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1 Abstract
In Cloud computing containerized applications are light weight virtualization where good per-

formance , energy efficiency and cost depends on mainly how workloads are distributed and bal-

anced across various swarm nodes , Docker swarm is lightweight design for virtualization, Docker

swarm provides static scheduling methods ,which lacks real time dynamics often leading to im-

balanced CPU usage ,This work introduces a hybrid intelligent load-balancing framework that

combines a Decision Tree (DT)–based cost model with an Adaptive Particle Swarm Optimization

(APSO) algorithm for context-aware, dynamic container placement. The DT component con-

tinuously classifies node state using live telemetry—CPU utilization, memory pressure, and task

density—while APSO adjusts inertia and velocity parameters on the fly to refine the search pro-

cess and mitigate premature convergence, improving performance over conventional PSO. The

framework is implemented on a 1-master/2-worker Docker Swarm cluster running on Ubuntu Vir-

tualBox, instrumented with Prometheus and cAdvisor for detailed monitoring and Grafana for

real-time visualization. A mixed workload comprising CPU-intensive factorial computations and

controlled memory operations are executed under three strategies: the native Swarm scheduler, a

classical PSO-based scheduler, and the proposed DT+APSO model. Analysis of CPU utilization,

memory footprint, variance, and 95% confidence intervals shows that DT+APSO lowers overall

CPU utilization by 18–20% compared to the default Swarm scheduler and 10–12% relative to

standard PSO, while keeping memory usage stable and reducing node-level variance. These gains

translate into energy savings through reduced dynamic CPU power consumption. The modular

design supports seamless integration into existing Swarm deployments and provides a scalable

foundation for future multi-objective optimization involving latency, energy, and cost trade-offs,

demonstrating the practical benefits of machine-learning-guided metaheuristic scheduling for con-

tainer orchestration.

Keywords: Load Balancing, Resource Allocation, Heuristic Approach, Docker Container,

Cloud Computing, Adaptive PSO, cAdvisor, Decision Tree, Docker Swarm, Grafana, Prometheus.
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2 Brief description on the state of the art of the research topic
Containers, as a lightweight technology for virtualization applications, have recently revolu-

tionized the management of cloud applications. In modern digital systems, cloud computing has

become the core platform for digital services. Containerization is now being propounded as a

very resilient technology for packaging applications and all their dependencies into portable units.

In contrast to traditional virtual machines, it offers strengths in fast deployment, utilization of

resources, and ease of portability [15]. Since it uses the same host operating system’s kernel,

overhead reduction is achieved with faster boot times [33], which enables further efficiency in

resources and more rapid application deployment. Although cloud computing has transformed

the way we use and access computing resources, it also comes with several issues, among which

load balancing is included. Load balancing is one of the most important techniques in distributing

incoming traffic across various servers to gain optimal performance, reliability, and scalability.

[10]Recent trends in research and studies are pointing out the evolution of cloud technologies

from VM-based architectures towards container-based approaches, and also throws light on the

challenges and opportunities related to load balancing in containerized environments. We can say

that containerization provides great advantages to load balancing, so many industries have adapted

container-based architectures for managing their work load optimize resource allocation by im-

proving their cloud-based architectures. Docker containers have transformed the deployment and

development of software by enabling efficient resource management, so the development process

and effectiveness, as well as scalability, are improved because containers provide lightweight pro-

cessing and less dependency. In this paper, we proposed a Docker-based resource optimization

solution with the use of heuristic approaches. The main challenge is resource allocation and op-

timization are addressed, also Other challenges such as scalability and security have also been

explored,[9][22] along with a comparative analysis of Docker and other virtualization techniques.

Particle Swarm Optimization (PSO) is a swarm intelligence algorithm inspired by the collective

behavior of flocks of birds and schools of fish. First introduced by James Kennedy and Russell

Eberhart in 1995[14], PSO has undergone significant development and has been successfully ap-

plied to a wide range of real-world problems. The algorithm operates by iteratively improving

the positions of particles within a defined search space, where each particle updates its position

based on its own best-known position as well as the best-known positions of other particles in

the swarm.This process is guided by velocity [14]vectors that determine the magnitude and direc-

tion of particle movement. Recent efforts to improve PSO performance have been in parameter

tuning and hybridization with other techniques, but these approaches often overlook the evolving

nature of the optimization process. Thus, they lack a developed methodology to deal with the hard

problems and may persist with weaknesses. Cloud computing encompasses numerous challenges,

with load balancing standing as a crucial problem among them.Defined as “a technique, method,

or strategy to efficiently manage resource utilization and allocate resources toclients, ensuring
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(a) Virtual machine architecture (b) Container Architecture

that neither overloading nor resource starvation occurs” [25], load balancing has been widelyex-

plored. A thorough literature review reveals that researchers have proposed various mechanisms

and developednmultiple algorithms to optimize load distribution [10]. nowever, within the realm

of containerized technology—still in its developmental stage—a definitive, universally effective

approach to load balancing remains yet unsolved. In literature survey we have identified and clas-

sified load balancing approaches as shown in figure2. In this research paper, we focus on particle

Swarm Optimization (PSO)-based algorithms for effective resource allocation in container-based

cloud computing systems. As demonstrated in [2][7][12], PSO has been shown to outperform Ant

Colony Optimization (ACO) in various scenarios. Cloud computing offers a wide range of PSO-

based variations, with Standard PSO serving as the foundational model. This standard approach

is commonly employed for basic load balancing and resource allocation in cloud environments. It

relies on key parameters such as inertia weight, cognitive coefficients, and social coefficients to

guide the search process and facilitate convergence toward optimal solutions. While Standard PSO

is known for its speed and efficiency in handling straightforward tasks, it often struggles when ap-

plied to complex, high-dimensional problem spaces typical of cloud systems. The implementation

of these algorithms are typically carried out using tools such as MATLAB, Python, or C++ . [10]
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Figure 2: Illustration of Particle Swarm Optimization Algorithm

Figure 3: Types of Load Balancing Algorithms
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Table 1: Comparative Analysis of Existing Container Scheduling and Load Balancing Approaches

Algorithm
Name

Objectives Advantage Disadvantage Metrics Finding

Container

Scheduling

Strategy based

on Machine

Learning in

Microservice

Architecture

[5]

To improve

performance

using ma-

chine learn-

ing algo-

rithms such

as ANN and

CSML.

