms baseline schedulers, achieving a 40%
reduction in power consumption and improvements of 74%
and 68% in CPU and memory utilization, respectively, while
sustaining scalability under high workloads. To the best of
our knowledge, this is the first work to integrate learned
power models and distributed multi-objective optimization into
Kubernetes for power-aware pod scheduling.

Index Terms—Scheduling, Power-Aware Scheduling, Multi-
Objective Optimization, Kubernetes, NSGA-II, TOPSIS

I. INTRODUCTION

CLOUD computing has rapidly grown in both industry
and academia, as more organizations adopt cloud-based

resources and tools to save time and reduce costs [1]. The core
aim of cloud computing is to offer virtualized, scalable, and
efficient resources to clients. This is made possible through
the integration of Virtual Machines (VMs) and container
technologies. VMs provide strong isolation, enabling multiple
tenants to share the same hardware securely, while con-
tainers, defined as lightweight, software-level virtualization
technologies, offer fast deployment, efficient management, and
enhanced utilization of computing resources [2].

Historically, container technology evolved from early iso-
lation methods such as chroot [3]. In 2008, Linux Containers
(LXC) introduced process and file system isolation to Linux
systems [4]. The modern era of containerization began with
Docker in 2013, which greatly simplified the packaging,
deployment, and execution of applications in isolated envi-
ronments [5]. As container usage grew, managing large-scale
container deployments became challenging, leading to the
development of container orchestration systems. Kubernetes,
open-sourced by Google in 2014, emerged as the leading
orchestration tool, providing automated container deployment,
scaling, and management. While Docker also introduced
Swarm, Kubernetes quickly became the preferred solution due
to its robustness and scalability [6].

Kubernetes is now a widely adopted, open-source platform
known for its portability and extensibility, making it ideal for
diverse infrastructures and applications [7]. It automates con-
tainer scaling and allocates containers to physical nodes. How-
ever, its default scheduling strategy is a rule-based method that
primarily focuses on how to effectively fit workloads given
different resource types (CPU, memory, disk, etc.), which
may not always be optimal [8]. Kubernetes follows a leader-
follower architecture, with the master node communicating
with worker nodes via the kubelet component, responsible for
container lifecycle management in the worker nodes.

In high-load cloud environments, efficient workload place-
ment is critical for optimizing performance and energy use.
Standard scheduling methods, however, focus mainly on tra-
ditional resource metrics such as CPU and memory, often
leading to higher power consumption, reduced cluster effi-
ciency, and greater carbon emissions, problems that grow with
infrastructure scale. This highlights the need for eco-friendly,
energy-aware infrastructure aligned with sustainability goals
like those in the European Green Deal [9]. Integrating power-
awareness into workload scheduling offers significant advan-
tages across key use cases. In telecommunications, where
Kubernetes is used for 5G and 6G deployments, traffic patterns
fluctuate, requiring efficient scheduling to balance energy use
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with service demands [10]. Similarly, in edge computing
for IoT devices, energy-efficient scheduling extends device
lifespan. Applications in autonomous vehicles, smart city
infrastructure, and hyperscale data centers also benefit from
power-aware scheduling to optimize energy use and resource
allocation. address the limitations in current scheduling ap-
proaches, we propose a novel multi-objective framework for
Kubernetes workload scheduling that simultaneously opti-
mizes three key, and often conflicting, objectives: (i) mini-
mizing active nodes (via workload consolidation) to reduce
power consumption and operational costs, (ii) load balancing
to distribute workloads evenly across the active nodes for high
availability and to prevent performance-degrading hotspots,
and (iii) maximizing resource utilization efficiency on the
active nodes. Implemented as a scalable and customizable
Kubernetes scheduler plugin, our solution allows users to
specify Quality of Service (QoS) requirements and is designed
to collaborate with existing Kubernetes scheduling plugins,
enhancing their functionality.

The main contributions and novelties of the presented study
are summarized as follows.

1) We introduce a novel two-stage scheduling framework
that integrates a machine learning–based power con-
sumption predictor, trained on real measurement data
collected through node-level power profiling. The pre-
dictive model is subsequently leveraged in the on-
line scheduling stage, enabling energy-aware decision-
making during pod placement.

2) The scheduler integrates two distinct multi-optimization
techniques: TOPSIS and NSGA-II. TOPSIS, a
scalarization-based method that transforms the problem
into a single objective by combining multiple criteria
into a weighted sum. NSGA-II, a metaheuristic genetic
algorithm that directly explores the trade-offs between
conflicting objectives without scalarization, generating
a diverse set of Pareto-optimal solutions.
By implementing both techniques, we aim to evaluate
and compare their effectiveness and trade-offs in solving
multi-objective scheduling problems within Kubernetes,
examining differences in solution quality and scalability.

3) We also propose an accelerated version of NSGA-II-
based scheduler algorithm through parallel computing
to avoid the overhead due to large cluster sizes.

4) Our solution is implemented as a Kubernetes scheduling
plugin that can seamlessly integrate with other plugins.
It is highly scalable, allowing users to define additional
objectives based on their specific Quality of Service
(QoS) requirements.

The remainder of this paper is organized as follows: Section
II reviews the related works. Section IV presents a rigorous
formulation of the pod scheduling problem and our proposed
methodology. Section V presents the details of experiments
results and analysis, and Section VI concludes the paper.

II. RELATED WORKS

Several research works have sought to refine the scheduling
process of container orchestration systems such as Kubernetes

and its alternatives, aiming to minimize communication la-
tency and improve load balancing. The authors in [11], [17]
introduced a Kubernetes scheduler plugin for microservice-
based applications, modeled as an acyclic dependency graph,
to reduce latency between pods within the same dependency
graph. Their heuristic sorts the pods using topological order
and schedules them onto nodes based on bandwidth require-
ments only. The work of [12] presents a framework for
network-aware dynamic scheduling and migration of contain-
ers on mobile clusters based on Kubernetes, named Kinitos.
Similar to Diktyo, this work leverages the microservice depen-
dency graph during scheduling. However, both Diktyo [11]
and Kinitos [12] ignore power consumption, in contrast to
our work which integrates ML-based power prediction with
multi-objective optimization algorithms to jointly optimize
load balancing, resource fragmentation, and energy efficiency.

The authors in [18] presented a Docker Swarm container
scheduler that employs the TOPSIS multi-objective decision-
making algorithm [19], which considered only a limited set
of objectives: the number of running containers on a node,
CPU availability, and memory space. However, their work
did not consider power consumption, a critical factor in
cloud and edge infrastructures. In [16], the authors extended
their work by incorporating power consumption into the
TOPSIS optimization algorithm for Kubernetes. Their method
outperformed the default scheduler but relied on simulated
power data from CloudSim1, which limits applicability in
real clusters. Moreover, their work did not address the online
scheduling problem of pods. In contrast, our work uses real
power profiling of worker nodes to train node-specific power
consumption models and implements online scheduling as a
Kubernetes plugin, ensuring integration with other plugins in
practical deployments.

In [20], a linear programming model was proposed to
optimize container placement with objectives including host
energy consumption, image pulling costs, and workload tran-
sition costs. Although the model achieved a 40–50% reduc-
tion in total costs compared to Docker Swarm’s Binpack
strategy, it simplified workloads into single units rather than
multi-dimensional resource vectors. In [21], an ant colony
optimization-based scheduling algorithm was integrated into
Docker Swarm to improve utilization in non-uniform re-
source environments. Similarly, [22] applied the Artificial
Fish Swarm Algorithm (AFSA) to improve load balancing
in Mesos, showing superior performance over Particle Swarm
Optimization (PSO).

The work of [13] was among the first to apply a genetic
algorithm to container scheduling, using NSGA-II to optimize
provisioning, workload balancing, failure rates, and commu-
nication overhead. While effective, their approach excluded
energy as an optimization objective. Later, [23] extended
this line of work with NSGA-III, assigning batches of tasks
to heterogeneous nodes under multiple objectives including
energy consumption. However, their work neither used real
power estimation models nor integrated into Kubernetes. Our

1An extensible simulation framework that enables modeling, simulation,
and experimentation of emerging Cloud computing infrastructures and appli-
cation services, https://github.com/Cloudslab/cloudsim

https://github.com/Cloudslab/cloudsim
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Table I: Comparison of our work with existing approaches

Reference Kubernetes Power-aware scheduling Power model Load balancing Resource efficiency Optimization method
[11] ✓ ✗ ✗ ✓ ✓ Heuristic
[12] ✓ ✗ ✗ ✓ ✓ Heuristic
[13] ✓ ✗ ✗ ✓ ✓ NSGA-II
[14] ✓ ✗ ✗ ✗ ✓ TOPSIS
[15] ✓ ✓ Linear ✗ ✓ Sparrow Search
[16] ✓ ✓ Linear ✗ ✓ TOPSIS
Our work ✓ ✓ Machine Learning Estimation ✓ ✓ TOPSIS & NSGA-II

work differs by combining machine learning-based power
prediction with online multi-objective optimization directly
embedded in Kubernetes as a production-ready scheduler
plugin.

