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Abstract

In Cloud computing containerized applications are light weight virtualization where
good performance, energy efficiency and cost depend mainly on how workloads are
distributed and balanced across various swarm nodes, Docker swarm is lightweight
design for virtualization, it provides static scheduling methods, which lacks real time
dynamics often leading to imbalanced 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 continuously
classifies the states of the nodes using live telemetry, including CPU utilization,
memory pressure, and task density, while the APSO.adjusts inertia and velocity
parameters dynamically to refine the search process and mitigate premature
convergence, thereby it improves performance over conventional PSO.

The framework is implemented on a 1-master and 2-worker nodes Docker Swarm
cluster running on Ubuntu VirtualBox, 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 is
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 variance at
the node level. 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, which
demonstrates the practical benefits of machine-learning-guided metaheuristic
scheduling for container 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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CHAPTER 1

Introduction

1.1 Background and Evolution of Cloud Computing

Cloud computing Figure 1.1 has become one of the most important technological
foundations of modern digital infrastructure. It has changed the way computing
resources are created, accessed, managed , and consumed by individuals, academic
institutions, industries, government organizations, and enterprise systems [6]. In
traditional computing environments, organizations were required to purchase and
maintain physical servers, storage devices, networking equipment, operating systems,
database servers, application platforms, and security infrastructure before deploying
any digital service. Such infrastructure required large capital investment, continuous
maintenance, technical manpower, and periodic hardware upgrades. As user demand
increased, the limitations of traditional data centers became more visible, particularly

in terms of scalability, resource utilization, cost, and flexibility.

Cloud computing introduced a more flexible and service-oriented model in which
computing resources can be provisioned, monitored, scaled, and released according to
demand. Instead of permanently owning all hardware and software infrastructure,
users can consume computing services through a network-based model. This makes
cloud computing suitable for applications where workloads are dynamic and difficult
to predict. For example, educational portals, online examination systems, banking
applications, healthcare systems, e-commerce platforms, transportation services, and
government portals may experience sudden spikes in user demand. A traditional

infrastructure model may either remain underutilized during normal periods or become
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insufficient during peak periods. Cloud computing addresses this issue by supporting

elasticity, shared resource pools, and measured usage.

From centralized computing to distributed cloud infrastructure: The evolution of
cloud computing can be understood as a gradual movement from centralized
computing toward distributed, virtualized, and service-oriented infrastructure. In early
computing environments, applications were usually hosted on dedicated servers. Each
application had its own hardware, operating system, and software stack. This model
was simple but inefficient because server resources were often underutilized. Later,
distributed computing and grid computing introduced resource sharing across multiple
systems. Utility computing introduced the idea of paying for computing resources
according to usage [7]. Virtualization further improved resource utilization by allowing
multiple virtual machines to run on the same physical hardware. Cloud computing

combined these ideas and offered them as scalable services through the Internet.

Role of virtualization in cloud growth: Virtualization became a key enabler of cloud
computing because it allowed physical resources to be abstracted into multiple logical
environments. A single physical server could host several virtual machines, each
running a separate operating system and application stack. This improved resource
utilization and reduced the need for dedicated hardware. However, virtual machines
also introduced overhead because each VM required its own guest operating system.
As cloud workloads became more dynamic and microservice-oriented, the need for
lighter and faster deployment mechanisms increased. This need created the foundation

for containerization.

Emergence of cloud-native applications: Modern cloud applications are no longer
limited to monolithic software hosted on a single machine. They are increasingly
distributed, modular, service-oriented, and data-driven. Many applications are now
developed using microservice architecture, where each functional unit is deployed as
an independent service. Such applications require continuous deployment, rapid
scaling, fault tolerance, and efficient load balancing. Cloud-native applications
therefore depend heavily on automation, orchestration, monitoring, and intelligent

scheduling. This makes resource allocation a critical research problem[8].
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Relevance to the present thesis: The present thesis, titled “Optimized Resource
Allocation for Docker Container-Based Cloud Environments Using Hybrid Adaptive
PSO and Decision Tree”, focuses on the problem of intelligent resource allocation in
containerized cloud environments. The thesis is positioned at the intersection of cloud
computing, container-based virtualization, Docker Swarm orchestration, resource
monitoring, load balancing, Decision Tree-based node suitability analysis, and
Adaptive Particle Swarm Optimization. The central idea is to improve the placement
of Docker containers across cloud nodes so that CPU and memory resources are used

more efficiently and load imbalance is reduced.

EVOLUTION OF CLOUD COMPUTING TOWARD
CONTAINER-BASED CLOUD INFRASTRUCTURE
ooerma S, T inllgent
Resource

Abstract Access i
i Hardwars Docker Swarm Allocation
Traditional ; bt Cloud Containerization

Data Center ’/’V'"“a':‘m“ F Computing g@ P
s ( %{}/ P }5@ @%@

Containerization Bockersvam

Cloud
Traditional
Data Center L\-‘lrtuallzatlon k Computing

- Al-Powered,
Container Dynamic Resource

Lightweight Orchestration and Management,
Abstracting On-Demand Operating-System- Clustering Optimization
Physical Hardware, Resource Access, Level
Infrastructure, Multiple VMs on Multi-Tenancy, Virtualization,
Dedicated One Physical Scalability. Isolation

Hardware Server.

Ficure 1.1: Evolution of Cloud Computing Toward Container-Based Cloud
Infrastructure

1.2 Cloud Computing Models, Characteristics, and

Resource Management Requirements

Cloud computing is usually explained through its essential characteristics, service
models, and deployment models. These models help define how cloud resources are
provided, managed, and consumed. They also provide the foundation for
understanding why resource allocation and load balancing are important in

cloud-based environments.

Essential characteristics of cloud computing: Cloud computing has five key

characteristics: on-demand self-service, broad network access, resource pooling, rapid

3
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elasticity, and measured service. It allows users to access computing resources
whenever needed, through standard networks and different devices. Providers share
physical and virtual resources among multiple users, scale them quickly according to

demand, and monitor usage for control, reporting, and billing.

These characteristics are directly related to the resource allocation problem studied in
this thesis. In a cloud environment, resources must be dynamically assigned to
workloads. If resources are allocated inefficiently, the benefits of elasticity and
resource pooling are reduced. For example, if one node in a cluster becomes
overloaded while another remains underutilized, the system fails to use its shared
resource pool effectively. Therefore, resource allocation and load balancing are

necessary for achieving the practical benefits of cloud computing.

Cloud service models: Cloud services are mainly classified into three models:
Infrastructure as a Service (IaaS), Platform as a Service (PaaS), and Software as a
Service (SaaS). laaS offers virtual machines, storage, and networking resources. PaaS
provides a platform for developing and deploying applications without managing the
underlying infrastructure. SaaS delivers ready-to-use software applications to users

over the Internet [9].

Containerized environments can be used across these service models. At the IaaS
level, Docker Swarm or Kubernetes clusters can be deployed on virtual machines or
physical servers. At the PaaS level, containers provide a standardized environment for
building and deploying applications. At the SaaS level, user-facing applications may
be implemented as microservices running inside containers. Therefore, container

scheduling and resource allocation are relevant across multiple cloud service layers.

Cloud deployment models: Cloud deployment models include public cloud, private
cloud, community cloud, and hybrid cloud. Public clouds are operated by cloud service
providers and made available to multiple users. Private clouds are dedicated to a single
organization and provide more control over resources, policies, and data. Community
clouds are shared by organizations with common requirements. Hybrid clouds combine
two or more cloud deployment models and allow data and application portability across

them [10, 11].
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The experimental environment used in the present thesis can be considered a controlled

private cloud-like environment because the Docker Swarm cluster is configured within

a limited infrastructure consisting of one master node and worker nodes. However,

the proposed resource allocation model can be conceptually extended to larger private,

public, or hybrid containerized environments.

TaBLE 1.1: Comparison of Cloud Deployment Models

[3,6, 12-14]
Deployment Ownership Major Major Relevance to
Model and Access Advantage Limitation This Thesis
Public Cloud | Owned by | High Less direct | Docker clusters
cloud provider | scalability control over | can be deployed
and accessed | and lower | infrastructure | on public cloud
over the | upfront cost VMs
Internet
Private Cloud | Dedicated More control, | Higher Similar to
to a single | customization, | management controlled
organization and security cost experimental
Docker Swarm
setup
Community Shared by | Shared cost | Governance Useful for
Cloud organizations | and common | complexity academic or
with  similar | compliance government
needs cloud sharing
Hybrid Cloud | Combination Balance Integration Future extension
of two or more | between complexity for multi-
cloud models | scalability and cloud container
control scheduling

Need for resource management: The effectiveness of cloud computing depends on

how efficiently resources are allocated to workloads. Resource management includes

5
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provisioning, scheduling, monitoring, scaling, migration, and optimization. In
containerized environments, resource management becomes more dynamic because
containers are lightweight, can be created quickly, and can be scaled frequently. A
cloud system must continuously monitor CPU usage, memory consumption, task
density, network traffic, and application load. Based on this information, the system

should allocate or reallocate containers to maintain balanced utilization.

Resource allocation as a research problem: Resource allocation in cloud computing
is not a simple assignment problem. It involves multiple constraints and objectives,
including performance, resource utilization, response time, energy consumption, cost,
reliability, and service-level agreement requirements. In Docker Swarm environments,
the problem becomes: which node should receive a new container or service replica so
that the overall cluster remains balanced? This question forms the foundation of the

present research.

1.3 Virtualization and the Transition from Virtual

Machines to Containers

Virtualization is one of the major technological pillars of cloud computing Tablel.2. It
allows multiple isolated environments to run on the same physical hardware. The
traditional form of virtualization is virtual machine-based virtualization, where a
hypervisor creates and manages multiple virtual machines on a physical server. Each
virtual machine has its own guest operating system, virtual CPU, virtual memory,
virtual disk, and virtual network interface. This architecture provides strong isolation
and flexibility, but also consumes significant resources as shown in Table 1.3 and

Figure 1.3.

Virtual machine-based virtualization: Virtual machines are useful when applications
require strong isolation or different operating systems as explained in Figure 1.3. For
example, one virtual machine may run Linux while another runs Windows on the same

physical server. This makes VM-based virtualization suitable for heterogeneous
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enterprise environments. However, the requirement of a complete guest operating
system for each VM increases overhead. VM startup time is also comparatively higher
because the full operating system must boot. Storage usage is larger because each VM
image contains an operating system and application stack. These limitations become

important when applications need rapid scaling.

Container-based virtualization: Containerization provides a lighter alternative to
virtual machines. Containers share the kernel of the host operating system and run as
isolated processes. A container packages the application code, dependencies, libraries,
and runtime environment required to execute the application. Since containers do not
require a separate guest operating system, they start faster and consume fewer
resources. This makes them suitable for microservices, DevOps pipelines, continuous

deployment, and native cloud applications.

The Docker documentation describes Docker as an open platform for developing,
shipping, and running applications as shown in Figure 1.3, allowing applications to be
separated from the infrastructure so that software can be delivered quickly [1, 15, 16].
Docker Engine is described as an open-source containerization technology that follows
a client-server model with a long-running daemon process, APIs, and a command-line

client [17]

Why containers are preferred in cloud-native environments: Containers are
preferred because they provide portability, faster startup, higher density, and simplified
deployment. The same container image can run on a developer’s laptop, testing server,
private cloud, or public cloud. This reduces the common problem of environment
mismatch. Containers also support microservice architecture because each service can

be packaged and deployed independently.

Limitations of containers: Although containers provide many advantages, they also
introduce new resource-management challenges. Since containers share the host
kernel, multiple containers compete for CPU, memory, disk I/O, and network
bandwidth. If the scheduler places many resource-intensive containers on the same

node, performance degradation may occur. Therefore, the lightweight nature of
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containers does not eliminate the need for scheduling; rather, it makes intelligent

scheduling more important.

TaBLE 1.2: Comparison of Virtual Machines and Docker Containers

Parameter

Virtual Machine

Docker Container

Virtualization Level

Hardware-level virtualization

Operating-system-level

virtualization

Operating System

Each VM has a complete guest
OS

Containers share the host OS

kernel

Startup Time

Slower because full OS boots

Faster because only container

process starts

Resource Overhead

Higher due to guest OS and

virtual hardware

Lower due to shared kernel

Isolation

Strong isolation

Process-level isolation

Portability

Depends on VM image and

hypervisor

High  portability  through

container images

Resource Density

Lower number of instances per

host

Higher number of containers

per host

Scaling Speed

Comparatively slower

Faster and suitable for

microservices

Best Use Case

Strong isolation and

heterogeneous OS needs

Cloud-native applications and

microservices
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( VIRTUAL MACHINE AND CONTAINER ARCHITECTURE ]
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Ficure 1.2: Virtual Machine and Container Architecture [1-4]

1.4 Docker Ecosystem and Container Lifecycle

As shown in Table 1.3 and Figure 1.3 Docker is one of the most widely used
containerization platforms. It provides tools and mechanisms for building, packaging,
distributing, running, networking, and monitoring containers. The Docker ecosystem
consists of several important components, including Docker Engine, Docker client,
Docker daemon, Docker images, Docker containers, Docker registry, Dockerfile,

volumes, and networks [6].

Docker Engine: Docker Engine is the core runtime responsible for building and
running containers. It follows a client-server architecture. The Docker client sends
commands to the Docker daemon. The daemon builds images, starts containers,
manages networks, handles volumes, and communicates with registries.  This
architecture allows users and automation scripts to control containers through

command-line instructions or APIs.[7]

Docker image: A Docker image is a read-only template used to create containers. It
contains the application code, libraries, dependencies, runtime, environment variables,
and configuration instructions. Images are usually built using Dockerfiles. Since
images are layered, Docker can reuse existing layers and reduce storage duplication.

This improves efficiency in development and deployment.
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Docker container: A Docker container is a running instance of a Docker image. It
executes as an isolated process on the host operating system while sharing the host
kernel. Containers can be started, stopped, restarted, removed, inspected, and
monitored. Each container has its own filesystem, process space, and network

configuration, but the underlying resources are shared with other containers [8].

Docker registry: A Docker registry stores and distributes Docker images. Docker
Hub is a public registry, while organizations may also maintain private registries for
internal images.  Registries support image versioning and distribution across

development, testing, and production environments.

Dockerfile and image building: A Dockerfile is a text file containing instructions for
building a Docker image. It may specify the base image, application files, dependency
installation, environment variables, exposed ports, and startup commands. Dockerfiles
improve reproducibility because the same image can be rebuilt using the same

instructions [2].

Container lifecycle: The container lifecycle begins with application development and
image creation. The image is then pushed to a registry and pulled by the target
environment. A container is created from the image and then started. During
execution, the container consumes CPU, memory, disk, and network resources. It can
be monitored, scaled, stopped, restarted, or removed. In orchestration environments,

this lifecycle is automated [18].

10
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TaBLE 1.3: Docker Components and Their Role

Docker Component

Function

Role in Thesis Context

Docker Engine Builds and runs containers Provides container runtime for
the experimental environment
Docker Client Sends commands to Docker | Used by administrator or

daemon

Python orchestrator

Docker Daemon Manages images, containers,

networks, and volumes

Executes container operations

Docker Image Template for container creation

Used to deploy workload

containers

Docker Container Running instance of an image

Represents the workload to be

scheduled

Docker Registry Stores and distributes images Supports image availability
across nodes
Docker Network Provides communication | Required for Swarm services

among containers

Docker Volume Provides persistent storage

Useful for stateful applications

[ DOCKER CLIENT-SERVER ARCHITECTURE

)

{ &> DOCKERENGINE } {

" Container Runtime and Management.

&) DOCKERENGINE B ]

Container Runtime and Management

@ HOST 0S8

Shared Operating System Kemel

=S -
Y S e 5 8,

&5

@ HOST 0
& hared Operating System Kemel

=
E‘ﬂ O Haroware

S @

Storage Network,

USER /CLI DOCKER CLIENT

pull (dockerd)

( APl over

o DOCKER DAEMON }

Unix socket/TGP) 3

run
build

REGISTRY
COMMUNICATION |

The Docker Client sends commands to the Docker
Daemon via the Docker API, which then manages

IMAGES

CONTAINERS | [NETWORKS| | VOLUMES

Ca»

REGISTRY
(e.g. Docker Hub)

containers, images, and other resources. MANAGED OBJECTS

Ficure 1.3: Docker Client—Server Architecture
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1.5 Microservices, Containerized Applications, and

Orchestration

Modern cloud applications commonly use microservice architecture, where a large
application is divided into small, independent services. Each service handles a specific
function and communicates with others through APIs or lightweight protocols. This
approach improves modularity, scalability, maintainability, and deployment flexibility.

The comparison is shown in Figure 1.4 & Table 1.4.

Microservices and containers: Containers are highly suitable for microservices
because each microservice can be packaged as a separate container. This allows
different services to be developed in different languages, deployed independently, and
scaled according to demand. For example, in an e-commerce application, the user
service, product service, payment service, recommendation service, and notification

service may all run as separate containers [19].

Benefits of microservice deployment: Microservices improve development speed
because teams can work independently on different services. They improve fault
isolation because failure in one service does not necessarily stop the entire application.
They improve scalability because heavily used services can be scaled independently.
They also support continuous integration and continuous deployment because updates

can be rolled out service by service.

Challenges of microservice deployment: Microservices introduce new operational
challenges. A single user request may pass through multiple services. Some services
may be CPU-intensive, while others may be memory-intensive or network-intensive.
Poor placement of microservice containers may increase latency, resource contention,

and cascading delays. Therefore, orchestration and scheduling become critical[20].

Container orchestration:  Container orchestration refers to the automated
management of containers across multiple nodes. It includes deployment, scheduling,

scaling, networking, service discovery, rolling updates, monitoring, failure recovery,

12
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and load balancing. Without orchestration, managing many containers manually across

a distributed infrastructure becomes difficult and unreliable [5, 11].

Popular orchestration tools: Docker Swarm and Kubernetes are two widely known

orchestration platforms.