Maintains

load pres-

sure and

improves

overall per-

formance.

Does not

fully con-

sider inter-

service rela-

tionships.

Response

time, load

pressure

Machine learn-

ing methods are

important in mi-

croservice ar-

chitecture and

help regulate

container load

pressure through

classification.

Accelerating

Big Data Ap-

plication using

Lightweight

Virtualization

Framework

on Enterprise

Cloud [23]

To apply big

data tech-

niques in vir-

tualization

environments

using Spark,

RDD, and

MapReduce.

Spark is

much faster

than Hadoop

and is suit-

able for

automatic

application

execution.

Suitable

mainly for

large ap-

plications;

limited re-

sources and

research are

available.

Total ex-

ecution

time,

CPU uti-

lization,

disk uti-

lization,

memory

utilization

Big data appli-

cations require

efficient virtu-

alization and

scheduling to

manage large

amounts of data.

Chain Ori-

ented Load

Balancing in

Microservice

System [13]

To develop

and maintain

independent

microser-

vices that

communicate

through spe-

cific protocol

requests.

Uses multi-

priority

queues and

balances mi-

croservice

chains while

considering

competition

among mi-

croservices.

Shorter

chains may

be nega-

tively af-

fected; token

bucket algo-

rithm was

used to ad-

dress this

issue.

Latency,

process-

ing ca-

pacity,

efficiency

Very limited re-

search focuses

on latency-based

scheduling in

multi-queue al-

gorithms.
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Algorithm
Name

Objectives Advantage Disadvantage Metrics Finding

Dynamic Pri-

ority Based

Weighted

Scheduling

Algorithm

(DPWS) [8]

To reduce

high latency

in chain-

service re-

quests caused

by high con-

currency.

Weighted

fair queues

dynamically

improve

the priority

of chain-

service re-

quests.

Has little

impact on

leaf nodes,

so full chain

latency bal-

ancing is not

achieved.

Latency,

chain-

service

response,

priority

queues

Maintaining

chain-service

requests becomes

difficult as con-

currency and

complexity in-

crease.

A Decentral-

ized System

for Load Bal-

ancing of

Containerized

Microservice

Architecture

[19]

To build a

swarm of

tasks in the

cloud and

support live

migration

of Docker

containers.

Container

migration is

faster than

VM migra-

tion, and

system calls

enable load

balancing.

Managing

microser-

vices

through sys-

tem function

calls is com-

plex.

Docker

migration,

microser-

vice man-

agement

Monolithic en-

terprise systems

are difficult to

maintain and

scale, motivat-

ing ESB-based

architectures.

A New

Docker

Swarm

Scheduling

Strategy [5]

To build a

new Swarm-

based

scheduling

technique

and create

SLA classes

for dynamic

computation

of contain-

ers according

to SLA class

and machine

load.

Provides an

economic

model with

multiple

SLA classes

such as Pre-

mium, Ad-

vance, and

Best Effort.

Further im-

provement

is needed in

consolida-

tion methods

to dynami-

cally decide

the num-

ber of active

machines

for reducing

energy con-

sumption.

Energy

consump-

tion, SLA,

low cost

Premium class

provides high-

est priority for

long services,

Advance class

supports short

services with

limited budget,

and Best Effort

class is intended

for low-cost mi-

croservice solu-

tions.
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Algorithm
Name

Objectives Advantage Disadvantage Metrics Finding

Kubernetes

Resource

Scheduling

Scheme [20]

To study the

orchestration

functionality

of Google

Kubernetes.

Various al-

gorithms

were tested,

and hybrid

methods

such as

ACO+PSO

showed effi-

cient results.

Pods are not

dynamically

selected ac-

cording to

pod count,

which af-

fects low-

usage cost

efficiency.

Efficiency,

resource

allocation

Hybrid meta-

heuristic algo-

rithms can im-

prove resource

allocation effi-

ciency in Kuber-

netes environ-

ments.

Dynamic Bal-

ance Strategy

of High Con-

current Web

Cluster based

on Docker

Container [18]

To develop

a high-

concurrency

and easily

extendable

dynamic clus-

ter balancing

strategy that

provides high

availability

and strong

concurrency

performance.

Performs

better than

traditional

Round

Robin and

Weighted

Round

Robin

scheduling

strategies.

Applicable

only in cer-

tain business

scenarios.

Concurrency,

availabil-

ity

Although Round

Robin is widely

used, the pro-

posed strategy

gives better re-

sults for avail-

ability and con-

currency.
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3 Definition of the Problem
”Optimized Resource allocation for Docker container based cloud environments using Hy-

brid Adaptive PSO and Decision Tree Model”. This research pexplores various advanced Particle

Swarm Optimization (PSO) variants and their applications in resource allocation for container-

based cloud computing systems. Several enhanced versions of PSO have been developed to im-

prove efficiency, adaptability, and optimization performance in complex cloud environments. Two-

Memory PSO (TMPSO) [17][1][3] introduces additional memory to balance exploration and ex-

ploitation, leading to faster convergence and improved efficiency, particularly in resource-intensive

scenarios. Adaptive PSO [23][12] dynamically adjusts control parameters to ensure scalability and

fault tolerance, making it ideal for rapidly changing cloud environments. Multi-Objective PSO

(MOPSO) [26]optimizes multiple objectives simultaneously, such as cost and time, using Pareto

dominance to generate diverse solutions. Hierarchical PSO (HPSO)[16] structures particles in a

hierarchy to enhance resource utilization, which is useful for multi-level decision-making tasks

like clustering and scheduling. Cooperative PSO (CPSO) enables collaboration among particles,

improving solution quality and convergence speed in complex cloud-based applications. Discrete

PSO (DPSO)[1] is adapted for tasks like container placement by discretizing positions and veloc-

ities, making it effective for task scheduling. Quantum-behaved PSO (QPSO) [[4] incorporates

quantum mechanics principles for enhanced search capabilities, benefiting applications that re-

quire high security and energy efficiency. Hybrid PSO combines PSO [6] with other optimization

techniques like Genetic Algorithms (GA) or Simulated Annealing (SA) to improve convergence

and resource allocation in cloud computing. Dynamic Multi-Swarm PSO (DMS-PSO)[13]is de-

signed for dynamic cloud environments, using multiple interacting swarms to quickly adapt to

changing conditions. Opposition-Based Learning PSO (OBL-PSO)[23] enhances global search

and prevents local optima trapping by integrating opposition-based learning strategies. Chaotic

PSO (CPSO) incorporates chaos theory to avoid premature convergence, making it suitable for

environments with fluctuating workloads. Constriction Factor PSO (CF-PSO)[13] [9] stabilizes

convergence by applying a constriction factor, ensuring reliable performance across various cloud

optimization problems. In this paper we have imlemente hybrid Adaptive PSO and Decesion tree

classifier to improve resource allocation and load balancing in Docker container-based ecosystem.