A recent work [15] proposes an energy-aware Kubernetes
scheduler that models power from CPU utilization and solves
placement with a Sparrow-Search meta-heuristic while consid-
ering inter-service communication. In contrast, our scheduler
profiles each node in-cluster and trains a machine-learning
power predictor, then optimizes a richer multi-objective vector
(power, CPU and memory load-balancing, pod balancing,
fragmentation) via TOPSIS or NSGA-II within the native
scheduler framework. The work of [24] proposes Micro-
Ranker, which ranks microservices by inter-service commu-
nication and pre-distributes containers across geo-distributed
data centers according to rank and a green-energy index,
reporting lower energy and latency. Authors of [14] intro-
duce NACS, a network-aware scheduler for edge environ-
ments that gathers latency, jitter, and packet-loss metrics and
computes entropy-weighted TOPSIS rankings. Unlike NACS,
our approach explicitly targets power efficiency through per-
node ML-based power modeling and multi-objective opti-
mization rather than relying solely on network performance
metrics. Moreover, our scheduler integrates seamlessly with
Kubernetes’ native plugin framework and supports per-pod
online decisions, enabling dynamic, scalable, and power-
aware scheduling under varying workloads. Additionally, [25]
presents a heterogeneous-resource scheduler that dynami-
cally tunes per-resource weights and applies an enhanced
D-TOPSIS across CPU, memory, GPU, network, and disk.
Unlike these works, our approach explicitly models node
power via learned per-node predictors and jointly optimizes
power with load-balancing and fragmentation for online per-
pod decisions.

Beyond container scheduling, there exists a line of research
on distributed and parallel evolutionary optimization. The
work of [26] proposed a cloud-native, multi-population archi-
tecture to accelerate metaheuristics by partitioning populations
across worker nodes. [27] introduced an asynchronous multi-
population metaheuristic framework with message-based mi-
gration to balance exploration and efficiency. Similarly, [28]
studied Pareto-based optimization for service placement in
the computing continuum, leveraging distributed evolutionary
strategies to handle large-scale systems. While these works
advance distributed evolutionary algorithms in general cloud
environments, none of them integrate distributed NSGA-II into
Kubernetes for online, pod-level scheduling. Our contribution
is therefore novel in bridging distributed evolutionary opti-
mization with practical Kubernetes scheduling through a real,

deployable plugin.

A. Multi-objective decision making and optimization algo-
rithms

Multi-objective decision-making is a critical process for
identifying optimal trade-offs across competing objectives
in fields such as supply chain management, engineering,
telecommunications, and economics [29], with foundational
algorithms including the divide-and-conquer approach for
Pareto-optimal solutions by [30] and TOPSIS for ranking
alternatives by their geometric distance to an ideal solution,
introduced by [19]. The enduring relevance and adaptability
of TOPSIS are demonstrated by its recent and broad appli-
cations, including its combination with fuzzy AHP for green
supplier selection in supply chain management [31], adaptive
load balancing for fog-cloud resource allocation [32], energy-
efficient scheduling for AIoT workloads [33], and priority-
based scheduling in hybrid VANETs using an AHP–TOPSIS
framework [34]. These diverse applications across dynamic
and heterogeneous domains underscore TOPSIS’s versatility
and reinforce its suitability for integration into complex sys-
tems like our proposed power-aware Kubernetes scheduler.

III. PROBLEM FORMULATION

In this section, we formalize the multi-objective pod
scheduling problem by presenting a mathematical model that
incorporates key optimization goals, such as load balancing,
resource utilization, and energy efficiency and provide an NP-
hardness analysis to highlight the problem’s computational
complexity. We then introduce our proposed solution archi-
tecture, detailing its modular design and key components,
followed by the optimization algorithms developed to yield
near-optimal solutions for the defined objectives.

The goal of this work is to enhance Kubernetes scheduling
by selecting the most suitable worker node i ∈ N to run
a pod j ∈ M within a multi-objective configuration system,
where N represents the set of worker nodes andM represents
the set of pods. This approach aims to optimize resource
load balancing, bin packing to reduce resource fragmentation,
and power consumption. These objectives often conflict. For
instance, prioritizing load balancing can inadvertently lead to
resource wastage or increased power consumption. To address
such trade-offs, we introduce a mathematical formulation of
the problem as a constrained multi-objective optimization
problem. The notations are summarized in TableII.

We define a binary variable xij ∈ {0, 1} as follows:

xij =

{
1, if pod j is scheduled on node i

0, otherwise
(1)
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Table II: Summary of symbols and parameters (nodes indexed by i, pods by j).

Symbol Description

N Set of nodes
M Set of pods
xij Decision variable, 1 if pod j is assigned to node i,

else 0
Ccpu

i , Cmem
i Available CPU and Memory capacity of node i

dcpuj , dmem
j CPU and Memory demand of pod j

Rcpu
i Allocated CPU on node i

Rmem
i Allocated memory on node i

ui CPU utilization of node i (used in power model)
Pi Power consumption of node i
P Average cluster power
Pidle Idle node power (W)
Pmax Max node power (W)
Lcpu, Lmem, LpodCluster load-balancing factors
fcpu
i , fmem

i Per-node CPU and Memory fragmentation on i
F cpu, Fmem Average cluster CPU and Memory fragmentation
S Population size for NSGA-II
Gmax, t Max generations, tournament size for NSGA-II
Ĩ(j) Relaxed probability vector for pod j

Dir(α) Dirichlet distribution used to sample Ĩ(j); α is its
parameter

λ Crossover mixing factor

Let Ccpu
j and Cmem

j denote the available CPU and memory
on node i, respectively.

Let Rcpu
i be the allocated CPU on node i defined as:

Rcpu
i =

M∑
j=1

dcpui × xij (2)

Where dcpui denotes CPU demands of pod j.
Similarly we define Rmem

i to be the allocated memory on
node i defined as:

Rcpu
i =

M∑
j=1

dmem
i × xij (3)

Where dmem
i denotes memory demands of pod j.

Next, we define our scheduling objectives that include,
resource load balancing, power consumption and resource
utilization:

a) Load balancing objectives: Load balancing describes
how well the pods are distributed across the worker nodes.
An optimal load balancing factor minimizes performance
bottlenecks by preventing any single worker node from being
overloaded while avoiding under utilization of others.

The load balancing factor is formulated as a coefficient
of variation [35] such that a lower value indicates a better
distribution of the workload across the nodes of the cluster.
In our setup, we explicitly target three distinct load balancing
dimensions:

1) CPU utilization: Ensures that computational resources
are evenly distributed across nodes.

2) Memory utilization: Focuses on balancing memory allo-
cation to avoid overloading specific nodes while leaving
others underutilized.

3) Pod count: Targets the even distribution of the number of
pods across all nodes, regardless of resource utilization,
to maintain fairness and avoid scheduling bottlenecks.

Lcpu =
σ(Rcpu)

µ(Rcpu)
, Lmem =

σ(Rmem)

µ(Rmem)
, Lpod =

σ(Rpod)

µ(Rpod)
(4)

where σ(.) is the standard deviation function and µ(.) is the
mean function. In addition, Rcpu, Rmem and Rpod are defined
as follows:

• Rcpu denotes the set of CPU utilization across the cluster:

Rcpu = {Rcpu
1 , Rcpu

2 , ..., Rcpu
N }

• Rmem denotes the set of memory utilization across the
cluster:

Rmem = {Rmem
1 , Rmem

2 , ..., Rmem
N }

• Rpod denotes the set of deployed pod counts across the
cluster:

Rpod = {Rpod
1 , Rpod

2 , ..., Rpod
N }

b) Resource fragmentation objectives: Resource frag-
mentation measures how effectively resources (CPU and mem-
ory) are allocated without leaving unallocatable residuals. In
Kubernetes, pods request fixed amounts of CPU and memory;
if the remaining capacity on a node is smaller than typical
pod requests, this fragment of resources cannot be used and
is effectively wasted. Thus, fragmentation is directly linked to
bin-packing inefficiency: although aggregate utilization may
appear low, scattered small gaps across nodes can still prevent
new pods from being scheduled. By minimizing resource frag-
mentation, we aim to maximize resource utilization, making
more space available for incoming pods and enhancing the
overall efficiency of the cluster’s resource distribution.

We denote by f cpu
i and fmem

i the CPU and memory
fragmentation on node i respectively, and they are defined
as follows:

f cpu
i =

Ci −Rcpu
i

Ci
, fmem

i =
Mi −Rmem

i

Mi
(5)

Here, f cpu
i and fmem

i represent the fraction of capacity
left unused on node i. A high value indicates that significant
resources remain idle but may not be practically usable for
incoming pods, while a low value indicates tighter packing
and better utilization.