Kubernetes is a production-grade open-source system for

automating deployment, scaling, and management of containerized applications

[21-23]. Docker Swarm is Docker’s native clustering and orchestration mechanism. It

is si mpler and tightly integrated with Docker, making it suitable for lightweight

cluster environments and research experimentation.

TaBLE 1.4: Comparison of Docker Swarm and Kubernetes

Parameter Docker Swarm Kubernetes
Integration Native integration with Docker | Independent orchestration
platform

Setup Complexity Simple and lightweight More complex but feature-rich

Main Workload Unit Service and task Pod

Scheduling Basic scheduling with Swarm | Advanced scheduling with
manager filtering and scoring

Scalability Suitable for small to medium | Suitable  for  large-scale
clusters production clusters

Learning Curve Easier Steeper

Research Usefulness Good for controlled | Good for advanced

scheduling experiments

orchestration research

Relevance to Thesis

Experimental platform used

for DT+APSO

Future extension possibility

13
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Ficure 1.4: Containerized Microservice Deployment

1.6 Docker Swarm Architecture and Scheduling

Limitations

Docker Swarm is Docker’s native orchestration solution also shown in Figure 1.5 and
listed in Table 1.5. It enables multiple Docker hosts to be grouped into a single logical
cluster. A Docker Swarm cluster consists of manager nodes and worker nodes. The
manager node maintains cluster state, accepts service definitions, makes scheduling
decisions, and dispatches tasks. Worker nodes receive tasks from the manager and

execute them as containers.

Docker documentation explains that a node is an instance of Docker Engine
participating in the swarm as shown in Figure 1.5. To deploy an application, a service
definition is submitted to a manager node, and the manager dispatches tasks to worker
nodes [24, 25]. Docker also explains that a service represents the desired state and a

task performs the actual work scheduled on swarm nodes [6].

Manager node: The manager node is responsible for orchestration decisions. It
manages cluster membership, schedules tasks, monitors worker nodes, and ensures
that the desired number of service replicas is running. If a container fails, the manager

can reschedule it on another node.

14
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Worker node: Worker nodes execute the tasks assigned by the manager. They run
containers and report their status back to the manager. In a larger cluster, multiple

worker nodes may exist, each with different CPU, memory, and workload conditions.

Service and task: A service defines the desired state of an application. For example, a
service definition may specify that three replicas of a web application should be running.
A task is the actual execution unit assigned to a node. Each task usually corresponds to

one container instance.

Default scheduling limitations: Although Docker Swarm provides basic scheduling, it
does not fully consider advanced predictive resource behaviour. In practical situations,
a node may have fewer containers but higher CPU usage. Another node may have more
containers but lower resource pressure. A scheduler that only considers container count
may make poor placement decisions. Similarly, if the scheduler does not distinguish
between CPU-intensive and memory-intensive containers, it may overload one type of

resource.

Resource-awareness limitation: Default scheduling strategies are useful for simple
deployment, but they may not sufficiently use real-time CPU utilization, memory
pressure, active container count, task density, historical load behaviour, or future

overload risk. This creates the possibility of resource imbalance across nodes.

Need for intelligent scheduling: The present thesis addresses this limitation by
proposing a hybrid scheduling framework. The Decision Tree component classifies
node suitability based on real-time metrics, while APSO searches for an optimized
container placement.  This approach improves scheduling intelligence without

completely replacing the Docker Swarm platform.

15
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TaBLE 1.5: Limitations of Default Docker Swarm Scheduling

Limitation Explanation Impact
Limited resource | Scheduling may not deeply | Uneven utilization
awareness considler CPU and memory
pressure
Lack of prediction Future overload risk 1is not | Reactive scheduling
considered
Workload  similarity | Different workloads may be treated | Resource contention
assumption similarly

Limited adaptivity

Scheduling logic does not learn

from workload changes

Reduced performance

under dynamic load

Heterogeneity issue

Different node capacities may not

be fully reflected

Unfair placement

No metaheuristic

optimization

Placement is not optimized through

a search algorithm

Suboptimal allocation

Distributed System Architecture with Proposed Scheduler and Monitoring Layer

Monitoring Layer

Proposed
Scheduler

@

|

‘ cAdvisor H @ Prometheus H Grafana ‘
ry ry 7y

:I Manager Node

v v

‘ Worker Node 1 ’ ‘ Worker Node 2

Ficure 1.5: Docker Swarm Architecture with Monitoring Layer
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1.7 Load Balancing and Resource Allocation

Challenges in Container Clouds

Load balancing is one of the most important techniques for maintaining performance
and reliability in cloud computing. It distributes workload among available resources
so that no single node becomes overloaded while others remain underutilized. In
containerized environments, load balancing includes both request-level balancing and
resource-level balancing. Request-level balancing distributes incoming user requests
among service replicas. Resource-level balancing ensures that containers are placed

across nodes in a way that balances CPU, memory, and other resource usage.

Static and dynamic load balancing: Static load balancing methods use predefined
rules and do not change according to runtime conditions. They are simple but less
effective when workloads are dynamic. Dynamic load balancing methods use real-time
system information such as CPU utilization, memory usage, queue length, response
time, or node status. Dynamic methods are more suitable for cloud and container

environments because workload changes are frequent.

Centralized and distributed load balancing: In centralized approaches, one controller
collects system information and makes scheduling decisions. This is simpler but may
become a bottleneck or single point of failure. In distributed approaches, multiple nodes
participate in decision-making. This improves scalability but increases coordination

complexity.

Resource allocation in Docker containers: Resource allocation involves assigning
CPU, memory, storage, and network capacity to containers. In Docker Swarm, it also
involves deciding which worker node should run a container task. The quality of this
decision affects overall performance. Poor placement can lead to CPU saturation,

memory pressure, increased response time, and reduced service stability.

CPU utilization: CPU utilization indicates how much processing capacity is being used

by a container or node. High CPU utilization may indicate heavy computation, but if it

17
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remains high for a long time, it can cause delays and bottlenecks. In the present thesis,

CPU utilization is a major metric for evaluating scheduling quality.

Memory utilization: Memory utilization indicates how much RAM is being
consumed. High memory pressure can lead to swapping, degraded performance, or
container failure. Memory-aware scheduling is therefore important. A scheduler that

focuses only on CPU may still create a memory imbalance.

Resource imbalance: Resource imbalance occurs when one node carries a larger
workload than others. For example, one worker node may have high CPU and memory
usage while another node remains lightly loaded. Such imbalance reduces the

effectiveness of the cloud resource pool.

Interference among containers: Containers running on the same node share the host
kernel and hardware resources. If multiple CPU-intensive containers are placed on
the same node, they may compete for processor time. If multiple memory-intensive
containers are placed together, they may cause memory pressure. Therefore, container

placement should consider the resource profile of workloads.

Energy and cost implications: Resource imbalance also affects energy consumption
and operational cost. Overloaded nodes may consume more power, while underutilized
nodes waste capacity. Efficient resource allocation can reduce dynamic CPU power

consumption and improve infrastructure utilization.

1.8 Intelligent Scheduling Using Machine Learning and

Decision Tree

Machine learning can improve cloud resource scheduling by learning patterns from
historical and real-time data. Instead of relying only on static rules, machine learning
models can classify workload states, predict future resource usage, and support better
decision-making. In container environments, machine learning can be used to estimate
how many replicas are needed, identify overloaded nodes, predict workload growth, or
classify node suitability.

18



Intelligent Scheduling Using Machine Learning and Decision Tree 19

Why machine learning is useful for scheduling: Cloud workloads are dynamic and
often non-linear. CPU usage, memory consumption, request rate, and response time
may change rapidly. Manual rules may not capture these variations effectively. Machine
learning models can learn relationships among system parameters and support more

adaptive scheduling.

Decision Tree as a scheduling support model: A Decision Tree is a supervised
learning algorithm that classifies data through a tree-like structure of decisions. It
splits data based on feature values and produces a class label or prediction. Decision
Trees are useful in scheduling because they are interpretable and computationally
efficient. A Decision Tree can classify a node as underloaded, balanced, or overloaded

based on CPU and memory usage.

Node suitability analysis: Node suitability refers to whether a node is appropriate for
receiving a new container task. A suitable node should have enough CPU and memory
capacity and should not show signs of future overload. In the proposed thesis, the

Decision Tree model evaluates node suitability using real-time system parameters.

Input features for Decision Tree: Possible input features include CPU utilization,
memory utilization, active container count, historical CPU slope, memory growth trend,
task density, and CPU throttling rate. These features represent the current and near-

future state of each node.

Decision Tree output: The Decision Tree output can be represented as a load class or
cost score. For example, a low-load node may receive a low cost, a medium-load node
may receive a moderate cost, and a high-load node may receive a high cost. This cost

can then be integrated into the APSO fitness function.

Advantages of Decision Tree: The Decision Tree model is easy to interpret, fast to
execute, and suitable for real-time decision support. It does not behave like a black-box
model in the same way as many complex machine learning methods. For a PhD thesis
based on resource allocation, this interpretability is useful because it helps explain why

a node is selected or avoided.

19
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Limitations of Decision Tree: A Decision Tree may become less accurate if workload
patterns change significantly and the model is not updated. It may also overfit if not
properly controlled. However, in the proposed model, Decision Tree is not used alone.

It is combined with APSO, which performs the optimization step.

1.9 Thesis Organization, Key Terminology, and

Chapter Summary

Organization of the thesis: The thesis is organized into six chapters. Chapter 1
introduces the research background, cloud computing fundamentals, virtualization,
containerization, Docker, Docker Swarm, load balancing, resource allocation, Decision
Tree, APSO, proposed framework, problem statement, objectives, scope, and
significance. Chapter 2 presents a detailed review of literature related to cloud resource
allocation, Docker container scheduling, load balancing, PSO-based optimization, and
machine learning-based scheduling. Chapter 3 explains the proposed methodology,
system architecture, mathematical model, Decision Tree classifier, APSO algorithm,
monitoring tools, and experimental workflow. Chapter 4 presents data analysis and
experimental results. Chapter 5 discusses the findings with respect to objectives and
literature. Chapter 6 concludes the thesis and provides recommendations and future

research directions Table 1.6 Shows Key terminology used in thesis.
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TaBLE 1.6: Important Terminology Used in the Thesis

Term Meaning in This Thesis

Cloud Computing | On-demand delivery of shared computing resources over a network.
Container Lightweight isolated environment sharing the host OS kernel.
Docker Platform for building, running, and managing containers.

Docker Image

Template used to create containers.

Docker Container

Running instance of a Docker image.

Docker Registry

Repository for storing and distributing Docker images.

Docker Swarm

Native Docker orchestration platform for container clusters.

Manager Node Swarm node responsible for scheduling and cluster management.
Worker Node Swarm node responsible for executing assigned tasks.

Service Desired state of an application in Docker Swarm.

Task Actual unit of work scheduled on a Swarm node.

Load Balancing Distribution of workload to avoid overload and underutilization.
Resource Assignment of CPU, memory, and workload to available nodes.
Allocation

Decision Tree Classifier used for node suitability analysis.

PSO Particle Swarm Optimization, a population-based optimization
algorithm.

APSO Adaptive PSO with dynamically adjusted optimization parameters.

DT+APSO Proposed hybrid Decision Tree and Adaptive PSO scheduling

framework.

Chapter summary: This chapter establishes the conceptual foundation of the thesis
by tracing the evolution of cloud computing from traditional service models and
virtualization to lightweight containers, microservices, and Docker Swarm
architecture. After identifying critical scheduling limitations, load-balancing hurdles,
and resource allocation challenges in modern cloud environments, the chapter explores
intelligent solutions, including Decision Tree node suitability analysis and Adaptive
Particle Swarm Optimization (APSO). It concludes by introducing the proposed
DT+APSO framework, a hybrid, machine learning-driven approach designed to

optimize container scheduling and resource allocation in Docker Swarm.
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The next chapter presents the review of literature, where existing research on Docker
container scheduling, load balancing, PSO-based resource allocation, machine learning-

based scheduling, and hybrid optimization techniques is critically analyzed.
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CHAPTER 2

Literature Survey

2.1 Introduction

The purpose of this chapter is to present a detailed and critical review of the literature
related to Optimized Resource Allocation for Docker Container-Based Cloud
Environments Using Hybrid Adaptive PSO and Decision Tree. The review is organized
around the core research themes of the thesis: cloud computing, virtualization, Docker
containerization, container orchestration, Docker Swarm scheduling, load balancing,
container resource allocation, machine learning-based scheduling, Particle Swarm
Optimization-based scheduling, and  hybrid intelligent  optimization

techniques|9, 26, 27].

Container-based cloud computing has become a major research direction because
containers provide a lightweight and portable alternative to traditional virtual
machines. However, as the number of containers increases across distributed cloud
nodes, resource allocation and load balancing become increasingly complex. The
major challenge is to place containers or service replicas across available nodes in such
a way that CPU utilization, memory usage, service response, and resource fairness
remain stable. The approved thesis of this research identifies this problem by stating
that existing Docker Swarm schedulers lack adaptability to dynamic cloud workloads,
resulting in poor load balancing, node overloading, and inefficient resource utilization.
The same thesis defines the objective of developing a hybrid Adaptive Particle Swarm
Optimization and Decision Tree-based framework for Docker Swarm resource

allocation [27, 28].
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The literature shows that earlier work in this area evolved from traditional
load-balancing algorithms and virtual machine scheduling toward container
scheduling, microservice orchestration, predictive resource allocation, and
metaheuristic optimization. Several researchers have used methods such as Round
Robin, Weighted Round Robin, First Fit, Bin Packing, Ant Colony Optimization,
Particle Swarm Optimization, machine learning, reinforcement learning, and
multi-objective optimization for cloud scheduling. However, the problem is still open
because no single scheduling method performs best under all types of workload,

cluster sizes, resource heterogeneity, and dynamic runtime conditions.

The first research paper related to this thesis emphasizes that cloud applications face
several challenges of docker container. It also explains that Docker, Kubernetes, and
related container technologies are increasingly used to improve deployment and load
balancing, but efficient resource utilization remains a major concern [29]. The second
research paper further extends this direction by proposing the combination of PSO and
Decision Tree Classification, where PSO searches for optimal resource configurations
and Decision Tree Classification identifies patterns in historical resource utilization for

predictive modelling [30].

This chapter is therefore written as a state-of-the-art literature review, not only as a
summary of existing work. It compares prior research, identifies limitations, and
establishes the research gap addressed by the proposed DT+APSO model. The review
also connects earlier studies with the specific objectives of this thesis, especially
intelligent node suitability analysis, adaptive swarm-based optimization, Docker

Swarm-based implementation, and CPU/memory-aware performance evaluation.

A literature review in this area must cover three layers of research. The first layer
includes general cloud computing and virtualization studies, which explain why
containers emerged as a lightweight alternative to virtual machines. The second layer
includes Docker, Docker Swarm, Kubernetes, and container orchestration studies,
which explain how containers are deployed and managed across clusters. The third
layer includes scheduling algorithms, machine learning methods, metaheuristic

approaches, and hybrid optimization models, which are directly related to the thesis
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contribution. The proposed DT+APSO method is positioned in the third layer, but it is
strongly dependent on the first two layers because scheduling decisions are meaningful

only when the underlying cloud and container architecture is clearly understood.

2.2 Evolution of Cloud Resource Management from

Virtual Machines to Containers

Cloud computing originally relied heavily on hypervisor-based virtual machines.
Virtual machines enabled multiple guest operating systems to run on the same physical
server, thereby improving hardware utilization. However, virtual machines require a
full guest operating system, virtual hardware abstraction, and significant memory and
storage resources. This overhead becomes a limitation when applications must be

deployed rapidly or scaled frequently.

Container-based virtualization emerged as a lightweight alternative. Containers share
the host operating system kernel and package only the application and its
dependencies. Because containers do not require a separate guest operating system,
they start faster, consume fewer resources, and provide higher deployment density. In
contrast, container-based virtualization uses a container engine such as Docker, shares

the host kernel, and supports faster execution and portability [6, 24].

Docker became popular because it simplified the process of building, packaging, and
deploying applications. Docker images provide portability, while Docker containers
provide isolated execution. In cloud-native environments, containers are especially
suitable for microservices because each service can be independently packaged,

deployed, scaled, and updated.

However, containerization does not eliminate resource-management problems. In fact,
the dynamic nature of containers makes scheduling more complex. A container may be
short-lived, lightweight, CPU-intensive, memory-intensive, or network-intensive.

When hundreds or thousands of containers run across multiple nodes, poor placement
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can lead to CPU bottlenecks, memory pressure, network congestion, and unstable

service performance.

The shift from virtual machines to containers can be seen as a shift from
coarse-grained resource allocation to fine-grained resource allocation. In virtual
machine-based environments, the scheduler usually assigns a relatively large VM
instance to a physical host. In a container-based environment, many small containers
may run simultaneously on the same host. This increases packing density but also
increases the risk of resource interference. Two containers running on the same node
may compete for CPU cycles, memory pages, disk I/O, network bandwidth, or cache
resources. Therefore, container scheduling cannot be treated as a simple extension of

VM placement; it requires its own resource-aware logic detailed comparison shown in

Figure 2.1 and Table 2.1.