Combining both algorithm allows efficient resource management and historical data in decision

tree improves future dynamic load requirements, we try to achieve efficient resource allocation

and improved performance for Docker container.
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4 Objective and Scope
Existing Docker Swarm schedulers are not sufficiently adaptive to dynamic cloud workloads,

often resulting in poor load balancing, node overloading, and inefficient resource utilization. This

research addresses the problem by proposing a hybrid Adaptive PSO and Decision Tree model for

intelligent and optimized resource allocation in container-based cloud environments. The primary

objective of this research is to develop an intelligent and efficient resource allocation framework for

Docker Swarm environments using a hybrid combination of Adaptive Particle Swarm Optimiza-

tion (APSO) and Decision Tree techniques. The study aims to improve the overall performance

of container orchestration by introducing an optimized mechanism for container placement across

available worker nodes.

Another key objective is to enhance load balancing in the Docker Swarm cluster by distributing

containers in a more balanced manner across worker nodes. This is expected to prevent overload-

ing of individual nodes and improve the utilization of available computing resources.

The research also aims to reduce the imbalance in CPU and memory utilization within the clus-

ter. By minimizing uneven resource consumption, the proposed model seeks to improve system

stability, operational efficiency, and service reliability under varying workloads.

A further objective is to support node selection through Decision Tree-based suitability anal-

ysis. The Decision Tree model will be used to evaluate the fitness of each worker node based on

system parameters and runtime conditions, thereby assisting the APSO algorithm in making more

informed placement decisions.

Finally, the study aims to evaluate the performance of the proposed hybrid APSO–Decision

Tree model against the default Docker Swarm scheduling strategy and other conventional ap-

proaches. The comparison will be carried out using relevant performance metrics such as load

distribution, CPU utilization, memory usage, response behavior, and overall resource efficiency.

4.1 Scope of the Study
The scope of this research is focused on resource allocation and load balancing in container-

based environments based on Docker Swarmarm. The work is limited to the design and imple-

mentation of a hybrid optimization model that combines Adaptive Particle Swarm Optimization

with Decision Tree-based node-suitability analysis to improve scheduling decisions.

The study covers the analysis of Docker Swarm architecture, container placement strategies,

and resource-aware scheduling mechanisms. It includes monitoring of worker node resources,

such as CPU and memory utilization, to support intelligent decision-making during container de-

ployment.

The proposed approach is intended to operate within a cluster consisting of a manager node

and multiple worker nodes, where containers are deployed as services and distributed dynamically.

The research mainly addresses the problem of imbalance in resource usage caused by default or

less intelligent scheduling techniques.
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The scope also includes performance evaluation of the proposed model through experimental

analysis and comparison with existing Docker Swarm scheduling and conventional optimization

methods. The evaluation is restricted to selected performance parameters related to load balancing

and resource utilization.

However, the study does not primarily focus on application-level optimization, network-level

security mechanisms, or large-scale heterogeneous cloud federation. Its central emphasis remains

on improving container placement efficiency, node selection accuracy, and balanced resource uti-

lization in Docker Swarm clusters through the proposed hybrid model.

4.2 Objectives
To develop a hybrid Adaptive PSO and Decision Tree model for Docker Swarm-based resource

allocation. To improve load balancing by optimizing container placement across worker nodes. To

reduce CPU and memory utilization imbalance in the cluster. To support node selection using

Decision Tree-based suitability analysis. To evaluate the proposed model against existing Docker

Swarm and conventional methods.

4.3 Scope
The study focuses on Docker Swarm-based container resource allocation and load balancing.

It proposes a hybrid APSO and Decision Tree approach for intelligent container placement. The

work considers resource parameters such as CPU and memory utilization for node selection. The

study is limited to manager-worker cluster architecture in Docker Swarm. Performance evaluation

is carried out by comparing the proposed approach with existing scheduling methods. The re-

search mainly addresses resource balancing and scheduling efficiency, not broader cloud security

or application-layer issues.
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5 Original contribution by the Thesis
The original contribution of this thesis lies in the development of a hybrid intelligent resource

allocation framework for Docker Swarm environments by integrating Adaptive Particle Swarm

Optimization (APSO) with Decision Tree-based node suitability analysis. Unlike conventional

Docker Swarm scheduling approaches that rely on predefined or basic placement strategies, the

proposed method introduces an adaptive, data-driven mechanism for selecting worker nodes and

placing containers more efficiently under dynamic workloads.

A significant contribution of the thesis is the use of APSO for container placement optimization

in a Docker Swarm cluster. The adaptive behavior of APSO improves the search capability of the

standard PSO algorithm by dynamically adjusting optimization parameters, thereby enhancing

convergence, avoiding premature stagnation, and producing better scheduling decisions for load

balancing. This makes the proposed method more effective for volatile and real-time containerized

environments.

Another important contribution is the incorporation of a Decision Tree model for node suit-

ability evaluation. The Decision Tree helps identify the most appropriate worker nodes based

on system-level features such as CPU usage, memory availability, and current load conditions.

This combination of rule-based intelligence and adaptive optimization provides a more informed

scheduling framework than methods based solely on heuristic or static allocation mechanisms.

The thesis also contributes by addressing the practical problem of imbalance in CPU and mem-

ory utilization across Docker Swarm worker nodes. The proposed model is designed to reduce

uneven resource consumption, improve cluster stability, and enhance the overall efficiency of ser-

vice deployment. As a result, the study provides a resource-aware and load-balanced orchestration

strategy that can support better cluster performance.

A further original contribution is the comparative performance evaluation of the proposed

hybrid APSO–Decision Tree model against default Docker Swarm scheduling and conventional

methods. Through this analysis, the thesis demonstrates the effectiveness of the proposed approach

in improving load distribution, node utilization, and container placement efficiency, thereby estab-

lishing its practical relevance in container-based cloud environments.