Where:
• Rcpu

i ≤ Ci ∀i ∈ [1, N ]
• Rmem

i ≤Mi ∀i ∈ [1, N ]

F cpu and Fmem denote cluster-wise CPU and memory
resource fragmentation and they’re defined as the average
values of nodes’ resource fragmentation:

F cpu =
1

N

N∑
i=1

f cpu
i , Fmem =

1

N

N∑
i=1

fmem
i (6)

Lower values of F cpu and Fmem indicate that resources are
more effectively packed and that the cluster is less likely to
reject new pods due to unusable fragments. This ensures better
scheduling success rates and improved overall efficiency, even
under fluctuating and heterogeneous workloads.
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c) Power consumption objective: Let Pi denote the
power consumption of node i, with Pi : [0, 1]→ R represent-
ing a function that maps the node’s CPU resource utilization
to its power consumption. The power consumption function
is estimated using the CPU utilization level of the node, as
detailed IV-A.

Power consumption across the cluster is calculated as
follows:

P =
1

N

N∑
i=1

Pi

1) Optimization objective: We define our objective func-
tion F as follows:

F : RN×M → R|O|

X 7→


P
−Lcpu

−Lmem

−Lpod

F cpu

Fmem


Where:

• O denotes the set of optimization objectives.
• X is the assignment matrix, where each element xij

indicates the assignment of pod j to node i.

The optimization objective is the following:

minimizeXF(X)

subject to:
Rcpu

i ≤ Ccpu
i , ∀i ∈ {1, 2, . . . , N}

Rmem
i ≤ Cmem

i , ∀i ∈ {1, 2, . . . , N}

(7)

The scheduling problem in (7) thus seeks an assignment of
pods to nodes that simultaneously:

• minimizes cluster-wide power consumption,
• improves load balancing across CPU, memory, and pod

count (minimizing variance),
• and minimizes CPU and memory fragmentation to max-

imize bin-packing efficiency.

This formulation ensures that the scheduler balances energy
efficiency, fairness, and resource utilization, while respecting
the physical capacity constraints of each node.

Theorem 1. The pod scheduling problem formulated in 7 is
NP-hard.

Proof. To prove the NP-hardness of the problem, we are
going to prove that there’s a polynomial time reduction from
the Multi-dimensional Multi Knapsack Problem (MKP) that’s
known to be strongly NP-hard problem [36].

The MKP is the multi-dimensional extension of the Knap-
sack problem where we have multiple knapsacks (bags) in-
stead of just one and each item has more than one dimension.
The goal is to maximize the total value of items distributed
across multiple knapsacks without exceeding the capacity of
any of them across all dimensions.

The MKP problem can be formulated as follows:

maximize
n∑

i=1

m∑
j=1

vj · xij (8)

subject to:
m∑
j=1

w
(k)
j · xij ≤ C

(k)
i , ∀i, ∀k (9)

xij ∈ {0, 1}, ∀i ∀j (10)

Where:
• n is the number of knapsacks.
• m is the number of items.
• xij is a binary variable indicating whether item j is

placed in knapsack i (xij = 1) or not (xij = 0).
• vj is the value of item j.
• w

(k)
j is the weight of item j across the k-th dimension.

• C
(k)
i is the capacity of knapsack i across the k-th

dimension.
First, since vj > 0, there must be a p-dimensional vector

u ∈ Rp such that
vj = ||u||

An example of such vector is u =


vj
0
.
.
.
0


Hence, 8 is equivalent to:

minimize


−
∑n

i=1

∑m
j=1 vj · xij

0
.
.
.
0


subject to the same constraints.

Second, item j can be mapped to a pod j and knapsack
i can be mapped to worker node i. The weight of item j
across the k-th dimension can be mapped to k-th resource
type demands of pod j.

This process of mapping can be done in polynomial time as
finding the vector u can be done in polynomial and we have
a one-to-one mapping of the constraints.

Therefore the MKP problem can be reduced in polynomial
time to the pod scheduling problem which makes the pod
scheduling problem an NP-hard problem.

IV. METHODOLOGY AND SYSTEM ARCHITECTURE

To solve the scheduling problem formulated in the previous
section, we propose a novel Kubernetes system, as illustrated
in Figure 1, which outlines the overall system architecture.
The system is designed to address multiple objectives, in-
cluding power consumption optimization, resource utilization
efficiency, and load balancing. It can be decomposed into two
main components:

1) Power Consumption Estimation: This component
models the power consumption of Kubernetes worker
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nodes using node power profiling and machine learning-
based estimation. Accurate power modeling serves as a
foundation for integrating energy efficiency as one of
the optimization objectives.

2) Scheduling Optimization: This component leverages
the power consumption model, along with metrics for
resource utilization to optimize the online scheduling
process. The scheduler aims to balance competing ob-
jectives, such as minimizing energy consumption, maxi-
mizing resource utilization, and ensuring even workload
distribution.

In the following, we detail the implementation of both the
power model estimation and the multi-objective optimization
process for scheduling.

A. Power consumption estimation model
The goal of this step is to find the power model that

accurately estimates the consumption of power with respect
to resource utilization. Since different CPU models exhibit
varying power consumption behaviors depending on their
utilization, factors like hardware architecture, workload char-
acteristics, and environmental conditions further complicate
this relationship. As a result, no universal model exists to map
resource utilization directly to power consumption. This com-
plexity makes it challenging to estimate power consumption
when scheduling a pod with specific resource requirements on
a node. To overcome this, we employ machine learning-based
estimation by collecting real-time power consumption data
and training a machine learning regression model to predict
power usage using CPU utilization as the sole input. Focusing
on CPU usage provides a practical and effective method for
power prediction, as CPU utilization is both readily avail-
able and continuously monitored in Kubernetes environments.
While many established works affirm that CPU utilization
is the most significant and readily measurable predictor of
power consumption, with large-scale studies demonstrating
a strong correlation between CPU load and system power
draw in data center servers [37], [38], we acknowledge that
other factors such as memory access patterns, disk I/O, and
network activity can also contribute to total power usage,
particularly in heterogeneous workloads. Our current model
leverages CPU utilization as the primary feature because of
its dominant impact and low overhead for runtime monitoring,
which enables efficient, online power estimation [39], [40].
Nevertheless, the proposed framework is designed to be exten-
sible: additional resource-level metrics can be incorporated in
future iterations to further refine prediction accuracy in more
complex deployment scenarios.

To collect the training data, we deploy Kepler2 power
monitoring tool in the cluster alongside Prometheus3. Kepler,
continuously extracts power-related metrics from the nodes
and stores them in Prometheus as time series data. As illus-
trated in Fig. 1, (1) whenever a new node joins the cluster

2Kepler (Kubernetes-based Efficient Power Level Exporter) is a Prometheus
exporter. It uses eBPF to probe CPU performance counters and Linux kernel
tracepoints, https://sustainable-computing.io/

3Prometheus is a monitoring system & a time series database,
https://prometheus.io/

via a join request to the API server, a custom node power
profiling controller is triggered (2) to configure and deploy
stress-ng4 pod that stresses the CPU by consuming all the
allocated CPU for a specific profiling period. The controller
also adds some affinity rules to the pod configuration in order
to make sure that this pod gets scheduled onto that specific
node (3). Also it cordons the node to make it unschedulable to
ensure that no additional workloads interfere with the power
measurement, providing a controlled environment for accurate
power profiling.

The configuration generated by the controller configures
CPU utilization levels between 0% and 100%, with a fine-
grained step of 0.5% at each CPU stressing cycle, the next
cycle begins whenever the pod terminates. Each utilization
level is maintained for one minute to ensure that Kepler power
consumption extraction procedure finishes, hence, ensuring
accurate and consistent power measurement. The cycle is
repeated k number of times an averaged to reduce the variance
of the dataset [41]. The chosen step size of 0.5% reflects
the continuous nature of CPU usage and allows the model to
capture variations in power consumption. Even slight changes
in CPU utilization can lead to measurable differences in
power consumption, particularly at higher utilization levels,
making this granularity necessary for constructing a precise
and representative dataset. Kepler continuously collects energy
consumption-related metrics of the cluster (4). This data is
being exported to Prometheus (5).

After collecting the data, the training procedure starts (6).
We experimented with various regression models, including
linear regression, random forests, support vector regressors,
and neural networks. The experimental results (detailed in
section V) demonstrated that Random Forests model [42]
provides the most accurate power consumption estimates
among the tested models. The superiority of this model is its
ability to capture very complex patterns in data and also it high
generalization capabilities even with limited datasets [43]. The
trained model is saved into a model registry (7) that keeps
track of the node and its power mode. (8) After a successful
model training, the controller is notified to uncordon the node
and make it schedulable again (9).

At the end of this stage, we have a model that is able to
estimate the power consumption of each node which plays a
crucial during the scheduling cycle as it enables building a
power-aware scheduler.

B. Scheduling step

In this second step, arriving pods are dynamically assigned
to worker nodes using Filter-Score pattern. We developed
a new scoring plugin, PowerAware, which employs multi-
objective optimization to select the most suitable worker node
for each pod. The plugin optimizes three competing objec-
tives: resource load balancing (workload efficiency), minimiz-
ing resource fragmentation, and reducing power consumption.
These goals often conflict; for example, prioritizing load
balancing may increase resource wastage or lead to higher
power consumption. To address this, the scoring mechanism

4CPU stressing tool, https://github.com/ColinIanKing/stress-ng

https://sustainable-computing.io/
https://prometheus.io/
https://github.com/ColinIanKing/stress-ng
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Figure 1: Kubernetes power-aware scheduling framework workflow

balances these objectives using predefined weights, ensuring
adaptability to varying system requirements. For this the
plugin two optimizers:

1) Heuristic optimizer based on TOPSIS algorithm: The
algorithm transforms the multi-objective problem into
a single-objective optimization using a weighted scalar-
ization technique, ranking nodes based on their proxim-
ity to the ideal solution.