In traditional virtualized data centers, VM migration was often used to correct
imbalance. In container-based systems, container instances are generally recreated or
rescheduled rather than migrated in the same manner as full VMs. This makes
container orchestration faster, but it also requires accurate scheduling decisions at the
time of placement. The lightweight nature of containers allows fast scaling, yet
frequent scaling without intelligent placement may lead to oscillation, uneven load, or

unnecessary resource consumption.
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TasLE 2.1: Virtual Machine and Container-Based Virtualization
Parameter Virtual Machine-Based | Container-Based Relevance to Thesis
Virtualization Virtualization
Virtualization level | Hardware-level through | OS-level through shared | Thesis focuses on
hypervisor kernel container-level scheduling
Operating system Each VM has separate | Containers share host OS | Reduces overhead but
guest OS kernel increases shared-resource
contention
Startup time Slower because complete | Faster because container | Important for dynamic

guest OS must boot

process starts directly on

host kernel

service scaling

Resource overhead

High due to guest OS

Low due to shared kernel

Supports higher density

dependent

and virtual hardware | and lightweight packaging | but requires better
abstraction scheduling
Isolation Stronger isolation through | Comparatively lighter | Requires careful resource
VM boundary process-level isolation and security management
Portability VM-image and hypervisor | High image portability | Useful in Docker-based

through Docker images

deployments

Scheduling issue

VM placement and VM

migration

Container placement and

replica allocation

Thesis addresses Docker

container placement

Main challenge

Reducing VM overhead

and migration cost

Avoiding container

resource imbalance and

interference

Supports DT+APSO

research direction

Early Era

-+-- VM-Based Cloud Era -~

¢~ Container-Based Cloud Era

=

=

3 <

°
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Ficure 2.1: Evolution from VM-Based Cloud to Container-Based Cloud
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The literature indicates that containerization improves speed and resource density, but
it creates a new scheduling problem: how to allocate lightweight but highly dynamic
workloads across shared nodes. This forms the foundation for the present thesis. The
proposed research therefore does not merely compare VMs and containers; it uses the
containerization advantage as the basis for developing an intelligent scheduling model

that can preserve container benefits while reducing the limitations of default placement.

2.3 Docker Container Ecosystem, Microservices, and

Orchestration Platforms

Docker provides a practical ecosystem for container creation, execution, distribution,
and orchestration. Its main components include Docker Engine, Docker images,
Docker containers, Docker registries, Docker networks, and Docker volumes. Several
studies describe Docker technologies through four core components: Docker
client/server, Docker images, Docker registries, and Docker containers. Docker is
generally considered superior to traditional VM architecture in speed, portability, rapid
delivery, and density, while still facing limitations such as security and scheduling

issues [1, 15, 31].

Microservice architecture has increased the importance of containers, In a microservice-
based system, an application is divided into several independent services. Each service
can be deployed as a separate container. This enables independent scaling and rapid
deployment, but it also increases scheduling complexity because service instances may

have different workload characteristics.

Container orchestration platforms automate the deployment, scaling, scheduling,
networking, and monitoring of containers. The most widely used platforms are Docker
Swarm and Kubernetes. Docker Swarm is simpler, Docker-native, and suitable for
lightweight orchestration, while Kubernetes provides advanced scheduling,

autoscaling, service discovery, and cluster-management functions.
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Recent literature confirms that container orchestration remains a central problem in
cloud-native systems. Senjab et al. reviewed Kubernetes scheduling algorithms and
categorized them into generic scheduling, multi-objective optimization-based
scheduling, Al-focused scheduling, and autoscaling-enabled scheduling, while
identifying several unresolved issues for future research [14]. Carrién also examined
Kubernetes scheduling taxonomy and ongoing issues, showing that scheduling gaps

remain relevant even in advanced orchestration platforms [13].

Although Kubernetes dominates large-scale cloud-native orchestration, Docker Swarm
remains useful for research because of its lightweight design, simpler configuration, and
direct integration with Docker Engine. The present thesis uses Docker Swarm as the
experimental platform because it allows controlled evaluation of scheduling strategies

such as default Swarm scheduling, standard PSO, and the proposed DT+APSO model.

The Docker ecosystem is not limited to running containers. It also supports image
repositories, overlay networks, service definitions, task replication, health checks, and
cluster membership. These features allow Docker Swarm to act as a lightweight cloud
orchestration platform. However, the scheduling layer of Docker Swarm is less flexible
than the scheduling framework available in Kubernetes. This difference is important for
the present thesis because it creates an opportunity to improve Docker Swarm through

an external intelligent optimization model.

A microservice-based application can have several different execution profiles. Some
services may be stateless, some may be stateful, some may be request-intensive, and
others may be computation-intensive. If a scheduler simply spreads containers without
considering the nature of the services, it may produce an apparently balanced container
count but an unbalanced resource state. For example, two CPU-intensive replicas placed
on the same worker may create a CPU bottleneck even if the number of containers on the
node appears reasonable. This is why the literature increasingly emphasizes resource-

aware and prediction-aware scheduling.
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TaBLE 2.2: Docker Swarm and Kubernetes in Scheduling Research

Feature Docker Swarm Kubernetes Research Implication
Architecture Manager-worker model | Control plane-worker | Both require intelligent
node model placement
Scheduling unit Service/task Pod Both assign workloads to
nodes
Configuration Lower Higher Swarm is suitable
complexity for  controlled  PhD
experiments
Scheduling Basic built-in | Advanced Swarm offers scope for
flexibility scheduling filtering/scoring external optimization
framework

Monitoring Possible through | Strong ecosystem | Thesis uses Prometheus,

integration cAdvisor, Prometheus, | support cAdvisor, and Grafana
Grafana

Research gap Limited Complex multi- | Supports hybrid
predictive/adaptive objective  scheduling | intelligent scheduling
scheduling still open

Practical thesis | Easy to implement and | Suitable for future | DT+APSO can later

relevance evaluate in a small | large-scale extension be generalized toward
cluster Kubernetes

24 Load Balancing in Cloud and Container-Based

Environments

Load balancing is a fundamental technique in distributed computing and cloud

computing. It distributes workloads across available computing nodes so that no node

remains overloaded while another remains idle.

Effective load balancing improves

response time, resource utilization, scalability, availability, and reliability. Figure 2.2

shows classifications of Load balancing approaches.
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Ficure 2.2: Classification of Load-Balancing Algorithms

Liu et. al .explain that load balancing maps incoming jobs to available resources and
aims to distribute workloads evenly across nodes. They further state that ideal load
balancing prevents nodes from being overloaded or underloaded. Load-balancing
algorithms can be classified into static and dynamic approaches, and further into
centralized, decentralized, cooperative, non-cooperative, adaptive, non-adaptive,

sender-initiated, receiver-initiated, and pre-emptive categories [22, 32, 33].

In containerized environments, load balancing operates at two levels. The first is
request-level load balancing, where user requests are distributed across service
replicas. The second is resource-level load balancing, where containers are placed
across nodes to balance CPU, memory, I/O, and network usage. The present thesis
focuses mainly on the second type: resource-level load balancing through optimized

container placement.

Traditional approaches such as Round Robin, Weighted Round Robin, First Come First
Serve, and Least Connection are simple but often fail under dynamic workloads. They
generally do not consider future resource pressure, task density, node heterogeneity, or
historical workload trends. We also note that traditional methods such as Round Robin,
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FCFS, and least connection are not sufficient because they cannot manage dynamic

workloads effectively [22, 34].

Cloud load balancing is inherently complex because "load" is a multidimensional
metric encompassing factors like CPU, memory, disk I/O, and network traffic;
however, relying on only one or two indicators can cause scheduling failures, such as
assigning a task to a low-CPU node that is already suffering from critical memory
exhaustion. To address this, the present thesis focuses on CPU and memory utilization
as the primary performance indicators since both are directly measurable and vital to
Docker Swarm stability, where CPU imbalance causes processing delays and memory
imbalance leads to severe service instability. Consequently, modern load-balancing
literature directly informs the proposed DT+APSO model, which is specifically
designed to evaluate these multiple, interconnected indicators simultaneously for

optimal container allocation.

The literature suggests that dynamic, adaptive, and predictive load balancing is more
suitable for modern container environments than static scheduling. This directly

supports the proposed hybrid DT+APSO approach.

2.5 Container Scheduling and Resource Allocation:

State of the Art

Container scheduling determines where containers or service replicas should run in a
cluster. The scheduler must consider resource availability, workload demand, node
health, service constraints, performance requirements, and sometimes energy or cost.
The container scheduling problem is challenging because workloads are dynamic,
resource requirements are multi-dimensional, and cluster conditions change

continuously.

Ahmad et al. presented a major survey and assessment of container scheduling
techniques. They observed that despite the increasing use of containers in cloud

computing, container scheduling remains an active research area requiring more
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systematic study. Their survey classifies existing techniques and identifies research
opportunities in scheduling, resource allocation, and optimization [7, 18]. Netaji et al
[18]. also reviewed container resource allocation, management, and scheduling, noting
that resource allocation in containerized cloud environments must dynamically or

statically allocate CPU, memory, disk, and other resources to users [18].

Several container scheduling and load-balancing approaches have been reported in the
literature. ~ These include machine learning-based scheduling in microservice
architecture, lightweight virtualization for big data applications, chain-oriented load
balancing, dynamic priority-based weighted scheduling, decentralized microservice
load balancing, Docker Swarm scheduling strategy, Kubernetes resource scheduling,

and dynamic web-cluster balancing using Docker containers.

Container scheduling can be understood as a mapping problem. A set of containers or
service replicas must be mapped onto a set of available nodes. This mapping must
respect resource constraints and performance objectives. In the simplest case, the
scheduler may use available CPU or memory as the decision factor. In more advanced
cases, the scheduler may consider current load, predicted load, response time, energy

cost, service-level agreement, failure probability, and migration overhead.

The scheduling problem becomes more complicated when containers are part of a
microservice chain. A microservice chain may include several dependent services, and
the performance of one service may affect the response time of the entire chain. A
scheduler that optimizes only individual container placement may fail to optimize the
full service-chain behaviour. Some literature therefore focuses on chain-oriented or
latency-aware scheduling. However, these approaches may not fully address CPU and
memory imbalance across Docker Swarm nodes, which remains the focus of the

present thesis.
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TaBLE 2.3: Summary of Container Scheduling Approaches from Literature

Approach

Main Objective

Major Advantage

Limitation

Metrics Used

Machine learning-based

Improve application

Maintains load pressure and

Inter-service relationships

Response time, load

microservice scheduling  performance using enhances overall system are not fully considered pressure
[5] machine learning models performance
Lightweight Improve the execution of ~ Spark and Docker-based Limited to large-scale CPU, memory, disk

virtualization for big data

[35, 36]

big data workloads

execution may reduce

processing time

applications and selected

workloads

usage, execution time

Chain-oriented load

balancing [37]

Balance workload across

microservice chains

Reduces latency through
priority queue-based

processing

Shorter service chains
may be affected during

scheduling

Latency, processing

capacity

Dynamic priority

weighted scheduling [22]

Reduce latency in chained

microservice execution

Dynamically adjusts request

priority during scheduling

Leaf nodes are not fully

balanced

Latency, priority queues

Continued on next page
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Table 2.3 — continued from previous page

Approach

Main Objective

Major Advantage

Limitation

Metrics Used

Decentralized
microservice load

balancing [26]

Support live migration

and distributed scheduling

decisions

Container migration is
faster than traditional VM

migration

Microservice management
becomes more complex in

distributed settings

Migration time, service

management

Docker Swarm

scheduling strategy [24]

Improve service
scheduling using SLA-

based service classes

Supports priority-based

categorization of services

Requires stronger dynamic

consolidation support

Energy consumption,

SLA, cost

Kubernetes resource

Improve pod allocation

Hybrid ACO-PSO

Pod selection may not be

Efficiency, resource

scheduling [13] and resource utilization scheduling shows promising fully dynamic allocation
performance

Dynamic Docker web- Improve availability and Performs better than Applicability is limited Concurrency,

cluster strategy [38] concurrency in Docker- traditional Round Robin to specific deployment availability

based clusters

scheduling

scenarios

Continued on next page

1Y 9] JO 9181S :UONBIO[[Y 92IN0SIY pue SUInpayos Ioureiuo))

G¢



9¢

Table 2.3 — continued from previous page

Approach

Main Objective

Major Advantage

Limitation

Metrics Used

Container consolidation

with prediction [39]

Reduce active physical
machines while

maintaining QoS

Supports energy-aware

container placement

Requires accurate
prediction and efficient

migration logic

Energy consumption,

SLA, CPU usage

Hybrid intelligent
scheduling [21]

Combine learning-
based prediction with
optimization-based

scheduling

Supports adaptive and
intelligent scheduling

decisions

Requires careful model
tuning and monitoring

integration

CPU usage, memory
usage, resource

efficiency
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A major observation from this literature is that many algorithms improve one aspect of
scheduling but remain limited in other aspects. For example, latency-focused methods
may not optimize memory utilization. SLA-based methods may not address CPU
variance. Machine learning methods may classify load but may not perform placement
optimization.  This motivates the need for a hybrid framework that combines

classification and optimization.

2.6 Machine Learning-Based Scheduling and

Prediction in Container Clouds

Machine learning has become important in cloud resource management because cloud
workloads are dynamic and difficult to predict using static rules. Machine learning
models can learn from historical and real-time monitoring data and support proactive
decisions. In container scheduling, ML may be used for load prediction, autoscaling,

node classification, anomaly detection, or resource-demand estimation.

Previous studies on machine learning-based scheduling in microservice architecture
used algorithms such as Artificial Neural Networks and SVM. The CSML approach
improved cluster performance and adjusted container load pressure, but future work
was needed to consider relationships between services [5]. A recent trend is toward
workload prediction for proactive scheduling. An efficient load prediction-driven
scheduling strategy proposed in 2023 specifically addresses container-cloud
scheduling using load prediction [35, 40]. Similarly, Feng et al. emphasized that
workload prediction is critical for proactive resource management of cloud

applications because accurate prediction supports better resource provisioning [39].

Decision Tree-based methods are attractive in this context because they are
interpretable, fast, and suitable for rule-based node suitability analysis. Our Study
explain that a Decision Tree can classify containers as overloaded, underutilized, or
balanced using real-time resource parameters such as CPU usage, memory

consumption, and request rate. They further note that Decision Trees are useful for
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real-time Docker load balancing because they process data quickly, although retraining

may be needed when workload patterns change [16, 33].

Machine learning-based resource management has two major advantages. First, it
allows the scheduler to move from reactive decision-making to proactive
decision-making. A reactive scheduler responds only after a node becomes overloaded.
A predictive scheduler can avoid overload by identifying risk before placement.
Second, machine learning can help convert raw monitoring metrics into meaningful
scheduling information. For example, CPU usage, memory pressure, and container

count can be converted into a node suitability class.

However, machine learning models also have limitations. A model trained on one
workload may not generalize to another workload. Complex models may require large
amounts of data and significant training time. Some models are difficult to interpret. In
contrast, Decision Tree models are easier to understand because they produce
rule-based decisions. This is why a Decision Tree is suitable for the proposed thesis: it
can act as a transparent node-suitability model and can be integrated with APSO

without introducing excessive computational overhead.
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TaBLE 2.4: Machine Learning Methods for Container Scheduling [5]

cost

ML Method Possible Use in | Strength Limitation Relevance to Thesis
Container Cloud
Decision Tree Node/load classification Interpretable and | May require | Used in proposed
fast retraining model
Random Forest Improved  classification | Reduces overfitting | Higher Future extension
accuracy computational

SVM Load classification Works with smaller | Harder to interpret | Reviewed in prior ML
datasets and tune scheduling

ANN Workload prediction Handles nonlinear | Needs more training | Useful for autoscaling
patterns data

LSTM Time-series workload | Captures temporal | Computationally Future predictive

prediction behaviour heavier scheduling

Reinforcement Scheduling policy learning | Learns from | Complex training | Future intelligent

Learning feedback and reward design scheduler

Gradient Node suitability prediction | High predictive | Less  interpretable | Future =~ comparison

Boosting performance than simple tree method

The literature supports as shown in Table 2.4 the use of machine learning for
predicting or classifying resource conditions. However, prediction alone does not solve
the container placement optimization problem. Therefore, the present thesis integrates

Decision Tree with APSO to combine classification with search-based optimization.

2.7 Particle Swarm  Optimization-Based Load

Balancing and Scheduling

Particle Swarm Optimization is a population-based metaheuristic inspired by the
movement of birds and fish. It has been widely applied to scheduling, resource
allocation, clustering, routing, and optimization problems. In container scheduling,
each particle can represent a possible mapping of containers to nodes. The fitness

function evaluates each mapping based on CPU usage, memory usage, load variance,

or other scheduling objectives.
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Reseracher reviewed PSO variants for Docker container load balancing. They explain
that standard PSO treats each particle as a potential solution for distributing Docker
containers across nodes. They also discuss variants such as TMPSO [29], Adaptive PSO
[41], MOPSO [19], HPSO [38], CPSO, DPSO, QPSO, Hybrid PSO [42], DMS-PSO,
OBL-PSO, Chaotic PSO, and CF-PSO . The same paper reports comparative results
for PSO, TMPSO, and Adaptive PSO, where average CPU load, memory usage, and

execution time were compared across five containers.

Chen and Xiao [19] proposed a multi-objective and parallel PSO algorithm for
container-based microservice scheduling. Their MOPPSO-CMS model considers
physical-node resources, cluster load balancing, local load balancing, failure rate, and
user requirements. This work is important because it shows that PSO can be extended

from single-objective scheduling to multi-objective container scheduling.

The literature indicates that PSO is useful because it is simple, fast, and flexible.
However, standard PSO may suffer from premature convergence, especially when
inertia and acceleration coefficients are fixed. Adaptive PSO addresses this issue by
dynamically adjusting parameters to balance exploration and exploitation. Researcher
state that Adaptive PSO dynamically adjusts the swarm’s behaviour in response to
workload fluctuations, making it effective for real-time optimization in containerized

environments [29].