Overall, the thesis contributes a novel hybrid optimization and classification-based scheduling

model for Docker Swarm, offering an intelligent, adaptive, and scalable solution for resource

allocation and load balancing in container orchestration systems.
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6 Methodology of Research, Results / Comparisons

Table 2: Comparative Analysis of PSO Variants

Algorithm
Name

Usage Parameters Result Findings Tools Used

Standard PSO

[14]

Resource al-

location, load

balancing

Inertia weight,

cognitive and

social coeffi-

cients

Basic opti-

mization with

good conver-

gence speed

Effective for sim-

ple problems but

struggles with

complex land-

scapes

MATLAB,

Python, C++

Two-Memory

PSO (TMPSO)

[17]

Improved re-

source man-

agement

Inertia weight,

cognitive and

social coeffi-

cients

Enhanced op-

timization

with faster

convergence

Better memory

utilization and

more efficient

than standard

PSO

MATLAB,

Python,

Apache Bench

Adaptive PSO

[11]

Scalability,

fault tolerance

Adaptive con-

trol parame-

ters, learning

rates

Highly scal-

able and ro-

bust against

faults

Balances per-

formance and

resource use but

requires dynamic

adjustment

MATLAB,

Python, Java

Multi-Objective

PSO (MOPSO)

[26]

Handling mul-

tiple objec-

tives

Multiple ob-

jective func-

tions

Efficient

multi-

objective opti-

mization with

diverse solu-

tions

Suitable for com-

plex problems

with high effi-

ciency

MATLAB,

Python, R

Hierarchical PSO

(HPSO) [4]

Task schedul-

ing, data clus-

tering

Hierarchical

structure, so-

cial coeffi-

cients

Improved con-

vergence and

resource uti-

lization

Suitable for hi-

erarchical prob-

lems and cluster-

ing tasks

MATLAB,

Python, Java

Cooperative PSO

(CPSO) [15]

Enhanced col-

laboration

among parti-

cles

Cooperative

parameters,

social coeffi-

cients

Better con-

vergence and

optimization

Effective for co-

operative prob-

lem solving

MATLAB,

Python
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Algorithm
Name

Usage Parameters Result Findings Tools Used

Discrete PSO

(DPSO) [4]

Task schedul-

ing, data clus-

tering

Discrete po-

sition and ve-

locity

Efficient

scheduling

and clustering

Suitable for dis-

crete problems

but limited by

size

MATLAB,

Python, C++

Quantum-

behaved PSO

(QPSO) [24]

Security op-

timization,

energy effi-

ciency

Quantum po-

tential well,

particle posi-

tion

High secu-

rity and low

energy con-

sumption

Effective in spe-

cific applications,

requires tuning

MATLAB,

Python, C#

Hybrid PSO [21] Job-shop

scheduling

Combination

of PSO with

other algo-

rithms

Improved con-

vergence and

resource uti-

lization

Better for com-

plex scenarios

but computation-

ally intensive

MATLAB,

Python, Java

Dynamic Multi-

Swarm PSO

(DMS-PSO) [21]

Dynamic re-

source alloca-

tion

Dynamic pa-

rameters,

swarm divi-

sion

Responsive

and efficient

allocation

Adapts well to

changing envi-

ronments but

complex

MATLAB,

Python, R

6.1 Proposed Algorithm
Algorithm 1 Adaptive PSO with Decision Tree for Load Balancing

Initialization
1: Define parameters:

2: Number of particles P , Maximum iterations Imax, Inertia weight w, Cognitive coefficient C1,

Social coefficient C2, Population size for classification Cpop

3: Initialize positions and velocities of particles randomly within the permissible range

4: Initialize local best position for each particle

5: Identify and set the global best position

Classification for Load Prediction
6: Train a Decision Tree Classifier:

7: Collect historical data with features: CPU usage, memory usage, and resource allocation

8: Use load labels (e.g., low, medium, high) and train the classifier

9: Predict the load for each container using the trained classifier based on current features

Fitness Evaluation
10: Define the fitness function:

f =
N∑
i=1

(
CPUi

Total CPU
+

MEMORYi

Total MEMORY
+

RESOURCEi

Total RESOURCE

)
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11: Calculate the fitness for each particle

Update Particles
12: Adaptive update of inertia weight:

w = wmax −
(wmax − wmin)

Imax

× iteration

13: Update velocity for each particle:

vij(t+ 1) = w · vij(t) + c1 · r1 · (pij − xij) + c2 · r2 · (gj − xij)

14: Update position for each particle:

xij(t+ 1) = xij(t) + vij(t+ 1)

15: Apply boundary conditions to ensure positions are within permissible range

Update Local and Global Bests
16: Evaluate fitness of each particle’s new position

17: Update local best if the new position has better fitness

18: Update global best if the new position has the best overall fitness

Termination
19: if Maximum iterations Imax reached or fitness converges then
20: Terminate the algorithm

21: end if
22: Output the global best position as the optimal load distribution =0

6.2 Methodology
The methodology adopted in this research is designed to evaluate an intelligent load balanc-

ing framework for Docker Swarm environments by combining container orchestration, real-time

telemetry monitoring, Decision Tree-based node suitability estimation, Adaptive Particle Swarm

Optimization (APSO), and an automated orchestration pipeline. The complete experimental work-

flow is implemented in a controlled Docker Swarm cluster and supported by continuous metric

collection and comparative evaluation. The proposed framework aims to improve the allocation of

service replicas across worker nodes while minimizing resource imbalance and enhancing schedul-

ing efficiency.

The experimental platform consists of a three-node Docker Swarm cluster comprising one

master node and two worker nodes. Each node is configured with 8 CPU cores, 8 GB RAM,

and 20 GB memory under an Ubuntu operating system deployed through VirtualBox. The mas-

ter node coordinates task scheduling and cluster control, whereas the two worker nodes execute

the deployed containers. This cluster architecture provides a compact yet realistic environment

for testing dynamic load balancing strategies in containerized cloud systems. The use of Docker

Swarm enables distributed scheduling, service replication, resource sharing, and overlay network-

ing among participating nodes.
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Figure 4: Praposed Architecture

6.3 System Architecture
The experimental testbed used in this study is shown in Table 3.

Table 3: Experimental Testbed

Node IP CPU RAM Memory

Master 10.0.4.42 8 Cores 8 GB 20 GB

Worker1 10.0.4.43 8 Cores 8 GB 20 GB

Worker2 10.0.4.49 8 Cores 8 GB 20 GB

The architecture includes one master node and two worker nodes. All nodes run Ubuntu under

VirtualBox and participate in the Swarm overlay network. The proposed system supports dis-

tributed container scheduling, resource sharing, real-time container metrics through cAdvisor, and

monitoring and visualization via Prometheus and Grafana. The complete architecture consists of

five major modules: application containers, monitoring stack, load-balancing algorithms, Python

orchestrator, and result storage with visualization.