2) Meta-heuristic-based optimizer (NSGA-II): Which di-
rectly tackles the multi-objective problem, employing a
genetic algorithm enhanced with custom crossover and
mutation operators to efficiently explore and identify
Pareto-optimal solutions (solutions where improving
one objective would compromise another).

C. Scheduling optimization using TOPSIS

TOPSIS-based scheduling, as depicted in Fig. 2, operates
by evaluating worker nodes based on their CPU and memory
usage, as well as their power model, Pi estimated using the
procedure described in IV-A. Once a pod is submitted to the
queue, the scheduler runs a filtering phase that executes a set
of predicates, such as PodFitsResources to make sure that the
pod can fit the resources available in that node.

The filtering phase outputs a set of candidate nodes N that
enter the scoring phase that executes TOPSIS workflow. Given
the set of objectives and a set of preferences or weights for
each objective, the framework identifies the optimal node that
is closest to the ideal solution which represents a theoretical
optimal solution where all objectives achieve their best pos-
sible values and furthest from the worst solution, opposite to
the ideal solution, where all criteria are at their least desirable
values. The weights reflect the relative importance of each
objective in the optimization process. It is important to note
that the algorithmic steps used in this section follow the
classical TOPSIS formulation introduced by [19]. In our work,
these formulas are not newly invented but are adapted to the
scheduling objective.

Figure 2: Kubernetes power-aware scheduling workflow with TOPSIS

a) Decision matrix construction: The algorithm begins
by constructing a decision matrix whenever a new pod comes,
where rows represent the alternative solutions (i.e., the worker
nodes), and columns represent the objectives to optimize. Each
objective is classified as either a benefit objective, which
should be maximized, or a cost objective, which should be
minimized. We denote the set of benefit criteria by B and the
set of cost criteria by C. Formally, the set of objectives O is
defined as: O = B ∪ C.

Let A be the decision matrix where ai,j represents the value
of alternative (i.e., work node) i ∈ N for objective j ∈ O:

A =


a11 a12 . . . a1p
a21 a22 . . . a2p

...
...

. . .
...

an1 an2 . . . amp


, where

• n: The number of alternatives, which represents the
number of worker nodes available for scheduling.

• p: The number of objectives.
• O: The set of objectives as formulated in III.

b) Normalization: The next step is to normalize the
columns of the matrix A to make the objectives comparable.
The normalized decision matrix R is obtained by:
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rij =
ai,j√∑p
i=1 a

2
i,j

R =


r11 r12 . . . r1n
r21 r22 . . . r2n

...
...

. . .
...

rm1 rm2 . . . rmn


c) Weighted Normalized Decision Matrix: Each objec-

tive is assigned a weight, wj , based on its relative importance
defined by an expert. The weighted normalized value vij is
calculated as:

vij = wj × rij

Where wj ∈ [0, 1] and
∑n

j=1 wj = 1.
Thus, the weighted normalized decision matrix V becomes:

V =


v11 v12 . . . v1n
v21 v22 . . . v2n

...
...

. . .
...

vm1 vm2 . . . vmn


d) Determine the Ideal and Negative-Ideal Solutions:

In the TOPSIS method, the ideal and negative-ideal solutions
serve as benchmarks, representing the best and worst possible
outcomes for each criterion. These solutions are used to rank
alternatives based on how close they are to the ideal and how
far they are from the negative-ideal.

• Ideal Solution S+: This solution consists of the best
values for each objective. For benefit objectives (where
higher values are preferable), it takes the maximum value
across all alternatives. For cost objectives (where lower
values are better), it selects the minimum value:

S+ = (max(vij) | j ∈ B, min(vij) | j ∈ C)

where vij is the value of the j-th objective for the i-
th alternative. This represents an optimal state for all
objectives.

• Negative-Ideal Solution S−: This solution is composed
of the worst values for each criterion. For benefit objec-
tives, it takes the minimum value across all alternatives,
while for cost objectives, it selects the maximum value:

S− = (min(vij) | j ∈ B, max(vij) | j ∈ C)

The negative-ideal solution represents the least favorable
outcome for all objectives.
e) Distance from the Ideal and Negative-Ideal Solutions:

For each alternative solution i, the Euclidean distance from the
ideal and negative-ideal solutions is calculated as follows:

• Distance from the Ideal Solution D+
i :

D+
i =

√√√√ n∑
j=1

(vij −A+
j )

2

• Distance from the Negative-Ideal Solution D−
i :

D−
i =

√√√√ n∑
j=1

(vij −A−
j )

2

f) Relative Closeness to the Ideal Solution: The relative
closeness of alternative i to the ideal solution is given by:

C∗
i =

D−
i

D+
i +D−

i

where 0 ≤ C∗
i ≤ 1. The closer C∗

i is to 1, the better the
alternative.

The pod is scheduled on the node with the highest relative
closeness. Algorithm 1 summarizes these steps.

Algorithm 1 Power-aware scheduling with TOPSIS Optimiza-
tion
Input: Queue of arriving pods Q, Set of worker nodes N ,

Objectives weights vector w
foreach pod ∈ Q do

// Create decision matrix for the
current pod p across all candidate
nodes

A← CREATEDECISIONMATRIX(pod,N )
// Normalize the decision matrix
R← NORMALIZE(A)
// Apply weights to the normalized

matrix
V← APPLYWEIGHTS(R, w)
// Calculate ideal and negative-ideal

solutions
S+ ← IDEALSOLUTION(V)
S− ← NEGATIVEIDEALSOLUTION(V)
// Compute separation from ideal and

negative-ideal solutions
D+ ← CALCULATEDISTANCE(V, S+)
D− ← CALCULATEDISTANCE(V, S−)
// Determine relative closeness to the

ideal solutions
C∗ ← CLOSENESS(D+, D−)
// Find node with highest relative

closeness
x∗ ← ARGMAX(C∗)
// Schedule pod p on the node with

highest relative closeness x∗

SCHEDULEPOD(pod, x∗)

D. Scheduling optimization using multi-objective genetic al-
gorithms

This section explains how a multi-objective genetic algo-
rithm (NSGA-II) optimizes online scheduling. We first present
the solution encoding and custom variation operators, then
describe their integration into NSGA-II.

A multi-objective genetic algorithm maintains a population
of candidate solutions and iteratively improves them across
generations via three main operators: selection, crossover, and
mutation.

a) Encoding.: A solution (individual) for pod j is a
vector I(j) ∈ {0, 1}|N | where xij = 1 if pod j is assigned to
node i and 0 otherwise; thus

∑|N |
i=1 xij = 1:

I(j) = [x1j , x2j , . . . , x|N |j ].
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To simplify crossover and mutation while preserving feasibil-
ity, we relax I(j) to a probability vector ˜I(j) ∈ ∆|N |−1 on
the simplex ∆|N |−1 = {z ∈ R|N |

≥0 :
∑|N |

i=1 zi = 1}, where x̃ij

denotes the probability of assigning pod j to node i.
b) Population generation (sampling strategy).: Because

individuals live on the simplex, we initialize the population
P0 by sampling from a Dirichlet distribution:

P0 = { Ĩ(j)1 , Ĩ
(j)
2 , . . . , Ĩ

(j)
S }, Ĩ(j)s ∼ Dir(α), s ∈ {1, . . . , S},

where S is the population size and Dir(α) is the Dirichlet
distribution with parameter α = (α1, . . . , αK), αi > 0.
Sampling from Dir(α) guarantees feasible individuals at
initialization (non-negativity and unit-sum) without projection
or repair. Moreover, α is a hyperparameter used to steer
diversity and sparsity: αi = 1 yields uniform exploration;
αi < 1 encourages sparse (few-node) allocations; αi > 1
favors well-spread allocations.

After evaluation, we perform the reverse relaxation opera-
tion as given by Eq. 11 to get the index k at which the entry
is 1. The index k is used as a row index of the decision matrix
to get the value of the solution. Algorithm 2 summarizes this
step.

xkj = 1 where k = argmax(Ĩ(j)), and xij = 0 ∀i ̸= k
(11)

c) Selection strategy: For the selection strategy, we use
Tournament Selection, where a random subset of individuals
is selected, and the individual with the highest fitness from
that subset is chosen as a parent. This process is repeated to
select pairs of parents for the next generation. The tournament
size t is typically set to 2 or 3. The procedure is as follows:

• Randomly select t individuals from the population.
• The individual with the highest fitness among these t

individuals is selected as a parent.
• Repeat the process for the second parent.
The motivation behind choosing this method is that it

ensures diversity in the population while maintaining a focus
on high-fitness individuals for reproduction.

d) Crossover strategy: For crossover, our strategy in-
volves generating offspring from two parents by randomly
averaging the probabilities of the two parents.