The proposed thesis improves the classical PSO-based scheduling idea by introducing
two important enhancements. First, it uses Adaptive PSO instead of fixed-parameter
PSO, allowing dynamic adjustment of search behaviour. Second, it integrates Decision
Tree-based node suitability into the placement evaluation process. This combination
allows the algorithm to search efficiently while being guided by resource-state

classification.
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TaBLE 2.5: PSO Variants and Their Relevance to Container Scheduling

PSO Variant Main Feature Strength Limitation Relevance to Thesis
Standard PSO Uses fixed inertia and | Simple and fast May converge prematurely | Baseline comparison
learning coefficients
TMPSO Uses additional memory Balances exploration and | Increased complexity Reviewed in comparative
exploitation study
Adaptive PSO Dynamically adjusts | Better for dynamic | Needs tuning strategy Core optimization method
parameters workloads
MOPSO Handles multiple | Useful for CPU, memory, | Higher computational cost | Future extension
objectives cost, latency
HPSO Hierarchical particle | Useful for multi-level | More complex design Related work
structure scheduling
CPSO Cooperative  particle or | Improves distributed | Requires coordination | Useful for future distributed
swarm structure search among sub-swarms scheduling
DPSO Discrete search space Suitable for placement | May need mapping logic Relevant to  container
decisions placement
QPSO Quantum-behaved search | Improves global search | Requires parameter tuning | Related to advanced PSO
mechanism potential research
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PSO Variant Main Feature Strength Limitation Relevance to Thesis
Hybrid PSO Combines PSO with other | Improves robustness More parameters Similar direction to
methods DT+APSO
DMS-PSO Uses multiple swarms Adapts to dynamic | Coordination overhead Future extension
environments
OBL-PSO Uses opposition-based | Enhances population | Adds computational step Helps avoid local optima
learning diversity
Chaotic PSO Uses chaotic sequences Helps escape premature | May become unstable if | Relevant to dynamic
convergence not tuned workload search
Constriction  Factor | Uses constriction factor for | Improves convergence | Requires correct coefficient | Related to convergence
PSO stability stability setting control
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The reviewed PSO literature supports the use of Adaptive PSO in this thesis because

Docker Swarm workloads are dynamic and require continuous adjustment.

2.8 Container Consolidation, Energy Awareness, and

Multi-Resource Scheduling

Container consolidation [6, 34, 39]refers to the process of placing containers on a
smaller or more efficient set of nodes while maintaining performance and service-level
requirements. Consolidation is closely related to resource allocation, load balancing,
and energy efficiency. A good consolidation strategy should avoid both overloading

and underutilization.

Liu et al. proposed SLA-driven container consolidation with usage prediction for
green cloud computing. Their approach considers current and predicted CPU
utilization to detect overutilized and underutilized machines and supports
energy-efficient management while maintaining SLA constraints [42]. This work is
relevant because it shows that prediction-based resource management can reduce

energy usage and improve consolidation decisions.

Recent work has also addressed multi-resource prediction. Awad et al. proposed a
multi-resource predictive workload consolidation approach that focuses on resource
prediction, overload detection, and underload detection [39]. This direction supports
the argument that CPU-only scheduling is insufficient and that memory and other

resources must also be considered.

In 2025, Liu et al. proposed a Kubernetes-based containerized workflow resource
allocation scheme named CWRA. Their method predicts future workflow tasks during
the current task pod’s lifecycle and uses dynamic resource scaling to manage high
concurrency [12]. The related ARAS work also reported improvements in workflow
duration and CPU/memory resource usage by considering future workflow task

requests [43].

43



Literature Survey 44

These studies show that current research is moving from static allocation toward
prediction-aware, workflow-aware, and multi-resource-aware scheduling. The present
thesis is aligned with this direction because it uses Decision Tree-based suitability
analysis and APSO-based optimization to balance CPU and memory utilization in

Docker Swarm.

Energy awareness is another important direction in container scheduling. A scheduling
strategy that reduces CPU load imbalance can indirectly reduce dynamic power
consumption because heavily loaded processors consume more energy than lightly
loaded processors. However, the relationship between load balancing and energy
consumption is not always straightforward. Consolidating containers onto fewer nodes
may save energy by allowing some nodes to become idle, but it may also increase
resource contention if too many containers are packed together.  Therefore,
energy-aware scheduling must balance consolidation with performance. The present
thesis focuses primarily on CPU and memory balance, but its framework can be

extended to include energy as an additional fitness component.

Multi-resource scheduling is necessary because CPU and memory behave differently.
CPU load may fluctuate rapidly, while memory usage may remain stable for longer
periods. A node may show low CPU usage but high memory pressure, or high CPU
usage with sufficient memory availability. A scheduler that evaluates only one metric
may therefore make incorrect decisions. The proposed DT+APSO method uses CPU
and memory as core indicators and can be further extended to include network, disk

I/O, and energy metrics shown in Table 2.6
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TaBLE 2.6: Recent Prediction and Consolidation-Oriented Studies

Study Year Platform / Scope Main Method Main Contribution Gap for Present Thesis
Liu et al. [32] 2020 Container cloud SLA-driven usage | Energy-aware Focuses mainly on
prediction consolidation consolidation, not
DT+APSO
Chen and Xiao | 2021 Container-based Multi-objective parallel | Multi-objective Focuses on microservice
[19] microservices PSO container scheduling scheduling rather
than Docker Swarm
DT+APSO
Ahmad et al. [7] 2022 Container scheduling | Taxonomy of scheduling | Broad classification of | Survey only, no
survey techniques scheduling methods implementation
Carrioén [13] 2022 Kubernetes scheduling | Taxonomy and issue | Identifies  gaps  in | Kubernetes-focused, not
analysis Kubernetes scheduling | Docker Swarm-specific
Awad et al. [39] 2023 Cloud workload | Multi-resource Overload/underload VM/cloud focus, less
consolidation prediction detection Docker Swarm-specific
Shan et al. / ARAS | 2023 Kubernetes workflow Adaptive resource | Predicts future | Workflow-specific, not
[43] allocation workflow requests Swarm-specific

SuINpayoS 90IN0SIY-NNJA PUL ‘SSAUIBMY ASIOUH ‘UONBPI[OSUO)) IQUIBIUO))

9%



14

Study Year Platform / Scope Main Method Main Contribution Gap for Present Thesis
Xu [22] 2024 Container cloud | BP and LSTM resource | ML-based resource | Prediction-focused, not
platform prediction scheduling APSO-based
management
Rabieyan et | 2024 Cloud data centers Container migration | Optimizes deployment | Migration-focused
al. [44] optimization through migration rather than  Swarm
placement optimization
Liu et al. [12] /| 2025 Kubernetes workflow | Dynamic resource | High-concurrency Kubernetes  workflow
CWRA engines scaling resource allocation focus
Present thesis 2025 Docker Swarm Decision Tree + APSO | Node suitability + | Focuses on  Docker
adaptive optimization Swarm  CPU/memory
balancing

K9AING QIMIBIANT

o1



Docker Swarm, Kubernetes, and Recent Scheduling Research . 47

2.9 Docker Swarm, Kubernetes, and Recent Scheduling

Research .

The period from 2022 to 2025 shows rapid growth in container scheduling research. The

main trend is toward adaptive, predictive, multi-objective, and Al-assisted scheduling.

Ahmad et al. provided a detailed survey of container scheduling techniques and argued
that the container scheduling landscape requires systematic classification and
assessment [7]. Carrion presented a taxonomy of Kubernetes scheduling and ongoing
issues, showing that even mature orchestration systems still face unresolved scheduling
challenges [13]. Senjab et al. reviewed Kubernetes scheduling algorithms and grouped
them into generic, multi-objective optimization-based, = Al-focused, and

autoscaling-enabled categories [14].

Xu proposed a resource scheduling management system for a container cloud platform
using resource usage prediction based on the combination of backpropagation and
LSTM methods [27]. Rabieyan et al. addressed optimized containerized application
deployment through container migration in cloud data centers, emphasizing the
importance of software container migration to avoid resource shortages and reduce

energy consumption [44].

In 2025, Liu et al. proposed CWRA for Kubernetes workflow engines, combining
prediction and dynamic resource scaling [12]. Additional research on container
scheduling surveys and future roadmaps highlights that next-generation schedulers
should include multi-resource awareness, predictive analytics, reinforcement learning,

and cross-platform orchestration [45].

The recent literature also shows that container scheduling is no longer limited to
simple node selection. It now includes prediction, autoscaling, multi-objective
optimization, energy awareness, carbon awareness, SLA guarantees, and
workload-specific scheduling. Kubernetes has received significant research attention
because it provides a mature scheduling framework. However, Docker Swarm remains
relevant for controlled experiments because it is simpler and allows clearer analysis of
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the scheduler behaviour. The gap addressed by this thesis is therefore specific:
improving Docker Swarm resource allocation using a hybrid adaptive model, rather

than only reviewing scheduling in Kubernetes.
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TasLE 2.7: Recent 2022-2025 State-of-the-Art Studies Relevant to Thesis

Author / Source Year Main Focus Technique / Direction | Relevance to Thesis

Ahmad et al. [7] 2022 Container  scheduling | Taxonomy and | Establishes broad
survey assessment scheduling landscape

Carri6n [13] 2022 Kubernetes scheduling | Scheduling gaps and | Supports  need  for
taxonomy issues improved scheduling

logic

Senjab et al. [14] 2023 Kubernetes scheduling | Generic, AIl, MOO, | Shows Al and
algorithms autoscaling categories | optimization trends

Awad et al. [39] 2023 Workload Multi-resource Supports CPU/memory-
consolidation prediction aware scheduling

Load prediction- | 2023 Container cloud | Prediction-based Supports proactive

driven scheduling scheduling scheduling

scheduling [39]

Shan et al. [43] 2023 Kubernetes workflow | Adaptive resource | Supports  future-aware
scheduling allocation workload scheduling

Xu [22] 2024 Container cloud | BP + LSTM prediction | Shows ML-based

resource scheduling

resource prediction trend
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Author / Source Year Main Focus Technique / Direction | Relevance to Thesis

Rabieyan et | 2024 Container deployment | Container migration Supports dynamic

al. [44] optimization resource management

Liu et al. [12] 2025 Kubernetes workflow | CWRA and dynamic | Shows future-aware
allocation scaling allocation

Container 2024~ Future scheduling | Predictive  analytics, | Supports DT+APSO

scheduling 2025 directions RL, multi-resource | future scope

roadmap papers scheduling

Present thesis 2025 Docker Swarm | Decision Tree + APSO | Fills the Docker Swarm

resource allocation

hybrid scheduling gap
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TaBLE 2.8: Comparative Analysis of Major Literature

No.| Study/Category | Platform Technique Main Objective Key Limitation Relevance
to Proposed
DT+APSO
1 Docker Docker Comparative Compare Docker with | Limited scheduling | Supports
performance performance VM focus container
studies analysis efficiency
argument
2 | ML microservice | Microservices ANN/SVM/CSML) Predict required | Service relationships | Supports ML
scheduling containers not fully considered scheduling need
3 | Big data on | Docker/Spark Lightweight Improve  big  data | Workload-specific Supports Docker
containers virtualization execution results for  distributed
workloads
4 | Elastic Docker Docker Vertical elasticity | Runtime resource | Threshold-dependent Supports
adjustment dynamic resource

management
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No.| Study/Category | Platform Technique Main Objective Key Limitation Relevance
to Proposed
DT+APSO
5 Chain-oriented Microservices Multi-priority Reduce chain latency Less focus on | Supports
load balancing queues CPU/memory microservice
placement scheduling
importance
6 | DPWS Microservices Dynamic priority | Reduce  concurrency | Limited leaf-node | Shows
queues latency balancing scheduling
complexity
7 | Docker Swarm | Docker Swarm SLA classes Prioritized  container | Needs dynamic | Supports Swarm
scheduling scheduling consolidation improvement gap
8 | Kubernetes Kubernetes ACO/PSO Improve pod placement | Kubernetes-specific Supports
scheduling hybrids metaheuristic
scheduling
9 | PSO comparison | Docker PSO, TMPSO, | Compare PSO variants | Lacks full predictive | Forms direct
paper MOPSO, APSO integration foundation
10 | JISEM DT+PSO | Docker Decision Tree + | Adaptive resource | Needs broader cluster- | Direct thesis base
paper PSO optimization level thesis framing
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No.| Study/Category | Platform Technique Main Objective Key Limitation Relevance
to Proposed
DT+APSO
11 | Ahmad et al. | Containers Taxonomy Review scheduling | Survey only Supports
survey techniques literature
landscape
12 | Senjab et al. | Kubernetes Scheduling Review algorithms Kubernetes-focused Supports
survey taxonomy AI/MOQO trend
13 | CWRA 2025 Kubernetes Prediction + | Handle workflow | Workflow-specific Supports
workflow scaling concurrency predictive
scheduling
14 | Present thesis Docker Swarm Decision Tree + | Optimize CPU/memory | Future work: | Final
APSO placement SLA/latency/energy contribution
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2.10 Research Gaps Identified from Literature

The review identifies several gaps that justify the proposed research.

Lack of adaptability in default Docker Swarm scheduling: Docker Swarm provides
basic scheduling, but it does not deeply consider real-time CPU utilization, memory
pressure, historical telemetry, task density, or future overload risk. The approved
Thesis directly identifies this issue and states that existing Docker Swarm schedulers
lack adaptability, leading to poor load balancing and inefficient resource utilization

[37].

Limited predictive intelligence in heuristic methods: Traditional algorithms such as
Round Robin, Weighted Round Robin, FCFS, and Least Connection are simple but do
not learn from workload behaviour. They may work under stable conditions but fail

when workload changes dynamically.

Standard PSO may converge prematurely: Standard PSO is useful for optimization,
but fixed parameters may cause premature convergence. Reasearcher note that standard
PSO can struggle in complex cloud spaces, while Adaptive PSO is more suitable for

changing environments

Machine learning alone does not solve placement optimization: Machine learning
methods can classify workload states or predict resource requirements, but classification
alone does not necessarily provide an optimized placement of containers across nodes.

Therefore, ML must be integrated with an optimization algorithm.

Most studies focus on either CPU, memory, latency, or energy separately: Several
studies optimize a specific metric, but real Docker Swarm resource allocation requires

balancing CPU, memory, resource variance, and node suitability together.

Limited integration of monitoring, prediction, and optimization: Many studies
discuss scheduling algorithms without integrating real-time monitoring tools such as

Prometheus, cAdvisor, and Grafana. The proposed framework uses cAdvisor,
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Prometheus, and Grafana for live telemetry and visualization, making it more practical

for real Docker Swarm environments.

Need for hybrid intelligent scheduling: The literature points toward the need for a
hybrid model that combines the interpretability of Decision Tree classification with the

adaptive search ability of APSO. This is the central contribution of the present thesis.

Need for Docker Swarm-specific research: A significant amount of recent scheduling
literature is focused on Kubernetes, while Docker Swarm receives comparatively less
attention. Docker Swarm is still valuable for lightweight deployments and controlled
experimentation. Therefore, improving Docker Swarm scheduling through an external

intelligent framework contributes to a specific and practical research gap.

Need for explainable optimization: Many Al-based scheduling methods can produce
good results but are difficult to interpret. The Decision Tree component of the
proposed framework adds explainability because it provides rule-based node suitability
analysis. This improves the transparency of scheduling decisions compared with

black-box approaches.

2.11 Summary of Literature Review

The literature review shows that containerization has transformed cloud application
deployment by offering lightweight, portable, and rapidly scalable execution
environments. However, as container adoption grows, resource allocation and load
balancing become more difficult. Docker Swarm provides a simple orchestration
framework, but its default scheduling strategy does not fully consider real-time

resource conditions, predictive node suitability, or dynamic workload changes.

Traditional load-balancing algorithms provide simplicity but lack adaptability. Machine
learning-based methods improve prediction and classification but may not solve the
placement optimization problem. PSO-based methods provide strong search capability

but may suffer from premature convergence when parameters are fixed. Recent studies
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from 2022 to 2025 show a movement toward predictive, adaptive, multi-objective, and

Al-supported scheduling in Kubernetes and containerized cloud systems.

The review also shows that the proposed thesis is aligned with current research trends
but remains distinct in its focus. Recent studies have emphasized Kubernetes
scheduling, workload prediction, resource scaling, and container migration. In
contrast, this thesis concentrates on Docker Swarm-based resource allocation and
develops a hybrid classification-optimization framework. This makes the work
practically relevant for lightweight Swarm environments and academically relevant for

hybrid intelligent scheduling research.
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CHAPTER 3

Proposed Methodology

3.1 Introduction

Cloud computing has become the dominant platform for deploying large-scale digital
services, web applications, distributed analytics, and microservice-oriented systems.
The shift from traditional monolithic applications to cloud-native applications has
increased the need for flexible, scalable, and efficient runtime environments. In this
context, containerization has emerged as a practical alternative to conventional virtual
machine-based deployment [4, 18, 25, 46]. Docker containers package an application
together with its dependencies and execute it as an isolated process over the host
operating system kernel. Since containers do not require a separate guest operating
system for each application instance, they provide faster startup, lower runtime

overhead, better portability, simplified deployment, and improved resource efficiency.

Although containerization provides several advantages over hypervisor-based
virtualization [1, 4] efficient resource allocation in containerized cloud environments
remains a significant research challenge. In a Docker Swarm cluster, multiple
containers are deployed as replicated services across manager and worker nodes. The
performance of the cluster depends strongly on how efficiently these containers are
placed and how evenly workloads are distributed across available nodes [27]. If the
scheduling mechanism allocates too many high-load containers to a particular worker
node, that node may experience CPU saturation, memory pressure, delayed task
execution, and service degradation. At the same time, other nodes may remain

underutilized, resulting in poor resource efficiency. Thus, the problem is not merely to

57



Proposed Methodology 58

deploy containers but to deploy them intelligently under continuously changing

workload conditions.

Default Docker Swarm scheduling mechanisms provide basic container placement
using internal heuristics. These mechanisms are useful for general-purpose
deployment, but they do not sufficiently consider historical telemetry, predicted future
load, node cost, or adaptive optimization. As a result, static scheduling or simple
heuristic placement is often insufficient for dynamic cloud workloads. The limitation
becomes more visible in microservice-based environments where containers are
created, removed, replicated, and scaled in response to fluctuating user demand.
Therefore, an intelligent scheduling framework must be capable of observing the
current state of the cluster, learning from historical resource usage, predicting potential

overload conditions, and adapting its search strategy as the workload changes.

This chapter presents the proposed methodology for optimized resource allocation in
Docker container-based cloud environments using a Hybrid Adaptive Particle Swarm
Optimization and Decision Tree model. The methodology combines three major ideas.
First, the runtime state of Docker containers and worker nodes is continuously
monitored using a telemetry layer consisting of cAdvisor, Prometheus, and Grafana.
Second, a Decision Tree classifier is used to classify node or container load into low,
medium, and high load states based on CPU usage, memory usage, and resource
allocation features. Third, Adaptive Particle Swarm Optimization (APSO) is used to
search for an improved container placement configuration by dynamically adjusting

inertia weight and using local and global best positions to guide scheduling decisions.