The application container used in the experiments is a CPU-intensive factorial computation
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service tagged as fib app:latest. The monitoring stack, consisting of Prometheus, Grafana,

and cAdvisor, is deployed as a Docker stack. The scheduling strategies considered include the

default Docker Swarm scheduler, a standard PSO scheduler, and the proposed Decision Tree with

APSO scheduler. A Python-based orchestrator automates deployment, waiting, data collection,

removal, and comparison across all strategies. The experimental outputs are stored in .csv and

.xlsx formats and visualized

6.4 Application Workload
To generate a meaningful workload, a CPU-intensive factorial computation service named

fib app is deployed across the cluster. This workload continuously produces computational

stress and therefore serves as an effective benchmark for analyzing CPU saturation, load distribu-

tion fairness, scheduler responsiveness, optimization convergence, and Decision Tree-driven node

suitability. In addition to CPU-intensive behavior, controlled memory allocation is introduced

within the containers to examine memory-aware scheduling performance. Thus, the application

workload provides a suitable basis for measuring both computational and memory balancing under

repeated execution conditions. :c

6.5 Monitoring Framework
A real-time monitoring framework is integrated into the system using Prometheus, cAdvisor,

and Grafana. Prometheus periodically collects telemetry from all nodes and containers, including

CPU utilization, memory usage, running container counts, and node-level performance statistics.

cAdvisor is deployed globally across the Swarm nodes to expose container-specific CPU, mem-

ory, and I/O statistics, while Grafana is used to visualize runtime variations such as CPU peaks,

memory heatmaps, replica migration patterns, and node load changes. This monitoring framework

ensures that all scheduling outcomes are supported by observed runtime measurements rather than

static assumptions.

6.6 Scheduling Strategies
Three scheduling strategies are considered in the experimental design. The first is the default

Docker Swarm scheduler, which serves as the baseline approach. It uses internal heuristics such

as spread, bin-pack, or random placement, but it does not consider historical telemetry, future

overload risk, or predictive node suitability.

The second strategy is a standard PSO-based scheduler in which each particle represents a

candidate replica distribution across worker nodes. The objective of optimization is to minimize

CPU variance across nodes and thereby improve load balancing. However, this strategy uses fixed

inertia and learning coefficients, which restrict adaptability under changing workload conditions

and may lead to premature convergence.
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6.7 Proposed Decision Tree with APSO Model
The proposed hybrid scheduler combines Decision Tree-based node cost estimation with Adap-

tive Particle Swarm Optimization. In this framework, a Decision Tree classifier is trained online us-

ing features such as CPU utilization, memory usage, active container count, historical load slopes,

and CPU throttling rate. The classifier produces a node cost score representing the future overload

risk of each worker node. Nodes with lower cost values are considered more suitable for receiving

new service replicas. This predictive component allows the scheduling process to consider both

present resource states and near-future behavior.

The APSO component uses the Decision Tree-derived information during replica allocation.

Let xi(t) denote the position of particle i at iteration t, vi(t) denote its velocity, pi(t) denote its

personal best position, and g(t) denote the global best solution. The standard PSO velocity update

is expressed as

vi(t+ 1) = ω(t)vi(t) + c1(t)r1
(
pi(t)− xi(t)

)
+ c2(t)r2

(
g(t)− xi(t)

)
(1)

and the position update is given by

xi(t+ 1) = xi(t) + vi(t+ 1) (2)

where r1 and r2 are uniformly distributed random values in the range [0, 1]. Unlike conven-

tional PSO, APSO modifies the inertia weight dynamically according to fitness improvement. If

the global improvement is small, a higher inertia value is maintained to encourage exploration; if

the improvement is large, the inertia weight is reduced to support exploitation and faster conver-

gence.

The improvement in global fitness is computed as

∆f(t) =

∣∣∣∣f(g(t− 1))− f(g(t))

f(g(t− 1))

∣∣∣∣ (3)

and the adaptive inertia function is defined as

ω(t) = ωmin + (ωmax − ωmin)e
−α∆f(t) (4)

where α is the adaptation control constant. Similarly, the cognitive and social coefficients are

adjusted adaptively over iterations according to

c1(t) = c1,max − (c1,max − c1,min)
t

Tmax

(5)

c2(t) = c2,max − (c2,max − c2,min)
t

Tmax

(6)

This strategy ensures that earlier iterations emphasize exploration, while later iterations focus

on exploitation and convergence. The final APSO update equation is therefore written as

20



vi(t+ 1) = ω(t)vi(t) + c1(t)r1
(
pi(t)− xi(t)

)
+ c2(t)r2

(
g(t)− xi(t)

)
(7)

The main strengths of APSO in this framework include responsiveness to changing workloads,

avoidance of stagnation, mathematically stable replica allocation, and effective integration of the

Decision Tree cost into the fitness calculation. The final replica allocationcorrected to an inte-

gercted to preserve the total number of replicas.

6.8 Mathematical Model of Decision Tree (CART) for Container Load Clas-
sification

In this study, a Classification and Regression Tree (CART) model is employed to classify con-

tainers based on their resource utilization. The model uses CPU and memory usage as input fea-

tures to categorize the system load into three classes: Low, Medium, and High. This classification

assists in identifying node suitability for optimized container placement.

6.8.1 Feature Representation
Each container is represented by a feature vector:

x = [x1, x2] (8)

where x1 denotes CPU usage (%) and x2 denotes memory usage (%). The output variable is

defined as:

y ∈ {Low,Medium,High} (9)

6.8.2 CART Splitting Criterion
The CART model constructs a binary decision tree by recursively partitioning the dataset. At

each node, the best split is selected based on the Gini impurity index.