Let the two parents be represented as:

pk = [x̃1j , x̃2j , . . . , ˜x|N j|], pk′ = [x̃1j
′, x̃2j

′, . . . , ˜x|N |j
′]

For each gene i, the offspring c is generated as convex
combination of the genes of its parents, as follows:

ckk′ =


λ x̃1j + (1− λ) x̃′

1j

λ x̃2j + (1− λ) x̃′
2j

...
λ x̃|N |j + (1− λ) x̃′

|N |j

 (12)

Where:
• ckk′ is the resulting child after crossover operation be-

tween parents pk and pk′ .
• λ is a mixing factor that represents the contribution of

each parents in child’s genes. The operation is illustrated
in Fig. 3.

Because each individual is a probability vector on the
simplex, taking a convex combination of two parents with a
mixing factor λ keeps the offspring feasible (non-negative en-
tries that sum to one) without any repair. It is also lightweight
and tunable: sampling λ ∈ [0, 1] balances exploration and
exploitation while avoiding extra normalization steps, which
is important for online scheduling latency.

Figure 3: Crossover operation

e) Mutation strategy: The chosen mutation strategy is
a swap mutation, which modifies individuals by randomly
swapping two elements in their probability vectors.

For each individual Ĩ(j) in the population, two indices, i1
and i2, are randomly chosen from the probability vector, and
the values at these indices are swapped:

Ĩ(j)[i1]↔ Ĩ(j)[i2]

Fig 4. depicts a visual diagram for the proposed mutation
operation.

The proposed mutation maintains population diversity by
altering the order of genes in each individual’s probability
vector, without changing its overall distribution. Although
the resulting population may not immediately yield high-
quality solutions, iterating this process ultimately guides the
population toward the Pareto front.

Figure 4: Mutation operation

f) Fitness function: The fitness function describes how
good a solution is. For a solution Ĩ(j), we perform the reverse
relaxation operation to obtain I(j) as given by Eq. 11.

Algorithm 2 Fitness function

Input: Decision matrix of pod j, X(j), Individual Ĩ(j)

Output: Objective value v
k ← argmax(Ĩ(j))
v ← X(j)[k, :]

return v

g) Non-Dominated Sorting Genetic Algorithm II:
NSGA-II is a widely used genetic algorithm for multi-

objective optimization, leveraging non-dominated sorting,
crowding distance, and elitism to guide candidate solutions
toward an optimal Pareto front.
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Algorithm 3 NSGA-II-based scheduling
Input: Set of nodes N , Set of pods M, Population size S,

Maximum number of generations Gmax
.
for p ∈M do

A(p) ← CREATEDECISIONMATRIX(p,N )
P0 ← INITIALIZEPOPULATION(S) 1
EVALUATEPOPULATION(P0, A(p)) 2
t← 1
while t ≤ Gmax do

Ft ← NONDOMINATEDSORTING(Pt) 3
Dt ← CROWDINGDISTANCE(Ft) 4
Pparents,t ← PARENTSELECTION(Ft, Dt) 5
Ct ← CROSSOVERANDMUTATION(Pparents,t) 6
Ct ← EVALUATEPOPULATION(Ct, A

(p)) 7
Rt ← Pt ∪ Ct 8
Bt ← NONDOMINATEDSORTING(Rt)
Pt+1 ← SELECTNEXTGENERATION(Bt, N)
t← t+ 1

// Select node from Pareto-front
x∗ ← SELECT(Pt+1)
SCHEDULEPOD(p, x∗)

Non-dominated sorting groups solutions into groups called
fronts, each front contains those solutions that are dominated
only by the previous front. The crowding distance is used
to maintain diversity within the population, as less crowded
regions are more preferred over crowded regions. NSGA-II is
employed to optimize the objective function F in an online
manner as the pods arrive. The NSGA-II algorithm described
in Alg. 3 operates through a series of steps to reach the optimal
Pareto front solutions in our multi-objective optimization.

First, the algorithm begins by generating an initial popula-
tion 1 which involves randomly assigning probabilities for
scheduling pods to nodes using a Dirichlet distribution. Each
individual represents a probability distribution where entries
signify the likelihood of each pod being assigned to a specific
node. Next, the population is evaluated 2 , in which the
objective values for each individual such as power consump-
tion, resource fragmentation, and load balancing using the
decision matrix A(p) that contains the value of each possible
assignment. Then, non-dominated sorting step 3 ranks the
population Pt based on Pareto dominance, dividing it into
different non-dominated fronts. This ensures that individuals
with the lowest number of dominations are ranked higher. To
maintain diversity within these fronts, the crowding distance
of the resulting population Ft 4 is calculated, which assigns
a crowding distance value to each solution, favoring those
located in less crowded regions of the solution space. Once
the population has been ranked and distances computed, parent
selection using the binary tournament selection method is
invoked to select parents for crossover, prioritizing individuals
based on their dominance and crowding distance 5 . The
selected parents undergo crossover and mutation using our
custom strategies 6 . These offspring are evaluated 7 , and
the parent and offspring populations are combined using 8 .

The combined population is sorted again, and finally, the
top individuals are selected based on their Pareto rank and
crowding distance 9 , ensuring the best solutions survive to
the next generation. This process repeats until the maximum
number of generations is reached, resulting in a set of Pareto-
optimal solutions, representing balanced trade-offs between
the competing objectives. We select a node x∗ from the Pareto-
front that was found and schedule the pod p to it.

h) Exploration–Exploitation and Selection Pressure: In
the proposed NSGA-II-based optimizer, exploration is pro-
moted through random initialization of the population using
a Dirichlet distribution and the stochastic nature of crossover
and mutation operators, which generate diverse candidate as-
signments. Exploitation is achieved through selection pressure,
enforced by binary tournament selection, non-dominated sort-
ing, and crowding distance ranking, which iteratively guide the
population toward the Pareto front. This moderate selection
pressure ensures that high-quality solutions are favored while
maintaining diversity to prevent premature convergence. In
contrast, the TOPSIS-based optimizer is primarily determin-
istic and focuses on exploitation, selecting the node with the
highest proximity to the ideal solution based on the weighted
objective matrix. While this ensures consistent convergence
toward a single optimal solution under the given weights, it
limits exploration of alternative trade-offs between objectives.

i) Time Complexity Analysis: We analyze worst-case
time complexity per scheduling decision (i.e., per pod). Let
N be the set of nodes and let Ncand ⊆ N be the subset
remaining after the filtering step. Let O be the set of objectives
and S the population set. Constructing the decision matrix
over Ncand, column-wise normalization, weighting, com-
puting ideal/negative-ideal points, and evaluating Euclidean
distances and relative closeness each take O(|Ncand| |O|),
yielding an overall O(|Ncand| |O|).

For the NSGA-II–based scheduler, each generation per-
forms fast non-dominated sorting in O(|O| |S|2), crowding-
distance assignment in O(|O| |S|log|S|), and selection,
crossover, mutation in O(|S|). Thus the total per-pod com-
plexity is O(G |O| |S|2).

Consequently, the TOPSIS-based scheduler is linear in both
|Ncand| and |O|, making it suitable for real-time placement,
whereas NSGA-II is quadratic in |S| and aims for higher-
quality Pareto trade-offs and benefits from parallelism for
large |S|.

V. EXPERIMENTATION

In this section, we are going to describe the experimentation
setup and results for our proposed work. We first present the
evaluation results of the power estimation machine learning
model. Then, we present the results of the proposed multi-
objective scheduling algorithms and compare them to the
default scheduler under different scenarios.

A. Power model experimentation

We collect a training dataset of a Kubernetes node using
the approach discussed in section [IV-A. The node is equipped
with 4 vCPUs Intel(R) Core(TM) i5-8250U CPU @ 1.60GHz
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Figure 5: Node 1 power consumption Figure 6: Node 2 power consumption Figure 7: Node 3 power consumption

Figure 8: Model comparison

and 8GB of RAM. Figure 5 depicts power consumption of
this node with respect to CPU utilization level. To further test
robustness of the machine learning model that we developed,
we create two synthetic power consumption datasets based
on logarithmic [44] and exponential [45] power consumption
models with some added noise which are presented in figures
6 and 7.

The training dataset for each node consisted of approxi-
mately 200 samples, generated by varying CPU utilization
from 0% to 100% in steps of 0.5%. The dataset was split
using an 80/20 ratio for training and testing, respectively. The
hyperparameters for the evaluated machine learning models
were as follows:

• Random Forest: 100 estimators, no maximum depth limit,
and a fixed random state for reproducibility.

• Gradient Boosting & XGBoost: 100 estimators with a
learning rate of 0.1.

• Neural Network (DNN): A multi-layer perceptron with
two hidden layers (64 and 32 neurons, ReLU activation),
trained for 100 epochs using the Adam optimizer.

• Support Vector Regressor (SVR): Default Radial Basis
Function (RBF) kernel.

• Linear Regression: No specific hyperparameters.