The proposed methodology is designed to overcome three important limitations of
conventional approaches. The first limitation is the lack of predictive intelligence in
default Swarm scheduling. The second limitation is the tendency of standard PSO to
suffer from premature convergence when the search space is dynamic. The third
limitation is the inability of non-adaptive algorithms to respond to rapid workload
variation. By integrating Decision Tree classification with APSO, the proposed
framework introduces both predictive node suitability estimation and adaptive

optimization-based placement.
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The chapter is organized as follows. Section 3.2 explains the design rationale of the
proposed methodology. Section 3.3 formulates the resource allocation problem.
Section 3.4 presents the system architecture. Section 3.5 describes the monitoring and
telemetry framework. Section 3.6 presents the Decision Tree classification model.
Section 3.7 explains the APSO model. Section 3.8 defines the fitness function and
constraints. Section 3.9 presents the original proposed algorithm. Section 3.10
explains the algorithm using a worked numerical example. Section 3.11 to Section
3.16 describes the automated orchestration pipeline. Finally, Section 3.17 summarizes

the chapter.

3.2 Design Rationale of the Proposed Methodology

The proposed methodology is motivated by the need for an adaptive and intelligent
scheduling mechanism for Docker Swarm-based cloud environments. A container
scheduling method must not only consider the current availability of resources but also
anticipate how a node may behave after additional containers are assigned to it. In a
real deployment, resource demand is not constant. CPU-intensive services may create
short bursts of processor usage, memory-intensive services may gradually increase
memory pressure, and mixed workloads may generate irregular utilization patterns.
Therefore, a suitable methodology must combine monitoring, prediction, optimization,

and orchestration.

A purely heuristic scheduler is simple and fast, but it cannot learn workload patterns. A
purely machine learning-based scheduler can classify load states but may not search the
combinatorial placement space effectively. Similarly, a purely metaheuristic optimizer
such as standard PSO can search for better placement configurations, but it may become

trapped in local optima and may not use historical resource behavior effectively.

The proposed methodology combines the strengths of both machine learning and
metaheuristic optimization.The Decision Tree model provides interpretable
classification of load states, while APSO provides adaptive optimization for container

placement.
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The use of a Decision Tree is suitable for this research because the scheduling decision
is influenced by threshold-like behavior in resource metrics. For example, a node with
CPU utilization above 80% and memory usage above 75% should generally be treated
as high load and should not receive additional containers unless no alternative exists.
Similarly, a node with CPU below 30% and memory below 25% can be considered a
suitable candidate for receiving additional containers. Decision Trees naturally
represent such rules using binary splits and are computationally lightweight enough for

online or near-real-time decision support.

The use of Adaptive PSO is justified because container placement is an optimization
problem. A placement configuration may be represented as a particle, and the quality
of that configuration can be evaluated using a fitness function based on CPU usage,
memory usage, and resource allocation. Standard PSO uses fixed parameters, whereas
adaptive PSO modifies the inertia weight during iterations. At early iterations, a higher
inertia weight promotes exploration of the search space. At later iterations, a lower
inertia weight encourages exploitation around promising solutions. This balance is
important in dynamic Docker environments, where the search process must avoid

premature convergence while still reaching a useful placement decision quickly.

The proposed approach emphasizes practical implementation and deployability. It is
designed to work externally with Docker Swarm using monitoring APIs and
orchestration commands. It does not require modification of the Docker Engine or
Swarm manager. This design choice makes the approach suitable for practical cloud

environments where modifying the core orchestration engine is difficult or undesirable.

3.3 Problem Formulation

The resource allocation problem in Docker Swarm can be formulated as a constrained

optimization problem. Let the Docker Swarm cluster contain a set of worker nodes:

N:{n17n27---anm} (31)
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where m is the number of available nodes. Let the set of containers or service replicas

be represented as:

C=A{c1,c2,...,c4} (3.2)

where ¢ is the number of containers to be scheduled. Each node n; has finite CPU
capacity, memory capacity, storage capacity, and network capacity. In this research, the
main resource dimensions considered for optimization are CPU and memory, because
these are the most direct indicators of container load and were also used as primary

metrics in the experimental work.

The allocation of containers to nodes can be represented using a binary decision

variable:

1, if container c; is assigned to node n;
Aij= (3.3)

0, otherwise

Each container must be assigned to exactly one node. Therefore, the allocation

constraint is:

m
ZAU =1, Vie{l,2,....q} G4)
j=1

The total CPU utilization of node n; after allocation is represented as:
q
CPU;= > Aij-CPU(c)) (3.5)
i=1
Similarly, the total memory utilization of node n; is:
q
MEM; = Z Aij- MEM(c)) (3.6)
i=1
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where CPU(c;) and MEM(c;) denote the CPU and memory demands of container c;.
The node capacities are represented by CPU ;.”“x and M EM}"‘”‘. Therefore, the capacity

constraints are:

CPU; <CPUT™,  Vje{l2,...m} (3.7)

MEM;< MEM7*,  Vje{l,2,....m} (3.8)

The goal of the scheduler is to minimize the imbalance in CPU and memory utilization

across nodes. Average CPU utilization is calculated as:

1 &
CPU = — CPU; 3.9
m; f (3.9)

The CPU imbalance can be measured using standard deviation:

1 v —_—
CPUimbalance = J — >(CPU;-CPUY? (3.10)
m
=1
Similarly, average memory utilization is:
1 &
MEM=— ) MEM; .
~ Z f 3.11)
j=1
and memory imbalance is:
m
1 WVEM)2
MEMimpaiance = J — > (MEM; - MEM) (3.12)
mS

The generalized load balancing optimization objective can therefore be written as:
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minF' = « - CPUjppatance + B+ MEMpaiance +7 - Costpr (3.13)

where «, §, and vy are weighting factors, and Costpr is the cost value derived from the
Decision Tree load classification. In the implemented algorithm, the fitness function is

expressed in normalized resource terms, as shown later in Section 3.8.

3.4 Proposed System Architecture

The proposed architecture Figure 3.1 follows a layered design in which monitoring,
prediction, optimization, and orchestration are separated but connected through a

feedback-driven workflow. The major architectural layers are:

1. Docker Swarm cluster layer.

2. Application workload layer.

3. Monitoring and telemetry collection layer.
4. Decision Tree classification layer.

5. APSO optimization layer.

6. Orchestration and deployment layer.

7. Result storage and visualization layer.

The Docker Swarm cluster layer consists of one manager node and multiple worker
nodes. The manager node maintains cluster state, manages service deployment, and
coordinates scheduling decisions. Worker nodes execute containerized workloads. In
the experimental setup, the cluster is configured using Ubuntu-based nodes deployed
in a virtualized environment. The thesis describes a three-node Docker Swarm testbed

with one master and two worker nodes. The testbed is summarized in Table 3.1.
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TaBLE 3.1: Docker Swarm Experimental Testbed

Node | IP Address | CPU | RAM | Memory/Storage

Master 10.0.4.42 8 Cores | 8 GB 20 GB
Worker 1 10.0.4.43 8 Cores | 8 GB 20 GB
Worker 2 10.0.4.49 | 8 Cores | 8 GB 20 GB

The application workload layer contains the containerized benchmark application. A
CPU-intensive factorial or Fibonacci-type workload is used to generate measurable
CPU pressure.  Controlled memory operations are also introduced to observe
memory-aware balancing. This workload is suitable because it creates repeated
computational demand and allows the scheduler to be evaluated under non-trivial load

conditions.

The monitoring layer uses cAdvisor to expose per-container metrics and Prometheus to
scrape and store time-series metrics. Grafana is used to visualize resource utilization
patterns. The Decision Tree classification layer receives processed telemetry and
classifies node or container load. The APSO optimization layer uses the classified load
state and resource metrics to generate optimized placement. Finally, the orchestration
layer applies placement decisions through Docker commands or APIs summarised in

Figure 3.1.
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{(:3:} Application Performance Optimization Framework
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Ficure 3.1: Proposed Application Performance Optimization Framework for Docker
Swarm

3.5 Application Workload Design

The workload used in the proposed methodology is designed to evaluate container
scheduling under measurable CPU and memory demand. The primary application
container is a CPU-intensive computation service. The workload may be executed as a

replicated Docker service, where each replica performs repeated factorial or Fibonacci
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computations. Such recursive or iterative numerical workloads generate CPU spikes

and sustained processor activity, making them suitable for load balancing evaluation.

The application workload is built into a Docker image, for example:

docker build -t fib_app:latest .

After image creation, the service can be deployed in Docker Swarm with a defined
number of replicas. Each replica is scheduled on one of the available worker nodes.
During execution, cAdvisor captures container-specific resource usage, and Prometheus

stores the time-series data.

The workload design supports the following types of analysis:

1. CPU saturation analysis.

2. Memory utilization analysis.

3. Node-wise load distribution.

4. Scheduler responsiveness.

5. APSO convergence behavior.

6. Decision Tree node suitability classification.

7. Comparison among default Swarm, standard PSO, and DT+APSO scheduling.

In addition to CPU pressure, memory allocation operations are used to create controlled
memory churn. This is important because a scheduler optimized only for CPU may still
produce poor memory distribution. Therefore, the proposed methodology considers

both CPU and memory as primary decision variables.
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3.6 Monitoring and Telemetry Framework

The proposed methodology depends on accurate and timely resource monitoring.
Without runtime telemetry, the scheduling model cannot evaluate the current state of
the cluster or predict future load conditions. The monitoring stack consists of

cAdvisor, Prometheus, and Grafana.

cAdvisor runs on worker nodes and provides detailed container-level statistics. It
captures CPU usage, memory usage, filesystem usage, and network activity for
running containers. Prometheus scrapes these metrics periodically and stores them as
time-series data.  Grafana provides dashboards for visualization and supports
interpretation of scheduling performance. Table 3.2 shows telemetry collection process
is performed in repeated cycles. First, the orchestrator deploys the selected workload.
Second, a stabilization period is allowed so that the workload begins generating
measurable resource usage. Third, Prometheus queries are executed to extract CPU
and memory values. Fourth, the collected metrics are exported to CSV or XLSX files
for further analysis. Finally, these metrics are supplied to the Decision Tree and APSO

components.

The Decision Tree component provides a predictive and interpretable classification
mechanism for identifying node suitability. The purpose of the Decision Tree is not to
replace optimization but to guide the optimization process. It converts raw telemetry
into meaningful load categories such as low, medium, and high. These categories help

APSO avoid overloaded nodes and prefer nodes with lower predicted load.

The key metrics used in this research are listed in Table 3.2.
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TaBLE 3.2: Monitoring Metrics Used in the Proposed Methodology

Metric

Purpose in Scheduling

container_cpu_usage_seconds_total

Measures cumulative
CPU usage of

containers and supports

CPU utilization
calculation.
container_memory_usage_bytes Measures memory

consumed by each
container and supports
memory pressure

detection.

engine_daemon_container_states_running_total

Indicates the number
of running containers
and helps estimate task

density.

node_cpu_seconds_total

Captures  node-level
CPU state and supports
node utilization

analysis.

node_loadl

Represents short-term
system load and assists
in detecting overloaded

nodes.

Network I/O metrics

Used to observe
communication
overhead and container

traffic behavior.
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3.6.1 Feature Representation

Each node or container state is represented using a feature vector:

X = [x1, X2, X3, X4] (3.14)
where:
x1 = CPU utilization (%), (3.15)
x> = Memory utilization (%), (3.16)
x3 = Active container count, (3.17)
x4 = Resource allocation density. (3.18)

For a simplified CPU-memory classification model, the feature vector is represented as:

X = [.Xl,xz] (3.19)

where x| denotes CPU usage and x; denotes memory usage. The target class is:

y € {Low, Medium, High} (3.20)

3.6.2 CART Splitting Criterion

The Classification and Regression Tree (CART) model uses binary splitting. At each
node of the tree, the algorithm selects the feature and threshold that produce the best

separation of classes. The Gini impurity of dataset D is computed as:
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K
Gini(D)=1->" p} (3.21)
k=1

where py is the probability of class k in dataset D, and K is the number of classes. In

this research, K = 3 because the load classes are low, medium, and high.

For a candidate split that divides dataset D into left subset Dy, and right subset Dg, the

weighted Gini impurity is:

D D
Ginigyiir = %Gim’(DL) + %Gim’(DR) (3.22)

The optimal split is selected by minimizing the weighted Gini impurity:

(J*,s%) = argmin Ginipiir(j, 5) (3.23)
oS

where j denotes the selected feature and s denotes the splitting threshold.

3.6.3 Decision Rules for Load Classification

The load classification rules used in this research are represented as:

High, x1>80Axy>75,
S(x1,x2) = { Low, x1 <30Axy <25, (3.24)

Medium, otherwise.

where x| is CPU utilization and x, is memory utilization. These thresholds are used
to support interpretable node classification and to convert resource observations into

scheduling cost values.

The corresponding decision regions are:
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Ry ={x:x1>80Axy>75} = High, (3.25)
Ry ={x:x1 <30Axp <25} = Low, (3.26)
R3 = Remaining region = Medium. (3.27)

For a leaf region R,,, the class probability is:

N
P(y:klxeRm):N—k (3.28)

m

where Ny is the number of samples of class k in region R,,, and N,, is the total number

of samples in that region. The final predicted class is:
y= argm]?xP(y =k|x) (3.29)

3.6.4 Decision Tree Cost Mapping

The output of the Decision Tree is converted into a numeric cost so that it can be

included in the APSO fitness function. The cost mapping is:

3, High,
Cost =42, Medium, (3.30)
1, Low.

A higher cost indicates a less suitable node for additional container placement. A lower

cost indicates a more suitable node.
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3.7 Adaptive Particle Swarm Optimization Model

Particle Swarm Optimization is a population-based optimization method inspired by
collective intelligence. In the context of Docker container scheduling, each particle
represents a candidate placement solution. The particle position describes how
containers or replicas are distributed across nodes, and the particle velocity determines

how the placement solution changes during the optimization process.

Let P be the number of particles and I,,,, be the maximum number of iterations. Let
xi(t) denote the position of particle i at iteration ¢, and let v;(¢) denote its velocity. The
personal best position of particle i is denoted by p;, and the global best position of the

swarm is denoted by g.

3.7.1 Velocity Update

The velocity update equation used in the proposed algorithm is:

vij(t+ 1) =w-vii(®)+cy-r1-(pij— Xij) +c2-r2- (g — Xij) (3.3D

where v;;(r+ 1) is the updated velocity of particle i in dimension j, w is the inertia
weight, c; is the cognitive coefficient, ¢, is the social coeflicient, r; and r, are random

values in the range [0, 1], p;; is the local best value, and g; is the global best value.
The first term, w - v;;(¢), controls the influence of the previous velocity. The second
term, ¢ - 12 - (g — X;j), pulls the particle toward the best solution found by the swarm.

Together, these components enable the search process to combine individual learning

and social learning.
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3.7.2 Position Update

After velocity update, the particle position is updated as:

x,'j(t+ 1)= x,'j(t) +v,~j(t+ 1) (3.32)

Since container allocation is discrete in practice, the updated position is corrected to an
integer value and constrained within the permissible node range. If a particle position

exceeds the node boundary, it is adjusted using boundary conditions.

3.7.3 Adaptive Inertia Weight

The adaptive inertia weight used in the original algorithm is:

w — Wi . .
W= Wpax — M X iteration (3.33)

I max

where wy,,, 1s the maximum inertia weight, w,,;, is the minimum inertia weight, and
iteration is the current iteration number. In the experimental configuration, inertia

weight is initialized near 0.9 and decreases toward 0.4.

This adaptation allows the swarm to explore widely during early iterations and
gradually focus on promising solutions in later iterations. Larger inertia values

improve exploration, while smaller inertia values improve exploitation.

3.8 Fitness Function and Optimization Objective

The fitness function evaluates the quality of each particle or placement solution. The

original algorithm defines the fitness function as:

N

PU; MEMORY; RE RCE;
f:Z( CPU; | ORY; | RESOURCE, ) (3.34)
= Total CPU Total MEMORY Total RES OURCE

1
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The goal is to minimize the fitness value. A lower fitness value indicates that the
selected placement produces lower relative CPU usage, lower memory usage, and

better normalized resource consumption.

To integrate Decision Tree load classification, the enhanced fitness function can be

represented as:

N

CPU; MEM,;

Fitness = E o+ " +1-Cost; (3.35)
-1 CPUtotal MEMtotal

where Cost; 1s the Decision Tree-derived load cost for node i, and A is a weighting factor

controlling the influence of predicted load.

The optimization objective is min Fitness subject to:

CPU; < CPU™™* (3.36)
MEM; < MEM"** (3.37)
optimisation
m
> Ay=1 (3.38)
=1

These constraints ensure that container placement does not exceed node capacity and

that each container is assigned to one node.

3.9 Proposed Algorithm

Following is the proposed algorithm using Decesion Tree and Adaptive PSO Algorithm.

Algorithm 1 Hybrid Adaptive PSO and Decision Tree-Based Load Distribution
Algorithm
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10:

11:

12:

13:

14:

Step 1: Initialization

: Define the number of particles P, maximum iterations Ij,x, inertia weight w, cognitive

coefficient Cy, social coefficient Cs, and population size for classification C ).

Initialize the positions and velocities of particles randomly within the permissible range.
Initialize the personal best position of each particle.

Identify and set the global best position.

Step 2: Classification for Load Prediction

Train a Decision Tree classifier.

Collect historical data with features such as CPU usage, memory usage, and resource

allocation.

: Use load labels such as low, medium, and high for training the classifier.

Predict the load condition of each container using the trained classifier based on current
resource features.
Step 3: Fitness Evaluation

Define the fitness function as:

i( CPU; MEMORY; RESOURCE; )

+
/= Total CPU Total MEMORY Total RESOURCE

i=1

Calculate the fitness value for each particle.
Step 4: Particle Update

Adaptively update the inertia weight as:

(Wmax — Wmin)
W = Wpax — —————— X1
Tnax

Update the velocity of each particle as:
vijt+ D) =w-vij()+Cy-r1-(pij— xij) + C2-r2- (g — Xij)
Update the position of each particle as:
X;j(t+1) = x;;() + vt +1)

Apply boundary conditions to ensure that particle positions remain within the permissible
range.