Gini(D) = 1−
K∑
k=1

p2k (10)

where pk represents the probability of class k in dataset D, and K = 3 corresponds to the three

classes.

For a candidate split, dividing the dataset into left (DL) and right (DR) subsets, the weighted

Gini index is computed as:

Ginisplit =
|DL|
|D|

Gini(DL) +
|DR|
|D|

Gini(DR) (11)

The optimal split (j, s) is selected by minimizing:

min
j,s

Ginisplit(j, s) (12)

21



6.8.3 Decision Rules for Load Classification
Based on predefined thresholds, the container load is classified as follows:

f(x1, x2) =


High, x1 > 80 ∧ x2 > 75

Low, x1 < 30 ∧ x2 < 25

Medium, otherwise

(13)

where x1 and x2 represent CPU and memory usage, respectively.

6.8.4 Region-Based Representation
The decision tree partitions the feature space into regions:

R1 = {x : x1 > 80 ∧ x2 > 75} ⇒ High (14)

R2 = {x : x1 < 30 ∧ x2 < 25} ⇒ Low (15)

R3 = Remaining region ⇒ Medium (16)

6.8.5 Probability-Based Prediction
For each region Rm, the class probability is computed as:

P (y = k | x ∈ Rm) =
Nk

Nm

(17)

where Nk is the number of samples belonging to class k and Nm is the total number of samples

in region Rm. The predicted class is given by:

ŷ = argmax
k

P (y = k | x) (18)

6.8.6 Illustrative Example
Consider a dataset of five containers as shown in Table 4.

Table 4: Sample Container Dataset

Container CPU (%) Memory (%) Class

C1 85 80 High

C2 20 20 Low

C3 50 40 Medium

C4 90 85 High

C5 25 20 Low

The Gini impurity of the root node is computed as:
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Gini(D) = 1−
(
2

5

2

+
2

5

2

+
1

5

2
)

= 0.64 (19)

After splitting on CPU usage, the impurity reduces significantly, indicating an effective parti-

tion.

6.9 Integration with APSO Framework
The Decision Tree output is incorporated into the Adaptive PSO framework by assigning nu-

merical cost values to each class:

Cost =


3, High

2, Medium

1, Low

(20)

This cost is integrated into the fitness function:

Fitness =
N∑
i=1

(
CPUi

CPUtotal

+
MEMi

MEMtotal

+ λ · Costi

)
(21)

where λ is a weighting factor controlling the influence of predicted load.

The integration of CART with APSO enhances predictive scheduling by combining classification-

based node suitability with adaptive optimization, thereby improving load balancing efficiency in

Docker Swarm environments.

6.10 Automated Orchestrator Pipeline
To ensure reproducibility and consistency, a Python-based orchestrator controls the complete

experiment pipeline. The orchestrator manages service deployment, stabilization time, monitoring

collection, service removal, and repeated evaluation for each scheduling strategy. All experimental

outputs are exported in .csv and .xlsx formats for subsequent analysis, while Grafana dash-

boards provide real-time visual support during execution. This automation guarantees that all

strategies are evaluated under identical workload and infrastructure conditions.

6.11 Results
The experimental results demonstrate that the proposed hybrid Decision Tree with APSO

scheduler provides improved load distribution compared with both the default Docker Swarm

scheduler and the standard PSO-based method. Under the CPU-intensive factorial workload,

the baseline Docker Swarm scheduler exhibits uneven container placement because its internal

heuristics do not incorporate predictive node analysis or adaptive optimization. As a result, one

worker node may receive a higher concentration of demanding containers, leading to unbalanced

CPU usage and increased resource skew across the cluster. A similar trend is observed for mem-

ory utilization, where the absence of predictive resource-awareness limits the scheduler’s ability

to achieve uniform deployment. The standard PSO-based strategy improves load distribution
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(a) Figure 3. Grafautilizationilization (b) Figure 4:Grafana CPU utilization

Table 5: Total CPU utilization per node

Strategy Node CPU Sum

DT+APSO

Total 41.5333
10.0.4.42 10.5146
10.0.4.43 20.3312
10.0.4.49 10.6875

PSO

Total 45.8479
10.0.4.42 11.6747
10.0.4.43 22.4355
10.0.4.49 11.7377

Swarm-Def.

Total 39.1625
10.0.4.42 11.4539
10.0.4.43 15.9302
10.0.4.49 11.7784

Table 6: Total memory utilization per node

Strategy Node Memory Sum

DT+APSO

Total 1626.2452
10.0.4.42 664.5458
10.0.4.43 569.5854
10.0.4.49 392.1139

PSO

Total 1798.8996
10.0.4.42 737.7496
10.0.4.43 626.9549
10.0.4.49 434.1951

Swarm-Def.

Total 1795.0890
10.0.4.42 734.0947
10.0.4.43 628.6942
10.0.4.49 432.3000
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Table 7: CPU utilization strategy-wise on each node

Node Strategy CPU Sum

10.0.4.42

Total 33.6432
DT+APSO 10.5146

PSO 11.6747
Swarm-Def. 11.4539

10.0.4.43

Total 58.6969
DT+APSO 20.3312

PSO 22.4355
Swarm-Def. 15.9302

10.0.4.49

Total 34.2036
DT+APSO 10.6875

PSO 11.7377
Swarm-Def. 11.7784

by searching for an optimized replica placement that minimizes CPU variance across the worker

nodes. In several experimental runs, this method produces better balance than the default sched-

uler. However, the fixed inertia and fixed learning coefficients reduce its ability to react to chang-

ing workload characteristics. Consequently, the optimizer may converge prematurely or become

trapped in suboptimal allocations, which limits its practical effectiveness in dynamic containerized

environments.

The proposed DT-APSO method produces the most stable and balanced results among all com-

pared strategies. The integration of Decision Tree-based node cost estimation into the fitness func-

tion enables the scheduler to identify nodes that are more likely to become overloaded in the near

future. This predictive capability reduces risky placements and improves fairness in replica allo-

cation across the worker nodes. The adaptive behavior of APSO further improves the optimization

process by modifying the search trajectory as the experiment progresses, thereby avoiding stagna-

tion and promoting better convergence toward balanced solutions. Consequently, CPU peaks are

reduced, memory usage becomes more evenly distributed, and overall cluster stability improves.