We experimented with various machine learning models and
evaluated them using the Mean Squared Error (MSE), as it
is well-suited for regression problems. The MSE measures
the average squared difference between predicted and actual
values, with lower MSE values indicating better performance
of the model. Table III summarizes the MSE results for various
machine learning models across all nodes. The results clearly
show that Random Forests outperformed all other models,
achieving the lowest MSE values for all nodes.

Figure 8 provides a visualization of the prediction results of
the various models on the test dataset for each node. It can be
seen that tree-based ensemble models, such as Random Forests
and Gradient-boosting methods perfectly fit the testing dataset
with superior performance of the Random Forests model.

These results highlight the strength of Random Forests in
capturing complex patterns across all nodes, owing to its en-
semble structure, which combines multiple decision trees for
robust predictions. Meanwhile, models like Linear Regression
and Neural Networks struggled, likely due to their limitations
in handling non-linearities and the high data demands of
Neural Networks. Therefore, Random Forests model will be
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TableIII:MeanSquaredError(MSE)ofmodelsacrossnodes.

RandomForest GradientBoosting XGB NeuralNets(DNN) SVR LinearReg.

Node1 32.499 72.205 85.111 174.553 9146.598 13979.716

Node2 538.690 647.410 555.771 821.216 6916.651 2548.945

Node3 152.927 154.189 186.683 1093.259 2587.034 1449.659

TableIV:Nodespeciicationsandassignedpowermodels.

Node Tier PowerEficiency vCPUs RAM(GB) Pidle(W) Pmax (W) Power Model

Node1 High-Tier Eficient 32 128 50 200 Exponential:P(u)=Pidle+(Pmax−Pidle)u
2

Node2 High-Tier Ineficient 32 128 70 250 Linear:P(u)=Pidle+(Pmax−Pidle)u

Node3 Mid-Tier Eficient 16 32 40 150 Exponential:P(u)=Pidle+(Pmax−Pidle)u
2

Node4 Mid-Tier Eficient 16 32 45 160 Exponential:P(u)=Pidle+(Pmax−Pidle)u
2

Node5 Mid-Tier Ineficient 16 32 50 170 Linear:P(u)=Pidle+(Pmax−Pidle)u

Node6 Mid-Tier Ineficient 16 32 55 180 Linear:P(u)=Pidle+(Pmax−Pidle)u

Node7 Low-Tier Eficient 4 16 20 80 Logistic:P(u)=Pidle+(Pmax−Pidle)(1+e
−u)−1

Node8 Low-Tier Eficient 4 16 25 90 Logistic:P(u)=Pidle+(Pmax−Pidle)(1+e
−u)−1

Node9 Low-Tier Ineficient 4 16 30 100 Linear:P(u)=Pidle+(Pmax−Pidle)u

Node10 Low-Tier Ineficient 4 16 35 110 Linear:P(u)=Pidle+(Pmax−Pidle)u

usedtoestimatepowerconsumptiongivenautilizationlevel
inourproposedpower-awarescheduler.
a)Discussion: Acrossall nodes, Random Forests

emergedasthe mostaccurate model,consistentlyachiev-
ingthelowest MSE.Ensemble methods,includingRan-
domForests,GradientBoosting,andXGBoost,demonstrated
stronggeneralizationcapabilities,makingthemwell-suitedfor
thistypeofregressiontask.NeuralNetworksshowedcom-
petitiveperformance,effectivelymodelingcomplexpatterns
inthedata,althoughtheiraccuracywasslightlylowerthan
thatoftheensemblemethods.TheresultssuggestthatNeural
Networkscouldbeneitfromadditionalhyperparametertuning
oralargerdatasettofullyrealizetheirpotential.Incontrast,
SupportVector MachinesandLinearRegressionwereless
effective,astheyarelesssuitedfortaskswithlimiteddata
andthelattercan’thandlenonlineardependencies.
Theseindingsprovetheimportanceofselectingmodels

thatbalanceaccuracy,complexity,andadaptabilitytothe
dataset’scharacteristics.RandomForestsandotherensemble
methodsstandoutashighlysuitablechoicesforpoweres-
timationtasksinheterogeneousenvironments,whileNeural
Networksofferapromisingalternative,particularlyinscenar-
ioswheretheirstrengthscanbemaximized.

B.Schedulerexperimentationsetup

OurschedulerispresentedasaKuberentesplugin.The
pluginhasbeendevelopedwithGolanguage5usingthe
oficialscheduler-plugins6project.
TableIVoutlinesthespeciicationsofthe Kubernetes

clusternodesusedinourexperimentation.Theclusteris
composedof10nodes,categorizedintothreetiers:high-
tier, mid-tier,andlow-tier,relectingadiverserangeof
computationalcapacitiesandpowereficiency.Thisdiversity
isintroducedtoemulaterealisticcloudenvironments,where
clustersoftenconsistofheterogeneousnodeswithvarying
resourcecapabilitiesandenergyeficiency.Below,weexplain
therationalebehindtheselectionofnodespeciications:

5https://go.dev/
6https://github.com/kubernetes-sigs/scheduler-plugins

a)Tiercategorization:

• High-Tier Nodes: These nodes represent high-
performancemachinescommonlyfoundinproduction
environmentsforhandlingcompute-intensivetasks.One
nodeisconiguredaspower-eficient,relectingmodern
energy-optimizedhardware, whiletheotherisless
eficienttosimulatelegacysystems.Thesenodeshave
32vCPUsand128GBofRAM,ensuringsuficient
computationalpowerfordemandingworkloads.

• Mid-Tier Nodes:Thesenodesrepresentthe majority
of machinesinatypicalcluster,balancingcomputa-
tionalpowerandenergyconsumption.Theconigurations
(16vCPUs,32GBofRAM)representatypicalmid-
dlegroundbetweenhigh-performanceandlow-resource
nodes.Tocapturevariability,twonodesarepower-
eficient,whiletwoarenot.

• Low-TierNodes:Thesenodesrepresentedgedevicesor
olderhardwarewithlimitedresources(4vCPUs,16GB
ofRAM).Theyareincludedtostudyhowscheduling
algorithmshandleconstrainednodesandtoevaluate
energyeficiencyinresource-scarceenvironments.

b)Powermodel:Theclusterincludesnodesclassiiedas
eithereficientorineficient,withineachtier,relectingdiffer-
encesinhardwarearchitecturesandpowermanagementtech-
nologies.Eficientnodesrepresentmodernsystemsequipped
withenhancedpower-savingfeatures,whileineficientnodes
simulatelegacyhardwarethatconsumes moreenergyfor
similarworkloads.Thepowerconsumptionvaluesforeach
nodearegeneratedusingthemachinelearningmodeltrained
afterproilingproceduredescribedearlierinsectionIV-A.
c)Diversitytomitigatebias:Theheterogeneityofthe

clusterisdesignedtocaptureanypotentialbiasesinthe
schedulingalgorithmsandtoensureafaircomparisonamong
schedulers.Byincludingnodeswithvaryingresourcecapabil-
itiesandpowereficiencylevels,weevaluatehowwelleach
scheduleradaptstoawiderangeofconditions.Thissetup
providesarobustplatformtoassessperformance,fairness,
andadaptabilityacrossdiverseschedulingscenarios.Wesetup
threeexperimentalscenarios.Intheirstscenario,wesubmita
smallworkloadof50pods,eachwithvaryingcomputational

https://go.dev/
https://github.com/kubernetes-sigs/scheduler-plugins
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requirements, to establish a baseline for efficiency comparison.
In the second scenario, we increase the workload up to 100
pods. Finally, we submit a heavy workload of 500 pods with
varied requirements to assess the system’s robustness under
higher demand. Additionally, we model the stochastic nature
of pod arrivals in real systems as a Poisson process with a
constant rate λ = 10 of 10 pods per time unit.

To enable a custom scheduler in Kubernetes, we need to
create a new scheduler profile and provide the configurations
needed by our plugin. Our scheduler profile named power-
aware-scheduler is presented in listing 1.

1 kind: KubeSchedulerConfiguration
2 apiVersion: kubescheduler.config.k8s.io/v1
3 clientConnection:
4 kubeconfig: kubeconfig.yaml
5 profiles:
6 - schedulerName: power-aware-scheduler
7 plugins:
8 multiPoint:
9 enabled:

10 - name: PowerAware
11 pluginConfig:
12 - name: PowerAware
13 args:
14 kind: PowerAwareArgs
15 apiVersion: kubescheduler.config.k8s.io/v1
16 optimizer: Topsis
17 powerCriteria:
18 weight: 0.5
19 type: Cost
20 cpuLBCriteria:
21 weight: 0.1
22 type: Cost
23 memLBCriteria:
24 weight: 0.1
25 type: Cost
26 podLBCriteria:
27 weight: 0.1
28 type: Cost
29 cpuFragmentationCriteria:
30 weight: 0.1
31 type: Cost
32 memFragmentationCriteria:
33 weight: 0.1
34 type: Cost

Listing 1: Kubernetes Scheduler Configuration for TOPSIS-based Power-Aware
Scheduling

The configuration profile presented in listing 1 activates
the custom PowerAware plugin and defines the criteria used
for scheduling decisions. Each criterion maps to an objective
and comprises two attributes: weight and type. The weight
attribute, employed during the weighting phase of the TOPSIS
decision matrix and determines the relative importance of each
criterion, with power consumption assigned a high priority in
this testing scenario. Meanwhile, the type attribute specifies
whether a criterion is a Cost, which the scheduler aims to
minimize, or a Benefit, which the scheduler seeks to maximize.