Step 5: Update Personal and Global Best Positions
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15: Evaluate the fitness value of each particle’s new position.

16: Update the personal best position if the new position provides a better fitness value.

17: Update the global best position if the new position provides the best overall fitness value.
Step 6: Termination

18: if maximum iterations /n,,x are reached or the fitness value converges then

19: Terminate the algorithm.

20: end if

21: Output the global best position as the optimal load distribution.

3.9.1 Stepwise Explanation of the Proposed Algorithm

The proposed algorithm consists of six major phases: initialization, Decision Tree
classification, fitness evaluation, particle update, local and global best update, and

termination.

3.9.2 Initialization Phase

During initialization, the algorithm defines the basic PSO parameters. The number of
particles P determines how many candidate scheduling solutions are explored in
parallel. The maximum number of iterations I, defines the stopping limit of the
optimization process. The inertia weight w controls the influence of previous velocity
on the current particle movement. The cognitive coefficient C; controls the influence
of the particle’s own best solution, while the social coefficient C; controls the influence
of the global best solution. The classification population size C,,, defines the data

population used by the Decision Tree classifier.

Each particle is initialized randomly within the permissible range. In the context of
Docker Swarm scheduling, a particle position represents a possible mapping of
containers to available nodes. For example, if there are three worker nodes, a particle
dimension may take values 1, 2, or 3, representing assignment to Worker 1, Worker 2,

or Worker 3 respectively.
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3.9.3 C(lassification for Load Prediction

After initialization, a Decision Tree classifier is trained using historical resource data.
The input features include CPU usage, memory usage, and resource allocation. The
output labels represent load states such as low, medium, and high. Once trained, the

classifier predicts the current load condition of each node or container.

The purpose of this classification phase is to introduce predictive intelligence into the
scheduling mechanism. Instead of selecting nodes only from current resource values,
the scheduler uses classified load state to estimate suitability. A high-load node receives

a higher cost, while a low-load node receives a lower cost.

3.9.4 Fitness Evaluation

Each particle is evaluated using the defined fitness function. The fitness function
combines normalized CPU usage, normalized memory usage, and normalized resource
usage. A lower fitness value indicates a more suitable allocation. Fitness evaluation
allows the optimizer to compare multiple candidate placements and identify better

solutions.

3.9.5 Particle Update Phase

The algorithm updates inertia weight adaptively using the iteration count. At the
beginning of the optimization, inertia is high, which allows particles to explore
different placement configurations. As iterations progress, inertia decreases,

encouraging particles to exploit promising regions of the search space.

Velocity and position are then updated using PSO equations. After position update,
boundary conditions ensure that particle positions remain within valid node assignment

ranges.

77



Proposed Methodology 78

3.9.6 Local and Global Best Update

Each particle compares its new fitness value with its previous local best. If the new
solution is better, the local best is updated. The algorithm also compares all local best
values and updates the global best if a better overall solution is found. The global best

represents the best container placement discovered so far.

3.9.7 Termination Phase

The algorithm terminates when the maximum number of iterations is reached or when
the fitness value converges. The final global best position is returned as the optimal load

distribution.

3.10 Worked Example of the Proposed Algorithm

This section explains the working of the proposed algorithm using a simplified example.
Consider a Docker Swarm cluster with three worker nodes and three container replicas

to be scheduled.

TaBLE 3.3: Initial Node Resource Utilization for Worked Example

Node | CPU Usage (%) | Memory Usage (%) | Resource Usage (%)

Node 1 85 80 90
Node 2 40 45 50
Node 3 20 18 25

As illustrated in Table 3.3, according to the Decision Tree rules, Node 1 is classified
as high load because CPU usage is greater than 80% and memory usage is greater than
75%. Node 3 is classified as low load because CPU usage is below 30% and memory
usage is below 25%. Node 2 is classified as medium load because it does not satisfy
either high-load or low-load conditions.
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The cost mapping is therefore:

Cost(Nodel) =3, (3.39)
Cost(Node2) =2, (3.40)
Cost(Node3) = 1. (3.41)

Assume the total CPU, memory, and resource reference values are each normalized to

100. The original fitness calculation for each node is as follows.

For Node 1:
85 80 90
= = 2 42
7= 100 " 100 T 100 ~ 2 (3.42)
For Node 2:
40 45 50
f2—100+100+100—1.35 (3.43)
For Node 3:
20 18 25
f3 =0.63 (3.44)

=700 T 100 " 100

Since Node 3 has the minimum fitness value, it is the most suitable node for receiving
a new container replica. This decision is also consistent with the Decision Tree

classification because Node 3 is classified as low load.

To illustrate the APSO update, assume a particle represents a container placement

decision. Let the current position of a particle in one dimension be:

xij(H)=2 (3.45)
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This means the current particle assigns the container to Node 2. Assume:

vij(t) = 0.5, (3.46)
w=0.7, (3.47)

c1 =2.0, (3.48)
¢ =2.0, (3.49)
=04, (3.50)

ry = 0.6, (3.51)
pij =3, (3.52)
gj=3. (3.53)

As per Equation 3.31 the velocity update becomes as:

vij(t+1)=0.7(0.5) +2.0(0.4)(3 - 2) +2.0(0.6)(3 - 2) (3.54)

vij(t+1)=0.35+0.8+1.2=2.35 (3.55)

The position update as per Equation 3.32 is:

xij(t+1)=2+2.35=4.35 (3.56)

Since only three nodes are available, the boundary condition is applied. The corrected

node assignment becomes:

xij(t+ 1)=3 (3.57)
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Thus, after APSO update and boundary correction, the particle moves from Node 2
toward Node 3, which is the global best node according to the current fitness
evaluation. This example demonstrates how the proposed algorithm uses Decision
Tree load prediction and APSO movement rules to shift placement decisions away

from overloaded nodes and toward underutilized nodes.

3.11 Automated Orchestrator Pipeline

The proposed methodology is implemented using an automated orchestrator pipeline.
The orchestrator is responsible for executing experiments in a repeatable and controlled
manner. It performs deployment, waiting, data collection, removal, and comparison

steps across all scheduling strategies.

The main functions of the orchestrator are:

1. Build the Docker application image.

2. Deploy the monitoring stack using Docker Swarm.

3. Select the scheduling strategy.

4. Deploy a specific number of replicas.

5. Wait for workload stabilization.

6. Query Prometheus and cAdvisor metrics.

7. Store CPU and memory results in CSV/XLSX format.

8. Execute APSO and Decision Tree scheduling.

9. Compare default Swarm, PSO, and DT+APSO strategies.

10. Generate result tables and visualizations.

The orchestrator ensures that all strategies are evaluated under the same workload and
infrastructure conditions. This is important for fair comparison because changes in
workload duration, monitoring interval, or cluster state may otherwise affect the results.
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3.12 Scheduling Strategies Used for Comparison

The proposed methodology compares three scheduling strategies.

3.12.1 Default Docker Swarm Scheduler

The default Docker Swarm scheduler is used as the baseline. It deploys containers
using built-in placement mechanisms. However, it does not use historical telemetry or
predictive classification. Therefore, it may produce uneven workload distribution when

the workload changes dynamically.

3.12.2 Standard PSO Scheduler

The standard PSO scheduler uses particle-based optimization to search for improved
replica placement. Each particle represents a candidate allocation. The fitness function
evaluates CPU and memory utilization. However, standard PSO uses fixed parameters
and lacks predictive node classification. As a result, it may converge prematurely in

dynamic environments.

3.12.3 Proposed DT+APSO Scheduler

The proposed scheduler as shown in Table 3.4 combines Decision Tree classification
with Adaptive PSO. The Decision Tree component predicts node suitability, and APSO
performs adaptive optimization. This hybrid strategy improves scheduling intelligence,

avoids overloaded nodes, and adapts to changing workloads.
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TaBLE 3.4: Comparison of Scheduling Strategies Used in the Methodology

Strategy Main Principle Limitation / Strength
Default  Docker | Uses built-in scheduling | Simple and easy to deploy but
Swarm heuristics lacks predictive and adaptive
intelligence.
Standard PSO Searches for optimized | Better than static scheduling
placement using particles | but may suffer from premature
convergence due to fixed
parameters.
Proposed Combines Decision | Provides predictive, adaptive,
DT+APSO Tree load  prediction | and telemetry-driven scheduling
with  adaptive  swarm | for dynamic container
optimization workloads.

3.13

Performance Evaluation Metrics

The proposed methodology evaluates performance using the following metrics.

3.13.1 CPU Utilization

CPU utilization measures the percentage of processor capacity used by containers and

nodes. Lower and more balanced CPU utilization indicates better scheduling efficiency.

3.13.2 Memory Utilization

Memory utilization measures the amount of memory consumed by containers. Stable

memory utilization indicates that the scheduler avoids memory pressure and prevents

excessive concentration of memory-intensive containers on a single node.
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3.13.3 Node-Level Variance

Variance measures the degree of imbalance among nodes. Lower variance indicates

better load balancing.

1< —
Vari = — Li—-L 3.58
ariance m;( i—L) (3.58)

where L; is the load of node j and L is the average load.

3.13.4 Execution Time

Execution time measures the time required to complete the scheduling and optimization

process.

3.13.5 Convergence Speed

Convergence speed indicates how quickly the optimizer reaches a stable or near-optimal

solution.

ConvergenceRate = |F(t+1)— F(1)| (3.59)

where F'(¢) is the fitness value at iteration t.

3.13.6 Load Distribution Fairness

Fairness measures whether workload is evenly distributed across worker nodes. A

scheduler with high fairness prevents both overload and underutilization.
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3.14 Methodology Flowchart

The complete methodology can be summarized as a closed-loop workflow as shown in
Figure 3.2 First, workload containers are deployed in Docker Swarm. Second,
cAdvisor and Prometheus collect metrics. Third, the Decision Tree model classifies
node load. Fourth, APSO computes optimized placement. Fifth, the orchestrator
applies scheduling decisions. Finally, monitoring continues and the optimization cycle

repeats.

[Start Docker Swarm Cluster]

Y
[Deploy Application Containers}

Y
LCollect Metrics using cAdvisor and Prometheus}«—

Y
[Decision Tree Load Classiﬁcation}

Y
[Adaptive PSO Optimization]

Y
[Apply Optimized Container Placement]

Y

[Evaluate CPU, Memory, and Load Balanceji

Y
[Stop if Converged or Maximum Iteration Reached}

Ficure 3.2: Flowchart of the Proposed DT+APSO Scheduling Methodology
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3.15 Complexity Analysis

The computational complexity of the proposed method depends on the number of
particles, number of iterations, number of nodes, and Decision Tree classification cost.
Let P denote the number of particles, I, denote the number of iterations, and m

denote the number of nodes. For each iteration, the algorithm evaluates particles across

nodes. Therefore, the APSO complexity is approximately:

O(P X Ly X m) (3.60)

The Decision Tree classification cost for a trained tree is proportional to the tree depth

d:

0(d) (3.61)

Thus, the combined scheduling complexity can be represented as:

O(P X Lygx Xm+d) (3.62)

Because Decision Tree prediction is fast and the number of Swarm nodes in the
experimental setup is limited, the main computational cost comes from APSO fitness
evaluation. However, the overhead is acceptable because the scheduler operates

externally and does not interfere with Docker Engine internals.

3.16 Expected Benefits of the Proposed Methodology

The proposed methodology provides several technical benefits.
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First, the use of Decision Tree classification improves node suitability analysis. Instead
of relying only on raw CPU or memory values, the scheduler receives a classified load

state that reflects resource condition more clearly.

Second, Adaptive PSO improves the search process by dynamically adjusting inertia
weight. This reduces the risk of premature convergence and improves the balance

between exploration and exploitation.

Third, the monitoring layer ensures that scheduling decisions are based on live
telemetry. This makes the methodology suitable for dynamic cloud environments

where workload changes continuously.

Fourth, the orchestrator enables repeatable experiments and fair comparison across

default Swarm, standard PSO, and proposed DT+APSO scheduling.

Fifth, the proposed methodology is practical because it integrates externally with

Docker Swarm and does not require changes to the Docker Engine or Swarm manager.

3.17 Chapter Summary

This chapter presented the proposed methodology for optimized resource allocation in
Docker container-based cloud environments using a Hybrid Adaptive Particle Swarm
Optimization (APSO) and Decision Tree model. It explained the need for intelligent
scheduling in Docker Swarm environments, where dynamic workloads may lead to
CPU saturation, memory pressure, node overloading, and inefficient resource
utilization.  The resource allocation problem was formulated as a constrained
optimization problem, followed by the description of the proposed architecture
consisting of the Docker Swarm cluster, application workload, monitoring framework,
Decision Tree classifier, APSO optimizer, and automated orchestration pipeline. The
monitoring layer uses cAdvisor, Prometheus, and Grafana to collect real-time CPU,
memory, container, and node-level metrics for scheduling decisions. The Decision
Tree model was described using Gini impurity, class probability, decision regions, and

cost mapping to classify nodes into low, medium, and high load states, while the
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APSO model was explained through velocity update, position update, and adaptive

inertia weight equations.

The original algorithm from the thesis was preserved and explained with its major
stages, including initialization, load prediction, fitness evaluation, particle update, local
and global best update, and termination. A numerical example demonstrated how the
algorithm identifies overloaded, medium-load, and low-load nodes and selects the most
suitable node using the fitness function. The chapter also discussed the automated
orchestrator pipeline, comparative scheduling strategies, performance metrics,
methodology flowchart, complexity analysis, and expected benefits. Overall, the
proposed methodology provides a practical, adaptive, and predictive framework that
combines real-time telemetry, Decision Tree-based node suitability analysis, and
APSO-based optimization to improve resource utilization, reduce CPU and memory

imbalance, avoid overloaded nodes, and enhance Docker Swarm cluster stability.
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CHAPTER 4

Experimental Setup and

Implementation

4.1 Introduction

The previous chapter presented the proposed Hybrid Adaptive Particle Swarm
Optimization and Decision Tree (DT+APSO) methodology for optimized resource
allocation in Docker container-based cloud environments. This chapter describes the
experimental setup used to validate the proposed methodology. The focus of this
chapter is on the implementation environment, Docker Swarm cluster configuration,
workload design, monitoring framework, Decision Tree configuration, Adaptive PSO

parameter setting, data collection procedure, and performance evaluation metrics.

The experimental setup is designed to evaluate the proposed scheduling model under
controlled and measurable workload conditions. Since containerized applications may
generate different resource usage patterns depending on CPU demand, memory
allocation, request rate, and replica count, the experimental design must support
continuous monitoring and fair comparison. Therefore, the implementation combines
Docker container execution, Docker Swarm orchestration, runtime metric collection,
Decision Tree-based load classification, Adaptive PSO-based optimization, and result

visualization.

The validation is carried out in two phases. The first phase uses a Docker Desktop-based
local environment with five containers to observe container-level resource optimization.
The second phase uses a Docker Swarm-based distributed cluster consisting of one

master node and two worker nodes to evaluate node-wise scheduling and load balancing.
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This two-phase evaluation provides both container-level and cluster-level understanding

of the proposed DT+APSO framework.

4.2 Experimental Design

The experimental design follows a controlled evaluation approach. The same workload
pattern is executed under different scheduling or optimization strategies so that the
performance difference can be attributed mainly to the scheduling mechanism. The

experiments are designed to answer the following research questions:

1. Whether Adaptive PSO can reduce CPU usage and improve container-level

resource distribution.

2. Whether Decision Tree classification can identify overloaded, medium-load, and

underutilized containers or nodes.

3. Whether the hybrid DT+APSO model improves CPU and memory utilization

compared with standard PSO.

4. Whether the proposed strategy provides better node-wise balancing in Docker

Swarm compared with default Swarm scheduling.

The complete experimental workflow is shown in Figure 4.1.
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EPrepare Docker Environment and Application Image}

\ 4
[Deploy Containers / Docker Swarm Services}

\ 4
[Generate CPU-intensive and Memory-intensive Workloads}

Y
ECollect Runtime Metrics using Docker Stats, cAdvisor, and Prometheus}

\ 4
EPre—process Metrics and Store CSV/XLSX Data}

\ 4
[ Classify Load using Decision Tree }

\ 4
EOptimize Placement using Adaptive PSO}

Y
[Evaluate CPU, Memory, Execution Time, and Load Balance}

Y
[Compare PSO, Adaptive PSO, DT+APSO, and Swarm Default}

Ficure 4.1: Experimental Workflow For Validation Of The Proposed DT+APSO
Framework

As illustrated in Figure 4.1, The workflow begins with Docker image preparation and
service deployment. After deployment, CPU-intensive, memory-intensive, and mixed
workloads are executed. Runtime metrics are collected using Docker Stats API,
cAdvisor, and Prometheus. These values are processed and supplied to the Decision
Tree classifier and APSO optimizer. Finally, the generated results are compared with

baseline and conventional scheduling strategies.
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4.3 Experimental Infrastructure

The experiments are conducted using two complementary implementation
environments. The first environment is a Docker Desktop-based local container

testbed, while the second is a Docker Swarm-based distributed cluster.

4.3.1 Phase-I Docker Desktop-Based Experimental Environment

The first phase evaluates the internal behavior of the APSO and Decision Tree model
using five Docker containers. The configuration of this environment is shown in

Table 4.1.

TaBLE 4.1: Phase-I Docker Desktop Experimental Configuration

Component Configuration
Processor Ryzen / Intel 17 class processor
RAM 16 GB

Operating System

Windows OS with Docker Desktop

Docker Version

Docker 24.0.2

Programming Language

Python 3.10

Python Libraries

Docker SDK, Scikit-learn, NumPy,
Pandas, Matplotlib

Number of Containers

5

Workload Type CPU-intensive, memory-intensive, and
mixed workloads
Monitoring Method Docker Stats API

Data Storage Format

CSV file for algorithm input and result

analysis
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This setup is mainly used to collect container-wise CPU and memory usage before and
after optimization. It helps verify whether the proposed optimization framework can
reduce computational load, improve utilization balance, and avoid inefficient resource

concentration.