The monitoring framework confirms the effectiveness of the proposed approach. Grafana dash-

boards show smoother node load variations and better-balanced replica placement when DT-APSO

is used. The telemetry captured through Prometheus and cAdvisor indicates that the proposed

model avoids excessive concentration of containers on a single worker node and maintains more

stable system behavior across repeated experiments. Because the orchestrator executes all strate-

gies under identical conditions, the observed differences can be attributed directly to the scheduling

logic rather than environmental variation.
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Figure 6: Node wise CPU Utilization

Figure 7: Node wise Memory Utilization

6.12 Comparison
A comparative assessment of the three scheduling strategies reveals clear differences in adapt-

ability, predictive capability, and load balancing performance. The default Docker Swarm sched-

uler is the simplest to deploy and requires no additional optimization or learning model. However,

its dependence on internal heuristics makes it unsuitable for dynamic environments where future

overload risk and historical resource behavior are important. It therefore serves primarily as a

baseline for comparison.
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The standard PSO-based scheduler introduces optimization-driven scheduling and achieves

better balancing performance than the baseline. By minimizing CPU variance, it improves replica

placement and reduces some of the imbalance observed under default Swarm scheduling. Never-

theless, the absence of predictive learning and adaptive control parameters reduces its robustness

when workload conditions change over time. Its fixed inertia and learning factors do not provide

the most effective balance between exploration and exploitation across the full optimization cycle.

In contrast, the proposed DT-APSO scheduler combines classification-based prediction with

adaptive optimization. The Decision Tree model contributes a forward-looking estimate of node

suitability, while APSO dynamically refines the search process in response to optimization progress.

This dual mechanism enables the scheduler to make more informed and more effective container

placement decisions than the other two approaches. In terms of comparative behavior, the pro-

posed method achieves stronger reduction in CPU and memory imbalance, higher adaptability to

workload variation, and more stable replica distribution across the cluster. Its ability to integrate

real-time monitoring data into both prediction and optimization makes it especially suitable for

practical containerized cloud environments. index=18

Overall, the comparative analysis indicates that the default Docker Swarm scheduler is useful

only as a basic benchmark, the standard PSO method offers moderate improvement, and the pro-

posed DT-APSO strategy provides the most effective solution for intelligent load balancing in the

studied Docker Swarm cluster. These findings justify the selection of the hybrid DT-APSO model

as the principal contribution of the research and establish its superiority for dynamic resource

allocation in container-based distributed systems.
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7 Achievements with respect to objectives
The research work carried out in the present study has achieved significant progress with re-

spect to the objectives formulated at the beginning of the doctoral work. The primary objective of

the research was to investigate efficient load balancing and resource optimization mechanisms in

Docker container cloud environments using intelligent optimization techniques. In this direction,

the study successfully explored the applicability of Particle Swarm Optimization (PSO)-based ap-

proaches for dynamic container placement and resource management. A comparative framework

was established to evaluate the performance of different load balancing strategies in terms of CPU

utilization, memory utilization, and node-wise workload distribution.

One of the major achievements of the research is the successful implementation and analysis of

PSO-based load balancing in a containerized cloud setup. The work demonstrated that metaheuris-

tic optimization techniques are capable of improving resource allocation decisions compared to

conventional scheduling approaches. Experimental results indicated that PSO-based strategies can

provide better workload distribution across Docker nodes and reduce the possibility of resource

overloading on individual hosts.

A further important achievement of the study is the development of an adaptive hybrid frame-

work combining Decision Tree classification with Adaptive Particle Swarm Optimization (DT+APSO).

This hybrid approach enhanced the intelligence of the scheduling mechanism by integrating pre-

dictive decision-making with optimization-based search. The Decision Tree component con-

tributed to the identification of suitable nodes based on resource conditions, while APSO improved

the allocation process by dynamically adapting the search behavior. The proposed DT+APSO

framework showed improved balancing capability and more stable utilization patterns in compar-

ison with standard PSO and Docker Swarm default scheduling.

The research has also achieved meaningful outcomes in terms of experimental validation. A

Docker Swarm-based environment was used for implementation and performance evaluation un-

der realistic distributed conditions. The analysis of CPU and memory utilization across multiple

worker nodes confirmed that the proposed strategy can effectively reduce uneven resource con-

centration and improve balanced utilization of available infrastructure. This validates the practical

relevance of the proposed method for container orchestration and cloud resource scheduling.

Another notable achievement is the publication of research findings in reputed Scopus-indexed

journals. The published papers arising from this thesis document the evolution of the work from

comparative PSO-based load balancing to adaptive resource optimization using hybrid intelligent

techniques. These publications provide academic validation of the novelty, continuity, and contri-

bution of the research work.

Overall, the achievements of the present research confirm that the objectives of the thesis have

been substantially addressed. The study has contributed a comparative understanding of PSO-

based load balancing, proposed an enhanced hybrid DT+APSO approach for containerized envi-
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ronments, validated the method experimentally, and disseminated the outcomes through quality

research publications. These achievements establish a strong foundation for the final thesis and

indicate the potential of the proposed framework for further extension in intelligent cloud resource

management.
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8 Conclusion and Future Work
This study proposes a hybrid Decision Tree and Adaptive Particle Swarm Optimization (DT+APSO)

framework for efficient container load balancing in Docker Swarm clusters. The approach im-

proves resource allocation by combining intelligent node selection with adaptive optimization

based on real-time system conditions. Experimental observations show better CPU and memory

balance, improved replica placement, and more stable cluster performance compared to conven-

tional methods. These outcomes confirm that DT+APSO is a practical and effective solution for

dynamic containerized cloud environments.

8.1 Conclusion
This work reports a Hybrid Decision Tree and Adaptive Particle Swarm Optimization (DT+APSO)

approach for container load balancing in Docker Swarm clusters. Proposed scheduler reports to

perform better than the Default Swarm placement strategy and a static PSO algorithm in term of

resource allocation and efficiency. Study shows that it has achieved a large reduction in average

CPU utilization as reported in Fig.11 and also that experiments have very low variance in CPU

use across nodes which in turn indicates a more even load with no single node over utilized fig 1.