1 kind: KubeSchedulerConfiguration
2 apiVersion: kubescheduler.config.k8s.io/v1
3 clientConnection:
4 kubeconfig: kubeconfig.yaml
5 profiles:
6 - schedulerName: power-aware-scheduler
7 plugins:
8 multiPoint:
9 enabled:

10 - name: PowerAware
11 pluginConfig:
12 - name: PowerAware
13 args:
14 kind: PowerAwareArgs
15 apiVersion: kubescheduler.config.k8s.io/v1
16 optimizer: Nsga2
17 populationSize: 100
18 numGenerations: 20
19 powerCriteria:
20 type: Cost
21 cpuLBCriteria:
22 type: Cost
23 memLBCriteria:
24 type: Cost
25 podLBCriteria:
26 type: Cost
27 cpuFragmentationCriteria:
28 type: Cost
29 memFragmentationCriteria:
30 type: Cost

Listing 2: Kubernetes Scheduler Configuration for NSGA-II-based Power-Aware
Scheduling

Indeed, the criteria defined for our plugin map to the
dimensions of our objective function defined in 7:

• powerCriteria: A cost criterion, is assigned the highest
weight, indicating the priority to minimize power con-
sumption during scheduling.

• cpuLBCriteria: It is a cost criterion that encourages
the scheduler to select nodes so that to maximize CPU
load balancing (as load balancing factor is formulated as
coefficient of variation, so a lower value indicates better
load balancing).

• memLBCriteria: Similar to cpuLBCriteria but for mem-
ory.

• podLBCriteria: Similar to cpuLBCriteria and memL-
BCriteria but for pod counts as it encourages the sched-
uler to evenly distribute the pods accross the cluster in
terms of number of pods per nodes.

• cpuFragmentationCriteria and memFragmentationCrite-
ria are defined as cost criteria to promote bin packing,
with the goal of optimizing resource utilization by reduc-
ing resource fragmentation.

.
The optimizer used during the scheduling phase can be

configured by setting the optimizer field in the scheduler
configuration. Selecting Topsis enables TOPSIS-based opti-
mization, prioritizing solutions based on their proximity to
ideal and nadir solutions. Alternatively, setting the field to
Nsga2 activates NSGA-II-based optimization, as shown in
listing 2 that sets the population size and the number of
generation of the genetic algorithm.

d) Scheduling Algorithm Hyperparameters: The pro-
posed schedulers were configured with the following param-
eters:

• TOPSIS-Based scheduler: The weight vector
for the objectives was set to prioritize energy
efficiency: w = [0.5, 0.1, 0.1, 0.1, 0.1, 0.1] for
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Figure 9: Performance comparison between different schedulers

[P,Lcpu, Lmem, Lpod, F cpu, Fmem] respectively. These
weights are policy parameters; operators can adjust w to
reflect cost, fairness, or performance priorities without
changing the scheduler implementation.

• NSGA-II-based scheduler: The parameters were selected
via a small grid search to balance Pareto-set quality and
online per-pod scheduling latency. We swept population
size {64, 100, 128}, generations {10, 15, 20, 30}, tour-
nament size {2, 3, 4}, crossover probability {0.8, 1.0},
and mutation probability {0.05, 0.1, 0.2}, and chose the
configuration that minimizes inverted generational dis-
tance. The final setting is: population size S = 100,
number of generations Gmax = 20, tournament size = 2,
crossover probability = 1.0, mutation probability = 0.1.
The mixing factor λ used in Eq. 12 is drawn uniformally
at random λ ∼ U(0, 1) and α parameter of the Dirichlet
distribution is set to 1.

C. Scheduler experimentation results

This section presents an in-depth analysis of the compara-
tive performance of our proposed ML-TOPSIS-based and ML-
NSGA-II-based scheduler algorithms that use a node-specific
power estimation model using machine learning against base-
line schedulers such as the default scheduler and the scheduler
proposed in [16] that incorporates a linear power model for
the worker nodes based on CPU utilization level that we will
name the LP-TOPSIS scheduler (LP for linear power), as

shown in Fig. 9. The analysis covers the primary metrics: CPU
load balancing factor, memory load balancing factor, pod load
balancing factor, average power consumption (W), average
CPU fragmentation and average memory fragmentation in
different experiments.

a) Resource load balancing optimization analysis:
The results demonstrate that the default scheduler consis-

tently outperforms the other scheduler in the CPU load balanc-
ing objective, reflecting its inherent design to optimize load
distribution. Our NSGA-II-based scheduler (ML-NSGA-II),
while effective, achieves slightly worse CPU load balancing,
indicating a trade-off with its multi-objective optimization ap-
proach. However, the TOPSIS-based scheduler (ML-TOPSIS)
exhibits poor performance, which can be due to the low weight
attributed to this objective. a similar analysis can be made
about memory and pod count load balancing objective where
the default scheduler outperforms the other algorithms. The
LP-TOPSIS scheduler achieves results similar to our ML-
TOPSIS-based scheduler on this objective.

b) Power consumption optimization analysis: In terms
of average power consumption, our ML-TOPSIS-based sched-
uler consistently gives the most energy-efficient results across
all three experiments, achieving a remarkable 66% reduction
in power consumption. This result can be attributed to the
higher weight assigned to the power consumption objective
in the scheduler profile, prioritizing energy efficiency during
the scheduling process.

The ML-NSGA-II-based scheduler also demonstrated sig-
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nificant energy savings, achieving a 40% reduction in power
consumption. Although slightly less effective than ML-
TOPSIS in terms of absolute energy reduction, ML-NSGA-
II maintains a relatively small average gap of 15.43% from
the best-performing algorithm (ML-TOPSIS) across all exper-
iments. This result underscores NSGA-II’s ability to balance
energy savings with other competing objectives, offering a
robust trade-off strategy in multi-objective optimization sce-
narios and also proves the ability of the node-specific power
model in estimating the true power consumption of worker
nodes.

The LP-TOPSIS-based scheduler exhibits reduction in
power consumption but not as good as our solution, and that
is because the linear power model, which does not reflect the
actual power consumption of the worker nodes.

In contrast, the default scheduler, while optimized for
general load balancing, exhibits higher power consumption,
particularly under high workload conditions. This is a direct
result of its lack of explicit energy-aware mechanisms, which
limits its ability to minimize power usage effectively.

c) Resource fragmentation optimization analysis:
In terms of average CPU and memory fragmentation, the

results indicate distinct differences among the schedulers. The
ML-NSGA-II-based scheduler performs best in minimizing
both CPU and memory fragmentation across all experiments,
improving cluster resource utilization with improvement 74%
for CPU resources and 68% for memory. Our ML-TOPSIS-
based scheduler also shows good performance compared to the
default scheduler with 31% improvement for CPU resources
and 20% for memory, though it does not match the perfor-
mance of ML-NSGA-II. The default scheduler, shows higher
average fragmentation, indicating that its allocation strategies
may lead to more free and unusable resources. The resource
fragmentation measure of the LP-TOPSIS scheduler indicates
performance close but slightly worse than our ML-TOPSIS-
based scheduler.

D. Running time comparison

Figure 10: Running time comparison between different algorithms

Fig. 10 compares the running time of each algorithm with
respect to the number of pods on the cluster of 10 nodes de-
fined in Table IV. At the lower end of the workload size (100
to 200 pods), all three schedulers show minimal differences in

running times. The Default Scheduler demonstrates the fastest
performance, with scheduling time under of 1 second. At this
scale, the computational overhead of both NSGA-II and TOP-
SIS is negligible, with their performance only slightly trailing
behind the default scheduler. As the number of pods increases
beyond 200, more pronounced differences in running time
become evident. The Default Scheduler consistently achieves
the lowest running time, confirming its minimal overhead
and efficiency. Between the two proposed schedulers, TOPSIS
exhibits lower running times than NSGA-II across all larger
workloads, but with minimal gap, demonstrating its compu-
tational advantage. This efficiency stems from its determinis-
tic scoring mechanism, which requires fewer iterations than
population-based evolutionary algorithms. In contrast, NSGA-
II, while effective for multi-objective optimization, incurs
higher computational overhead as the workload scales, clearly
due to its iterative population evaluations and non-dominated
sorting operations. Overall, the results highlight that while the
Default Scheduler remains the most computationally efficient,
TOPSIS offers a favorable trade-off between runtime and
optimization performance, achieving slightly faster execution
than NSGA-II across all workloads. However, this comes at
the expense of solution diversity, as TOPSIS produces a single
ranked solution, whereas NSGA-II explores a broader set of
Pareto-optimal solutions, offering more flexibility for multi-
objective decision making.