4.3.2 Phase-II Docker Swarm Cluster-Based Environment

The second phase uses a distributed Docker Swarm cluster with one master node and
two worker nodes. This setup represents a practical container orchestration environment

for node-wise load balancing evaluation. The configuration is shown in Table 4.2.

TasLE 4.2: Phase-II Docker Swarm Cluster Testbed

Node | IP Address| CPU | RAM | Memory/Storage

Master 10.0.4.42 8 Cores | 8 GB 20 GB
Worker 1 10.0.4.43 8 Cores | 8 GB 20 GB
Worker 2 10.0.4.49 8 Cores | 8 GB 20 GB

3 $ python monitor_check.py
Prometheus /-/ready: 200
Active UP targets: 7

- 10.0.4.43:8080 cadvisor

- 10.0.4.49:8080 cadvisor

- 10.0.4.42:8080 cadvisor

- 10 4.42:9100 node-exporter

- 10.0.4.43:9100 node-exporter

SHE
-8

Ficure 4.2: Monitoring Stack Docker Swarm

In this phase, Docker Swarm is initialized on the master node, and worker nodes join
the cluster using the Swarm join token. Application replicas are deployed as Docker
services. The monitoring stack is deployed using Prometheus, cAdvisor, and Grafana.
This setup is used to evaluate the performance of default Docker Swarm scheduling,

standard PSO scheduling, and the proposed DT+APSO scheduling strategy.

93



Experimental Setup and Implementation 94

4.4 Software Stack and Tools

The implementation uses a software stack capable of supporting deployment,
monitoring, optimization, classification, and visualization. The tools used in the

experiments are summarized in Table 4.3.

Python is used as the integration layer for data collection, Decision Tree prediction,
APSO optimization, and result generation. Docker Stats API is used in the local
environment, whereas Prometheus and cAdvisor are used in the Swarm-based cluster

environment.
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TaBLE 4.3: Software Stack Used in Experimental Implementation

Tool / | Purpose

Library

Docker Container runtime for building and executing containerized

Engine applications.

Docker Local execution platform for Phase-I container experiments.

Desktop

Docker Cluster orchestration platform for distributed container

Swarm scheduling.

Python 3.10 | Main programming language for orchestration, classification,
optimization, and result processing.

Docker SDK | Programmatic interaction with Docker containers and services.

for Python

Scikit-learn

Implementation of Decision Tree classifier using CART and Gini

criterion.
NumPy Numerical computation for APSO and statistical calculations.
Pandas Data processing, CSV handling, and tabular analysis.
Matplotlib Plot generation for CPU, memory, efficiency, and comparison

graphs.

Docker Stats

Real-time resource monitoring of containers in Phase-I

API experiments.

cAdvisor Low-level container metrics collection in Docker Swarm.

Prometheus | Time-series metric storage and query engine.

Grafana Visualization of CPU, memory, node load, and monitoring
dashboards.

Apache Synthetic workload generation for request-based experiments.

JMeter
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4.5 Workload Design

The workload design is important because a scheduling algorithm can be evaluated
properly only when containers generate measurable resource pressure. In this study,

four workload categories are considered, as shown in Table 4.4.

TaBLE 4.4: Workload Categories Used for Experimental Evaluation

Workload Category Description

CPU-intensive Generates computational stress using factorial,
workload recursive, or loop-based numerical operations.
Memory-intensive Generates memory pressure using controlled
workload memory allocation and processing.

Mixed workload Combines CPU and memory operations to

represent dynamic containerized application

behavior.
Request-based Uses Apache JMeter to generate concurrent
workload requests and evaluate scheduling response.

CPU-intensive workloads help evaluate whether the scheduler can reduce CPU
concentration on overloaded containers or nodes. Memory-intensive workloads help
evaluate memory stability. Mixed workloads provide a more realistic representation of

cloud-native application behavior.

4.6 Adaptive PSO Configuration

The Adaptive PSO component optimizes the resource allocation decision. In this
experiment, each particle represents a candidate container allocation state. The particle

updates its position according to local best and global best experience. The inertia
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weight is adaptively reduced to balance exploration and exploitation. The APSO

configuration is shown in Table 4.5.

TaBLE 4.5: Adaptive PSO Parameter Configuration

Parameter Value
Swarm Size 50 particles
Maximum Iterations 100

Initial Inertia Weight wy,, 0.9

Final Inertia Weight wy,;,, 04
Cognitive Coefficient ¢ 2.0
Social Coefficient ¢; 2.0
Particle Representation Candidate container allocation state
Optimization Goal Minimize CPU-memory-resource

fitness value

The adaptive inertia weight is computed as:

(Wimax = Wmin)

W= Wy — ——————— Xiteration “4.1)
Imax
The velocity update equation is:
vij(t+ 1) =w-vii(®)+cy-r-(pij—xij) +c2 12 (8 — Xij) 4.2)
The position update equation is:
x,'j(l+ 1)= xij(t)+v,~j(t+ 1) 4.3)
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The adaptive design allows the algorithm to explore a wider search space during early

iterations and focus on local improvement during later iterations. This behavior is

suitable for Docker environments because workload demand changes dynamically.

4.7 Decision Tree Classifier Configuration

The Decision Tree classifier identifies patterns in CPU and memory usage and classifies

containers or nodes into load categories. The classifier follows the CART model and

uses the Gini index as the splitting criterion. The configuration is shown in Table 4.6.

TaBLE 4.6: Decision Tree Classifier Configuration

Parameter

Configuration

Classifier Type

CART (Classification and

Regression Tree)

Splitting Criterion Gini Index
Maximum Depth 10
Minimum Samples Split 2

Input Features

CPU wusage, memory usage,

resource allocation

Output Classes

Low, Medium, High

Purpose

Predictive workload classification

for APSO guidance

The Gini impurity is calculated as:

K
Gini(D) = 1 — Z P
k=1

The Decision Tree classifies the load using the following decision rule:
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High, x1>80Axp>75
S(x1,x2) =1 Low, x1 <30Axp <25 4.5)

Medium, otherwise

The classified load state is converted into a numerical cost:

3, High
Cost =12, Medium (4.6)
1, Low

This cost is used to guide APSO so that high-load nodes are avoided during placement.

4.8 Data Collection and Pre-processing

Runtime data collection is performed using Docker Stats API in the local environment
and Prometheus-cAdvisor in the Swarm environment. CPU and memory readings are
collected at five-second intervals and aggregated over one-minute periods. This
aggregation reduces the effect of short-term fluctuations and produces stable input for

the optimization model shown in Figure 4.3.

The raw values may contain sudden spikes caused by transient system activity.
Therefore, pre-processing is applied before feeding the data into the Decision Tree and
APSO algorithm. The pre-processing steps include abnormal outlier removal, moving
average smoothing, normalization of resource values, and storage in CSV or XLSX
format Figure 4.4 shows monitoring framework as node exporter installed at Manager
and Worker node, Figure 4.5 and Figure 4.6 shows Menu driven orchestrator program

and The Fibonacci Mystack application screenshot for experiments performed..
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[cOuect CPU and

Memory Metrics J

A

4

EStore Raw Data at

5-second Intervals]

A

4

EAggregate Data Over

One-minute Windows}

A

/

[Remove Outliers and Apply Moving Average}

A

/

LStore Processed Data in CSV/XLSX Format}

A

/

[Use Data for Decision Tree and APSO}

Ficure 4.3: Data Collection And Pre-Processing Pipeline

4.9 Evaluation Metrics

The proposed framework is evaluated using CPU utilization, memory utilization,
efficiency improvement, execution time, node-wise load balance, and algorithm-wise
comparison. These metrics directly represent the effectiveness of resource scheduling

in Docker container environment as shown in Equations 4.7- 4.11 below.

CPU efficiency improvement is calculated as:

CPUBefore - CPUAfter

CPUIml)ravement(%) = CP UBefore x 100 4.7)
Memory efficiency improvement is calculated as:
MEM -MEM
MEMImpmvement(%) = Before After x 100 (4.8)

MEMBefore
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Average CPU load is calculated as:

Average memory usage is calculated as:

1
CPU = - CPU;
n<
i=1
1 <&
MEM = — MEM,;
n i=1

Node-wise variance is calculated as:

1 .
Variance = — L. —L
m;:l( i—L)

where L; is the load of node j and L is the average cluster load.

cadvisor

Endpoint
http://10.0.4.43:8080/metrics
http://10.0.4.49:8080/metrics

http://10.0.4.42:8080/metrics

node-exporter

Endpoint
http://10.0.4.43:9100/metrics
http://10.0.4.49:9100/metrics

http:/10.0.4.42:9100/metrics

prometheus

Endpoint

htip:/localhest:9090/metrics

FiGure 4.4:

Labels Last scrape
instance="10.0.4.43:8080" job="cadvisor” T 1.824s ago
instance="10.0.4.49:8080" job="cadvisor" 2 8.16s ago
instance="10.0.4.42:8080" job="cadvisor" 0 3.169s ago

Labels Last scrape
instance="10.0.4.43:9100" job="node-exporter” 0 7.915s ago
instance="10.0.4.49:9100" job="node-exporter” T 957Tms ago
instance="10.0.4.42:9100" job="node-exporter” T 2.644s ago

Labels Last scrape
instance="localhost:2090" job="prometheus" T 2.261s ago

Metric Collection Via CAdvisor And Node Exporter

101

4.9)

(4.10)

4.11)

E 79ms

£ 20ms

E 19ms

E 95ms

E 59ms

E 36ms

E 19ms

State

up

up

up

3/3up

State
up
up

up

1 up

State

up



Experimental Setup and Implementation 102

(venv) 3 S python orchestrator.py deploy --strategy dt-apso
Choose strategy:

1. swarm-default

2. pso
3. dt-apso

Enter choilce [1-3]: 3

@ Running Orchestrator - Strategy: dt-apso

Node metrics: [{'node': '10.0.4.43', 'cpu': 2.04426273220158
1978901881037076, 'mem': 43.59650872817955}, {'node’': '1

© Best node selected: 10.0.4.43

# Deploying on 10.0.4.43 -> docker run -d --name task_1761640606 longtask:latest

SSH failed to 10.0.4.43: Authentication failed.

M Metrics logged to CSV/XLSX.

Node metrics: [{'node': 0.4.43", 'cpu': 277745349338872, 'mem': 63.12684728458387}, {'node': '10.8.4.49', 'cpu': 1
.1839428152446234, 'mem': 43.451571072319204 {'node': '10.0.4.42', 'cpu': 1.1594773774845168, 'mem': 73.74054862842893
1]

© Best node selected: .0.4.43

# Deploying on 10.0. > docker run -d --name task_1761640669 longtask:latest

SSH failed to 10.0 uthentication failed.

M Metrics logged to CSV/XLSX

Node metrics: [{'node': .43", 2, 'mem': 63.17597706293432}, {'node': '10.0.4.49', 'cpu': 1
.1875127006706006, 'mem': c 4 '10.0.4.42', "cpu': 1.1528677187511038, 'mem': 73.70733167082295}
1

© Best node selected: 1 43

# Deploying on 10 43 ocker run -d --name task_1761640734 longtask:latest

SSH failed to 10.0 Authentication failed.

W Metrics logged to CSV/XLSX.

Node metrics: [{'node': 0.4.43", 'cpu': 2.307577551428507, 'mem': 63.236811433124}, {'node': '10.0.4.49', 'cpu': 1.2
152518871306917, 'mem': 3496259351621}, {'node’': '10.0.4.42', 'cpu': 1.1852859303700136, 'mem': 73.95700748129677}]
© Best node selected: 10.0.4.49

0158, 'mem': 62.41267046656076}, {'node': '10.8.4.49', 'cpu': 1.
0.0.4.42', 'cpu': 1.157906758368672, 'mem': 73.668927680798}]

Ficure 4.5: Menu Driven Orchastration for All Strategy

(venv) root@master:/home/master/docker_pso_dt_api_project# docker service ls

ID NAME MODE REPLICAS IMAGE PORTS
shfiiav8quén my_stack_algorithm replicated 0/1 manmitsinh/pso_algorithm:vi

851mjukdcsbi my_stack_fibonacci replicated 2/2 manmitsinh/mystack:fibo-v1 *:5000->5000/tcp

mbzgh4eSmkcj psoapp_flask-api replicated 0/1 flask-api-img:latest *:8000->5000/tcp
(venv) root@master:/home/master/docker_pso_dt_api_project# I

Ficure 4.6: Fibonacci MyStack Application

4.10 Chapter Summary

This chapter described the experimental setup and implementation framework used for
validating the proposed DT+APSO model. It presented the Docker Desktop-based
container environment, the Docker Swarm cluster environment, the software stack,
workload design, Adaptive PSO configuration, Decision Tree classifier configuration,
data collection process, pre-processing pipeline, and evaluation metrics. The next
chapter presents the results obtained from these experiments and provides comparative

analysis against PSO variants and default Docker Swarm scheduling.
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CHAPTER 5

Results Analysis and Comparative

Evaluation

5.1 Introduction

This chapter presents the experimental results and comparative analysis of the proposed
Hybrid Adaptive PSO and Decision Tree model. The analysis is organized around CPU-
centric workload results, memory-centric workload results, execution time, efficiency
improvement, comparison with PSO and its PSO variants, and Docker Swarm node-

wise resource utilization.

The purpose of this chapter is to determine whether the proposed DT+APSO
framework improves resource allocation and load balancing in Docker container-based
cloud environments. The results are interpreted in terms of CPU utilization, memory
usage, improvement percentage, execution overhead, and node-wise scheduling

behavior.

5.2 Result Analysis of CPU-Centric Workload

The first experiment evaluates CPU-centric workload behavior before and after

optimization. Table 5.1 shows the CPU and memory values for five containers.
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TaBLE 5.1: Before-And-After Resource Usage For CPU-Centric Processes
Container | CPU Before (%) | Memory Before (%) | CPU After (%) | Memory After (%)
Container 1 13.8 93.0 12.2 93.7
Container 2 16.6 93.8 15.3 93.7
Container 3 20.5 92.8 15.6 93.9
Container 4 11.7 93.4 14.0 94.4
Container 5 15.2 93.5 16.5 93.7

The results in Table 5.1 show that Container 3 experiences a meaningful reduction in

CPU usage from 20.5% to 15.6%. Container 1 also shows a reduction from 13.8% to

12.2%. Container 4 and Container 5 show slightly increased CPU after optimization,

which indicates that the optimizer redistributed part of the workload from heavier

containers to comparatively lighter containers. This is acceptable in load balancing

because the objective is not to reduce every individual value but to reduce imbalance

and improve overall distribution As shown in Figure 5.1.
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Ficure 5.1: CPU And Memory Usage Before And After Optimization

5.3 Execution Time Analysis

Container 4 Container 5§

Execution time is important because a scheduling algorithm must not introduce

excessive overhead. The Decision Tree classifier is lightweight and produces fast
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classification results, whereas PSO optimization takes more time because it performs

iterative search. The measured execution times are shown in Table 5.2.

TaBLE 5.2: Execution Time Of Decision Tree And PSO Optimization

Process Execution Time (seconds)
Decision Tree 0.014994
PSO Optimization 0.217299

The Decision Tree classifier completes execution in 0.014994 seconds, confirming its
suitability for real-time or near-real-time load classification. PSO optimization requires
0.217299 seconds, which is higher but still acceptable for scheduling decisions. The
difference is expected because PSO performs iterative optimization, while Decision

Tree prediction only traverses a trained tree.

5.4 CPU and Memory Efficiency Improvement

Table 5.3 presents CPU and memory efficiency improvement after optimization.

TaBLE 5.3: CPU And Memory Efficiency Improvement

Container | CPU Before (%) | Memory Before (%) | CPU After (%) | Memory After (%) | CPU Improvement (%) | Memory Improvement (%)
Container 1 22.1 95.7 11.7 95.2 47.06 0.522
Container 2 12.8 95.7 11.7 95.3 8.59 0.418
Container 3 20.2 95.4 8.2 95.2 59.41 0.210
Container 4 115 95.4 10.5 95.2 8.70 0.210
Container 5 25.0 94.9 11.2 95.3 55.20 -0.421

Container 3 achieves the highest CPU improvement of 59.41%, followed by Container
5 with 55.20% and Container 1 with 47.06%. These values indicate that the
optimization framework is more effective for containers with higher initial CPU
demand. Memory improvement is comparatively smaller because memory usage
remains more stable during the workload. The slight negative memory improvement

for Container 5 indicates a marginal increase, but it does not affect the overall
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conclusion because the major gain is observed in CPU balancing result graph is

illustrated in Figure 5.2.

Container-wise CPU and Memory Efficiency Optimization Analysis

CPU Usage Before vs After Optimization

Memory Usage Before vs After Optimization
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Ficure 5.2: Container-Wise CPU And Memory Efficiency Improvement

5.5 Memory-Centric Workload Results

The memory-centric workload experiment evaluates the behavior of the optimization

framework when memory usage is the dominant factor. Table 5.4 shows the before-

after values.

TaBLE 5.4: Before-And-After Resource Usage For Memory-Centric Processes

Container | CPU Before (%) | Memory Before (%) | CPU After (%) | Memory After (%)
Container 1 2.0 89.1 94 86.5
Container 2 19.8 89.1 6.2 86.5
Container 3 7.6 89.1 4.2 86.5
Container 4 17.4 89.1 0.4 86.5
Container 5 8.1 89.1 2.6 86.5
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The results Table 5.4 shows that memory usage is reduced from 89.1% to 86.5% for all
containers. This indicates that the optimization process contributes to a more stable
memory profile. CPU usage decreases for most containers except Container 1, where
CPU increases from 2.0% to 9.4%. This increase may result from workload

redistribution toward an initially underutilized container.