Also noted that memory use with DT+APSO was more stable, which also did away with the spike

and inconsistent use patterns research saw in the base methods The DPSO algorithm which used

a different approach was able to better utilize available nodes which in turn reduced the number

of unnecessary replicas for the work load thus improving resource use and performance of appli-

cations. The results shows of using a smart integration of decision tree modeling into an adaptive

optimization strategy. The decision tree element put forth a very complex model of what term

“cost” which in turn evaluated each host’s performance for new containers based on present met-

rics. This model which in turn ran the swarm scheduler did so through a process of filtering and

ranking nodes past simple heuristics and thus in the task of placing containers it did what it could

to avoid resource contention and at the same time take into account dynamic conditions. Also

the adaptive PSO element in the system tuned its parameters (like inertia weight and acceleration

coefficients) in to the present state of the system. This adaptation which in turn brought about a

fine balance between exploration and exploitation had the result that saw very quick convergence

on to optimal or near optimal placement solutions as work load patterns changed. In practice the

DT+APSO scheduler used live data from Prometheus and cAdvisor which in turn means that all

decisions were based on current CPU and memory use data. Surely, experiments have achieved

all of the above with the transparent inclusion of our solution in Docker Swarm which present

through the orchestration API and does not require modification of the Swarm manager or Docker

engine. Thus report that the in depth load balancing features may be put into production use

without breaking present container orchestration processes.
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8.2 Future Work
While the DT+APSO approach does very well in terms of CPU and memory based load bal-

ancing There is room for improvement. A good next step would be to apply this to multi objective

optimization which in turn will allow the scheduler to look at not only CPU and memory but also

network bandwidth, task latency and throughput at the same time. Future work will look at the

implementation of the DT+APSO framework in Kubernetes which seen as the preeminent con-

tainer orchestration platform. Also will look at including SLA aware scheduling which will see

the system give priority to critical applications and at the same time see that response time and

throughput requirements are met. Future work will look at the implementation of the DT+APSO

framework in Kubernetes which is the preeminent container orchestration platform. Also can look

at including SLA aware scheduling which will see the system give priority to critical applications

and at the same time see that response time and throughput requirements are met. These in large

part are what make the put forth approach practical, flexible and very much at home in real world

cloud and edge settings. Experiments shows that they also enable the scheduler to do a better job

of resource allocation, which in turn reduces waste, improves stability and does a better job of

meeting operational requirements.
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9 Copies of Papers published and a list of all publications aris-

ing from the thesis
As a part of the research work carried out under the present doctoral study, two research papers

have been published in reputed Scopus-indexed journals. These publications reflect the progressive

development of the research theme from a comparative analysis of Particle Swarm Optimization

(PSO)-based load balancing methods in Docker container cloud environments to a more advanced

hybrid framework integrating Particle Swarm Optimization with Decision Tree Classification for

adaptive resource optimization. The published papers are directly related to the core objectives

of the thesis and demonstrate the evolution of the proposed research methodology in the area of

intelligent resource scheduling, load balancing, and optimization in containerized cloud computing

environments. The copies of these papers are attached in the synopsis as supporting published

work arising from the thesis.

The first published paper is titled “Load Balancing using Particle Swarm Optimization based

Algorithms in Docker Container Cloud Environment: A Comparative Analysis” and was published

in the International Journal of Intelligent Systems and Applications in Engineering, Volume 12,

Issue 4, in the year 2024. The paper is authored by Manmitsinh Chandrasinh Zala and Jaykumar

Shantilal Patel and is available through the DOI 10.17762/ijisae.v12i4.6533. This work focuses on

the comparative evaluation of PSO-based algorithms for load balancing in Docker container cloud

environments. The study emphasizes the implementation and analysis of multiple PSO variants

using performance parameters such as CPU usage, memory usage, and optimized load allocation.

The contribution of this paper lies in establishing a strong analytical and experimental foundation

for PSO-driven load balancing in containerized infrastructures, which forms an important base for

the present thesis work.

The second published paper is titled “Adaptive Resource Optimization in Containerized Envi-

ronments Using Particle Swarm Optimization and Decision Tree Classification” and was published

in the Journal of Information Systems Engineering and Management, Volume 9, Issue 4s, in 2024.

The paper is authored by Manmitsinh Chandrasinh Zala and Jaykumar Shantilal Patel and was

published on December 30, 2024, with DOI 10.52783/jisem.v9i4s.11666. This paper presents

an advanced hybrid approach in which Particle Swarm Optimization is combined with Decision

Tree Classification to achieve adaptive and predictive resource optimization in containerized cloud

environments. In this work, PSO is used to explore optimal resource allocation solutions, while

Decision Tree Classification is applied to discover patterns in historical resource utilization data

for better predictive decision-making. This publication represents a significant advancement over

the earlier comparative PSO study and aligns more closely with the proposed direction of the thesis

by incorporating intelligent, adaptive, and data-driven optimization mechanisms.

These two publications collectively demonstrate the systematic progression of the research

undertaken in the thesis. The first paper establishes the effectiveness and comparative behavior
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of PSO-based load balancing algorithms in Docker-based cloud systems, while the second paper

extends this research by introducing a hybrid intelligent optimization framework that improves

adaptability and predictive resource management. Thus, the publications not only validate the

research contributions already achieved but also provide documented evidence of the novelty and

continuity of the work carried out under the thesis.

List of Publications Arising from the Thesis

1. Zala, Manmitsinh Chandrasinh, and Patel, Jaykumar Shantilal, “Load Balancing using Par-

ticle Swarm Optimization based Algorithms in Docker Container Cloud Environment: A

Comparative Analysis,” International Journal of Intelligent Systems and Applications in En-

gineering, Vol. 12, No. 4, 2024, DOI: 10.17762/ijisae.v12i4.6533

2. Zala, Manmitsinh Chandrasinh, and Patel, Jaykumar Shantilal, “Adaptive Resource Opti-

mization in Containerized Environments Using Particle Swarm Optimization and Decision

Tree Classification,” Journal of Information Systems Engineering and Management, Vol. 9,

No. 4s, 2024, Published on December 30, 2024, DOI: 10.52783/jisem.v9i4s.11666.

The above publications are the outcome of the research work carried out during the doctoral

study and are closely aligned with the objectives, methodology, and expected contributions of the

thesis. The published papers substantiate the originality and academic significance of the research

in the domain of Docker container cloud environments, intelligent load balancing, and adaptive

optimization using Particle Swarm Optimization and machine learning techniques. Copies of these

published papers are enclosed as annexures to the synopsis for reference and verification
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