E. Cluster-wise scalability analysis

To address the overhead associated with increasing cluster
size, we developed a distributed variant of our NSGA-II-based
scheduler. In this design, the global population of candidate
solutions is partitioned into equal-sized sub-populations, each
of which is assigned to a dedicated worker thread. Every
worker independently executes the evolutionary operator: se-
lection, crossover, and mutation on its local sub-population.
This approach enables parallel fitness evaluation, thereby
significantly reducing execution time compared to the central-
ized version. To avoid premature convergence within isolated
sub-populations, we incorporated a migration mechanism. At
predefined intervals, a small percentage of elite individuals
(e.g., the top r = 10%) are exchanged among sub-populations
following a ring topology. This controlled migration maintains
genetic diversity across workers, ensuring that the distributed
algorithm continues to explore the search space effectively
while preserving solution quality. Synchronization is handled
at the end of each generation to allow workers to exchange
individuals without incurring excessive communication over-
head. The workflow of the distributed NSGA-II is summarized
in Algorithm 4, and show in Fig. 11.

We evaluated the execution time of the distributed NSGA-
II using 4 worker threads for cluster sizes ranging from
100 to 500 nodes, while maintaining a fixed workload of
100 pods. The results, shown in Fig. 12, demonstrate that
the distributed version of the genetic algorithm achieves an
average overhead reduction of 52.8% compared to the cen-
tralized implementation. Importantly, this improvement was
achieved with only a negligible decrease in solution quality
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Figure 11: Distributed NSGA-II execution Figure 12: Cluster-wise scalability analysis

(within 2–3% of the centralized approach), confirming that
our distributed strategy scales effectively without sacrificing
accuracy.

Algorithm 4 Distributed NSGA-II with migration
Input: Population size S, number of thread workers k, max

generations G, migration period M , elite rate r
Output: Final Pareto front

1 Initialize population Pop of size S
2 Partition Pop into k sub-populations
{Pop1, Pop2, . . . , Popk}

3 for g ← 1 to Gmax do
4 for i← 1 to k in parallel do
5 Evaluate fitness of individuals in Popi
6 Apply selection, crossover, and mutation to form

Pop′i
7 Popi ← Pop′i

8 if g mod mig = 0 then
// Migration every mig generations

9 for i← 1 to k do
10 Select top r% elite individuals Ei from Popi

11 for i← 1 to k do
12 Send Ei to worker (i mod k) + 1
13 Receive Ei−1 from worker ((i+k−2) mod k)+1
14 Insert received elites Ei−1 into Popi and trim to

|Popi|=S/k

15 Merge all Popi and perform non-dominated sorting to obtain
the Pareto front

F. Pareto-front analysis

In this section, we study and demonstrate the effective-
ness of the proposed algorithms in identifying Pareto-optimal
points within the pod scheduling optimization problem. In
multi-objective optimization, the Pareto front represents the
set of solutions where no objective can be improved without

compromising at least one other. Algorithm 5 outlines a naive
and brute-force search method for determining the set of
Pareto-optimal points that constitute the Pareto frontier.

Algorithm 5 Pareto Front Search

Input: Decision matrix X ∈ RN×|O|, where N is the number
of solutions and |O| is the number of objectives.

Output: Set of Pareto-optimal solutions P .
16 Initialize: P ← ∅
17 foreach solution y ∈ X do
18 dominated← False
19 foreach solution yp ∈ X , y ̸= yp do
20 if ∀i, yp[i] ≤ y[i] ∧ ∃i, yp[i] < y[i]) then
21 dominated← True
22 Break
23 end
24 end
25 if dominated = False then
26 P ← P ∪ {y}
27 end
28 end
29 return P

We created 1000 nodes in a simulation environment us-
ing the Kubernetes-scheduler-simulator7. Three pods are de-
ployed, and the output solutions by TOPSIS and NSGA-II
algorithms are observed. The reason behind the high number
of simulated nodes is to have a clear visualization of Pareto-
optimal points and demonstrate the ability of the proposed
algorithms to find these solutions.

Figures 13, 14, 15 present visualizations of the search space
and the results of the TOPSIS-based and NSGA-II-based pod
scheduling algorithms. To enable visualization, the dimension-
ality of the objectives was reduced. Load balancing metrics
(CPU, memory, and pod count) were aggregated using their
l2-norm, as well as for resource fragmentation metrics (CPU
and memory). This method preserves the relative contributions

7https://github.com/kubernetes-sigs/kube-scheduler-simulator

https://github.com/kubernetes-sigs/kube-scheduler-simulator
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Figure 13: Pareto-front analysis for Pod 1 Figure 14: Pareto-front analysis for Pod 2 Figure 15: Pareto-front analysis for Pod 3

of individual metrics while simplifying the visualization to
a 3-dimensional space, capturing power consumption, load
balancing, and resource fragmentation.

a) Analysis: We observe that the TOPSIS-based sched-
uler produces a single, well-balanced solution that reflects
the predefined weights assigned to each objective, making it
particularly suitable for scenarios where priorities are well
known and a deterministic outcome is preferred. In contrast,
NSGA-II generates a diverse set of Pareto-optimal solutions,
offering a broad spectrum of trade-off options for decision-
makers. For instance, as shown in the figures, NSGA-II finds
solutions that achieve lower power consumption at the expense
of slightly higher fragmentation, as well as configurations with
more balanced resource utilization but moderate power usage.

This diversity highlights NSGA-II’s strength in exploring
the solution space more extensively, which is particularly
valuable when system administrators need flexibility to adapt
to dynamic workloads or varying energy constraints. On the
other hand, TOPSIS’s single solution provides faster and
simpler decision-making when such flexibility is not required.
Overall, this analysis underscores the complementary nature of
the two approaches: TOPSIS excels in quick, weight-driven
selection, while NSGA-II enables deeper exploration of the
design space for multi-objective trade-offs.

VI. CONCLUSION

In this paper, we presented a two-stage, power-aware
Kubernetes scheduling framework that couples node power
profiling with a machine-learning power estimator trained
on real measurements. The scheduler plugin integrates two
multi-objective strategies: a TOPSIS selector that aggregates
normalized criteria into a single score, and an NSGA-II evolu-
tionary optimizer that jointly considers energy efficiency, load
balancing, and resource fragmentation. A distributed NSGA-II
variant partitions the population across workers to parallelize
fitness evaluation and maintain diversity via lightweight mi-
gration. In evaluation, both approaches outperform the default
Kubernetes scheduler. TOPSIS offers fast decisions and strong
power savings but is limited by fixed weights and scalability
trade-offs; NSGA-II yields more balanced solutions with a
favorable quality–time trade-off, especially in the distributed

setting. The framework is modular and readily extensible to
additional objectives and plugins.

Future work includes: (i) enriching the power model with
other factors such as memory utilization, I/O, and network
usage, (ii) consider online rescheduling and migration driven
by power predictions (iii) topology and latency awareness
via application graphs across the cloud–edge–IoT continuum.
We will also broaden evaluation to per-pod scheduling la-
tency, high-arrival throughput, long-run stability, and adaptive
weighting for responsiveness under diverse workloads.

REFERENCES

[1] A. K. Roy, “Enhancing cloud cost efficiency: A predictive ml approach
for optimized resource allocation based on infrastructure usage and
workload behavior,” International journal of science and research, 2023.

[2] A. K and P. G., “Container-to-fog service integration using the dis-lc
algorithm,” International Journal of Computer Network and Information
Security, 2024.

[3] N. Bhaia, L.-H. Hung, R. Cordingly, and W. Lloyd, “Understanding
container isolation: An investigation of performance implications of
container runtimes,” in Proceedings of the 9th International Workshop
on Container Technologies and Container Clouds, 2023, pp. 7–12.

[4] Z. Wan, D. Lo, X. Xia, and L. Cai, “Practical and effective sandboxing
for linux containers,” Empirical Software Engineering, vol. 24, pp.
4034–4070, 2019.

[5] J. M. Ramavat and K. S. Patel, “Harmonizing heterogeneous
hosts: A strategic framework for docker container placement
optimization,” International Journal of Engineering Trends and
Technology, vol. 72, no. 7, pp. 58–68, 2024. [Online]. Available:
https://doi.org/10.14445/22315381/IJETT-V72I7P106

[6] M. Sureshkumar and P. Rajesh, “Optimizing the docker container usage
based on load scheduling,” in 2017 2nd International Conference on
Computing and Communications Technologies (ICCCT). IEEE, 2017,
pp. 165–168.

[7] S. Hoque, M. S. De Brito, A. Willner, O. Keil, and T. Magedanz,
“Towards container orchestration in fog computing infrastructures,” in
2017 IEEE 41st Annual Computer Software and Applications Confer-
ence (COMPSAC), vol. 2. IEEE, 2017, pp. 294–299.

[8] T. Goethals, F. De Turck, and B. Volckaert, “Extending kubernetes
clusters to low-resource edge devices using virtual kubelets,” IEEE
Transactions on Cloud Computing, vol. 10, no. 4, pp. 2623–2636, 2020.

[9] “The european green deal,” https://commission.europa.eu/
strategy-and-policy/priorities-2019-2024/european-green-deal en,
2024, accessed: 2024.
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