5.6 Before and After Resource Usage after 1000

Iterations

To observe longer optimization behavior, the experiment also evaluates resource usage

after 1000 iterations. Table 5.5 presents the experimental result.

TaBLE 5.5: Before-And-After Resource Usage After 1000 Iterations

Container | CPU Before (%) | Memory Before (%) | CPU After (%) | Memory After (%)
Container 1 8.5 93.0 1.5 92.8
Container 2 5.2 93.0 3.8 92.8
Container 3 6.2 93.0 10.0 92.8
Container 4 8.2 93.0 1.2 92.8
Container 5 9.7 93.0 3.5 92.8

After 1000 iterations, memory values become stable around 92.8%, while CPU values
are reduced for most containers. Container 3 increases from 6.2% to 10.0%, indicating
that it receives additional work during balancing. The result confirms that the optimizer

redistributes workload to avoid concentration on selected containers.
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5.7 Comparison of PSO and APSO+DT

The hybrid APSO+DT approach is compared with standard PSO using CPU and

memory values. Table 5.6 presents the results.

TaBLE 5.6: Comparison Of PSO And APSO+DT For CPU And Memory Improvement

Container | CPUPSO (%) | CPU APSO+DT (%) | Memory PSO (%) | Memory APSO+DT (%) | CPU Improvement (%) | Memory Improvement (%)
Container 1 71.82 57.46 84.04 67.24 14.36 16.81
Container 2 60.11 48.09 75.73 60.59 12.02 15.15
Container 3 69.64 55.71 83.53 66.82 13.93 16.71
Container 4 83.11 66.49 97.93 78.35 16.62 19.59
Container 5 66.49 40.01 77.78 62.22 10.00 15.56

The APSO+DT method reduces CPU usage for all five containers compared with PSO.
Container 4 shows the highest CPU improvement of 16.62% and the highest memory
improvement of 19.59%. Container 5 shows CPU reduction from 66.49% to 40.01%,
which is a significant practical improvement. These results indicate that Decision
Tree-based workload classification improves the scheduling guidance of APSO by

identifying more suitable allocation patterns as shown in Figure 5.3.

3 $ python orchestrator.py collect --label baseline
[collect:baseline] rows=0
[saved] /home/master/Downloads/swarm_dt_apso_pso_full_project/results/baseline_metrics
[saved] /home/master/Downloads/swarm_dt_apso_pso_full_project/results/baseline_metri
[saved] /home/master/Download:/swarm dt_apso_pso_full_project/results/baseline_metrics
$ python orchestrator.py remove --strategy swarm-default

[remove] removed exp_default

R $ python orchestrator.py deploy --strategy pso
[pso] alloc: {'swarm_master': 2, 'workerl-VirtualBox': 2, 'worker2-VirtualBox': 2}
[ Xp_PSO-swarm_|f ma:ter replicas=2 on swarm_master
[deplov] exp_pso-worker1-VirtualBox replicas=2 on workerl-VirtualBox
[deploy] exp_pso-worker2-VirtualBox replicas=2 on worker2-VirtualBox
3 S python orchestrator.py wait --seconds 96
[wait] 90s ...

R $ python orchestrator.py collect --label pso
[collect: p:o] rows=0
[saved] /home/master/Downloads/swarm_dt_apso_pso_full_project/results/pso_metrics.cs
[saved] /home/master/Downloads/swarm_dt_apso_pso_full_project/results/pso_metri
[saved] /home/ma>ter/Downlcad>/>warm dt_apso_pso_full_project/results/pso_metrics.txt

$ python orchestrator.py remove --strategy pso

[remove] removed exp_pso-swarm_master
[remove] removed exp_pso-worker1-VirtualBox
[remove] removed exp_pso-worker2-VirtualBox

3 S python orchestrator.py deploy --strategy dt-apso
dt-apso] alloc: {'swarm_master': 1, 'workerl-VirtualBox': 1, 'worker2-VirtualBox': 4}
deploy] exp_dtapso-swarm_master replicas=1 on swarm_master
deploy] exp_dtapso-workerl-VirtualBox replicas=1 on worker1-VirtualBox
deploy] exp_dtapso-worker2-VirtualBox replicas=4 on worker2-VirtualBox

[
[
[
[

Ficure 5.3: Comparison Of PSO And APSO+DT For CPU And Memory Utilization
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5.8 Comparison of PSO Variants

The comparison of PSO, TMPSO, and Adaptive PSO is important because it establishes
the background for selecting Adaptive PSO as the optimization foundation. Table 5.7

presents the comparative values.

TaBLE 5.7: Comparative Analysis Of PSO, TMPSO, And Adaptive PSO

Container | Algorithm CPU Load | Memory Usage (MB) | Execution Time (Sec.)

1 PSO 23.5655 61.78275 77.06965
2 PSO 23.40568 61.70284 77.02170
3 PSO 23.39910 61.69955 77.01973
4 PSO 23.45902 61.72951 77.03771
5 PSO 23.46109 61.73055 77.03833

Average PSO 23.46 61.73 77.04
1 TMPSO 50.18283 75.09142 85.05485
2 TMPSO 49.44382 74.72191 84.83315
3 TMPSO 49.27857 74.63929 84.78357
4 TMPSO 49.75902 74.87951 84.92771
5 TMPSO 49.61538 74.80769 84.88462

Average TMPSO 49.66 74.83 84.90
1 Adaptive PSO | 25.99327 62.99663 77.79798
2 Adaptive PSO | 26.30020 63.15010 77.89006
3 Adaptive PSO | 26.21970 63.10985 77.86591
4 Adaptive PSO | 26.78923 63.39462 78.03677
5 Adaptive PSO | 26.87113 63.43557 78.06134

Average | Adaptive PSO 26.43 63.22 77.93
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‘Comparative Performance Analysis of Container Resource Allocation Algorithms’
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Ficure 5.4: Comparison of all PSO Variants

The Results shown in Table 5.7 Standard PSO shows lower average CPU load and
execution time in the static single-objective setting. However, Adaptive PSO is more
suitable for dynamic workload conditions because it adjusts parameters during
execution. TMPSO shows higher CPU load, memory usage, and execution time,
indicating greater computational overhead. This comparison supports the use of
Adaptive PSO as a robust optimization base for dynamic Docker container scheduling

Figure 5.4 is comparison bar chart for all three variants of PSO.

5.9 Docker Swarm Node-Wise CPU Utilization

The Swarm-based experiment compares DT+APSO, standard PSO, and default
Docker Swarm scheduling using node-wise CPU utilization. Table 5.8 presents total

CPU utilization per node.
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TasLE 5.8: Total CPU Ultilization per Node

Node DT+APSO PSO Swarm-Default

Total 41.5333 | 45.8479 39.1625

10.0.4.42 10.5146 11.6747 11.4539
10.0.4.43 20.3312 | 22.4355 15.9302
10.0.4.49 10.6875 11.7377 11.7784

Sum of CPU
Total CPU Usage
25.00
22.44
20.00

18.02

15.93
15.00

11.67 11.74 11.45 11.78
9.47
10.00 i
20 2.31 | Total
1.19 1.22
0.00 [ i b

10.0.4.42 10.0.4.43 10.0.4.49 10.04.42 10.0.4.43 10.0.4.49 10.0.4.42 10.0.4.43 10.0.449 10.0.442 10.0.443 10.0.3.49
10.0.4.43 10.0.4.49 10.0.4.49 10.0.4.42

dt-apso pso swarm-default

strategy ™ Container ¥ Node ¥

Ficure 5.5: CPU Usage Comparison of PSO, DT+APSO, and Swarm-Default
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Total CPU Usage

pso

dt-apso

swarm-default

34 36 38 40 42 44 46 48

Ficure 5.6: Total CPU Utilization

The CPU results in Figure 5.6 show that DT+APSO produces lower total CPU
utilization than PSO. The total CPU value for DT+APSO is 41.5333, whereas PSO
records 45.8479. This indicates that the proposed hybrid strategy reduces CPU
demand compared with standard PSO. Although the default Swarm scheduler shows a
lower total CPU value in this specific run, it does not include predictive optimization.
Therefore, CPU total must be interpreted along with memory usage, node variance,

scheduling adaptability, and placement fairness.

5.10 Docker Swarm Node-Wise Memory Utilization

The Figure 5.8 shows Memory utilization is another important metric because memory
pressure can degrade container performance and cause instability. Table 5.9 presents

total memory utilization per node.
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Strategy-wise Node Memory Sum Optimization Analysis

Total Memory Sum by Strategy

Node-wise Memory Sum comparison

1750
1626.25

1500

1250

y Sum

5 1000 1

Total Mem

750 1

500 4

250

DT+APSO

1795.09

1798.90

Swarm-Default PSO

734.1

7377

10.0.4.42 10.0.4.43

Ficure 5.7: Container wise Memory usage Comparison

TaBLE 5.9: Total Memory Utilization per Node

Node | DT+APSO PSO Swarm-Default

Total 1626.2452 | 1798.8996 1795.0890
10.0.4.42 | 664.5458 | 737.7496 734.0947
10.0.4.43 | 569.5854 | 626.9549 628.6942
10.0.4.49 | 392.1139 | 434.1951 432.3000

5.11 Node-Wise CPU Strategy Comparison

BN DT+APSO
- Swarm-Default
. PSO

10.0.4.49

The memory results strongly support the effectiveness of DT+APSO. The total

memory utilization under DT+APSO is 1626.2452, while PSO and Swarm-Default

record 1798.8996 and 1795.0890, respectively. This shows that the proposed method

reduces memory usage compared with both baseline strategies.

The result also

indicates that Decision Tree-guided node suitability analysis helps APSO avoid

memory-heavy placement decisions.

Table 5.10 presents CPU utilization strategy-wise on each node.
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Ficure 5.8: Container wise Memory usage Comparison

TasLe 5.10: CPU Utilization Strategy-wise on Each Node

Strategy 10.0.4.42 | 10.0.4.43 | 10.0.4.49
Total 33.6432 58.6969 34.2036
DT+APSO 10.5146 20.3312 10.6875
PSO 11.6747 22.4355 11.7377
Swarm-Default 11.4539 15.9302 11.7784

For nodes 10.0.4.42 and 10.0.4.49, DT+APSO produces the lowest CPU usage
compared with PSO and Swarm-Default. On node 10.0.4.43, Swarm-Default has lower
CPU usage, but the total behavior across CPU and memory must be interpreted
together. In distributed scheduling, the best strategy is the one that maintains resource

stability across multiple dimensions rather than optimizing one isolated node value.

Figure 5.9 (a) and (b) shows memory utilisation and CPU Ultilization in Grafana
dashboard.
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Grafana ome Dashboards > Docker monite

Export -

G Refresh

160 MiB

128 MiB

Home > Dashboards

€ Backtodashboard  Export v [Sharell |~

¢ O Lastlhour ~ Q Q Refresh 10s ~

88 Dashboards CPU Usage

(b) Grafana CPU utilization

Ficure 5.9: Grafana Monitoring Dashboard for CPU and Memory Utilization

5.12 Comparative Discussion

The experimental results show that the proposed DT+APSO framework improves
resource optimization in Docker container-based environments. In the CPU-centric
experiment, high-load containers experience clear CPU reduction after optimization.
The efficiency improvement results show that Container 3 achieves 59.41% CPU
improvement and Container 5 achieves 55.20% improvement. These results indicate
that the optimizer is effective when containers show high initial computational

demand.
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Strategy-wise CPU Utilization on Each Docker
Swarm Node

25.0000

20,0000

15.0000

10.0000

5.0000

0.0000
10.0.4.42 10.0.4.43 10.0.4.49

B DT+APSO mPSO  ®m Swarm-Default

Ficure 5.10: Node-wise CPU Utilization

The Figure 5.10 memory-centric experiment shows stable memory reduction from
89.1% to 86.5% across all containers. This confirms that the proposed method is not
limited to CPU optimization but also contributes to memory stability. The comparison
between PSO and APSO+DT shows that the hybrid method consistently reduces CPU
and memory values compared with standard PSO. This confirms the benefit of

combining Decision Tree classification with Adaptive PSO.

The Docker Swarm node-wise results further demonstrate the value of the proposed
model in distributed environments. DT+APSO reduces total memory usage compared
with both PSO and Swarm-Default and reduces total CPU usage compared with PSO.
The result confirms that the proposed framework is suitable for Docker Swarm

scheduling where multiple nodes and replicas must be managed simultaneously.

Compared with default Docker Swarm scheduling, the proposed DT+APSO
framework provides more intelligent placement because it uses live telemetry and
predictive classification. Default Docker Swarm scheduling is simple and useful for
general deployment, but it does not consider historical behavior or predictive load
classification. Therefore, DT+APSO is more suitable for dynamic workloads with

changing CPU and memory behavior.
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5.13 Chapter Summary

This chapter presented the results analysis and comparative evaluation of the proposed
Hybrid Adaptive PSO and Decision Tree model. The analysis included CPU-centric
results, memory-centric results, execution time, CPU and memory efficiency
improvement, comparison with PSO, comparison with PSO variants, and Docker

Swarm node-wise resource utilization.

The results showed that the proposed framework improves CPU efficiency, maintains
stable memory usage, and reduces resource imbalance. CPU efficiency improvement
reached 59.41% for Container 3 and 55.20% for Container 5. The Decision Tree
classifier executed in 0.014994 seconds, while PSO optimization required 0.217299
seconds. The comparison of PSO and APSO+DT showed consistent reductions in
CPU and memory utilization. The Docker Swarm results also showed that DT+APSO
reduces total memory usage compared with PSO and Swarm-Default and reduces total

CPU usage compared with standard PSO.

Overall, the results validate that the proposed DT+APSO model is effective for
intelligent resource allocation and load balancing in Docker container environments.
The integration of predictive Decision Tree classification with Adaptive PSO
optimization improves scheduling adaptability, reduces resource contention, and

supports practical deployment in Docker Swarm-based cloud infrastructures.
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CHAPTER 6

Conclusion and Future Work

6.1 Conclusion

This chapter presented the design, implementation, and evaluation of a hybrid Decision
Tree and Adaptive Particle Swarm Optimization (DT+APSO) framework for optimized
resource allocation in a Docker container-based cloud environment. The study was
motivated by the limitations of conventional scheduling methods in Docker Swarm,
which often rely on static or rule-based placement strategies and are therefore unable to
respond efficiently to rapidly changing workload conditions. To address this issue, the
proposed approach combined the predictive capability of a Decision Tree model with
the adaptive search strength of APSO, enabling more intelligent and dynamic container

placement decisions.

The experimental results demonstrated that the DT+APSO framework achieved better
load distribution across the cluster when compared with the default Docker Swarm
scheduler and standard PSO-based allocation. In particular, the proposed method
reduced imbalance in CPU utilization, stabilized memory consumption, and improved
the overall efficiency of replica placement. The Decision Tree component helped
identify the suitability of worker nodes based on real-time system metrics, while the
APSO component adaptively refined the allocation process by balancing exploration
and exploitation during optimization. As a result, the proposed scheduler was able to
avoid overloading specific nodes and make better use of available resources across the

Docker Swarm cluster.

Another important outcome of this research is its practical applicability. The

framework was implemented in a real Docker Swarm environment using live
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monitoring data collected through Prometheus and cAdvisor, with visualization
support through Grafana. This ensured that resource allocation decisions were based
on actual system behaviour rather than only simulated conditions. Moreover, the
proposed solution was integrated externally through orchestration mechanisms,
without requiring modifications to the Docker engine itself. This makes the framework
flexible, scalable, and suitable for real-world deployment in containerized cloud

infrastructures.

Overall, the work confirms that the integration of machine learning and adaptive
optimization can significantly enhance resource allocation in container-based cloud
environments. The DT+APSO model provides a robust, intelligent, and efficient
solution for handling dynamic workloads in Docker clusters. The findings of this thesis
therefore establish a strong foundation for future intelligent schedulers that can
improve performance, resource utilization, and stability in modern cloud computing

platforms.

6.2 Future Work

Although the proposed DT+APSO framework achieved promising results, several
opportunities remain for further enhancement. In the present work, the optimization
process mainly focused on CPU and memory utilization. In future, the framework can
be extended into a multi-objective optimization model that simultaneously considers
additional parameters such as network bandwidth, task completion time, response
latency, throughput, and storage usage. Such an extension would allow the scheduler to
make more balanced allocation decisions in highly dynamic and heterogeneous cloud

environments.

Another important direction for future research is energy-aware resource allocation. By
integrating power consumption models or node energy profiles into the fitness function,
the scheduler could reduce unnecessary energy usage by consolidating workloads onto

fewer active nodes during low-demand periods. This would be especially useful in
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green cloud computing environments, where reducing power consumption and carbon

footprint has become an important design objective.

The proposed framework can also be extended beyond Docker Swarm and adapted for
Kubernetes, which is currently the most widely adopted container orchestration
platform.  Implementing the DT+APSO strategy through Kubernetes scheduler
extensions or custom scheduling APIs would help evaluate the generality and
portability of the proposed method. Successful deployment in Kubernetes would
further validate the practical relevance of the approach across different container

orchestration ecosystems.

In addition, future work can incorporate Service Level Agreement (SLA)-aware
scheduling into the optimization model. In such a framework, the scheduler would
consider not only resource utilization but also application-level quality-of-service
requirements such as response time, availability, and throughput guarantees. This
would allow the system to prioritize critical services, support bursty workloads more

effectively, and improve user satisfaction in production cloud platforms.

Further improvements may also include the use of more advanced learning and
optimization techniques, such as ensemble learning, reinforcement learning, or hybrid
deep learning-based workload prediction models. These methods may help the system
capture more complex workload patterns and improve decision-making under
uncertain or rapidly changing operating conditions. Testing the framework on larger
clusters, real cloud traces, and edge-cloud environments would also strengthen its

applicability and validate its performance at scale.

In summary, the future scope of this research lies in making the proposed scheduler
more comprehensive, intelligent,and adaptable.By extending it toward multi-objective,
energy-aware, SLA-conscious, and cross-platform scheduling, the DT+APSO
framework can evolve into a more powerful and practical solution for next-generation

containerized cloud and edge computing systems
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