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Abstract 

 

Cloud computing has emerged as a dominant paradigm for deploying scalable and distributed 

applications through the adoption of microservices architecture and containerization 

technologies. Containers provide lightweight and portable execution environments for 

microservice. The Container orchestration platforms such as Docker Swarm and Kubernetes 

offer automated deployment, scaling, and management of containerized microservices.  

Efficient scheduling of containerized microservices is essential to ensure performance, 

scalability, and quality of service in container-based cloud environments. Docker Swarm’s 

default scheduling policies are based on static heuristics. They have lack of awareness of 

dynamic resource conditions and application-level performance. However, efficient container 

scheduling remains a significant challenge due to dynamic workload conditions, heterogeneous 

resource availability, Quality of Service (QoS) needs, and increasing energy consumption in 

cloud infrastructures.  

To address these limitations, this research proposes a Multi-Criteria Scheduling of 

Containerized Microservices using Reinforcement Learning (MCSCM-RL) framework for 

Docker Swarm environments. The proposed framework integrates multi-criteria decision-

making and Deep Reinforcement Learning techniques to enable intelligent and adaptive 

container scheduling for microservices. The proposed scheduling approach integrates node-

level metrics, such as CPU and memory utilization, and container counts, with application-level 

QoS metrics, such as average startup time and average response time. A multi-criteria node-

ranking mechanism based on a relative closeness function is employed to evaluate the 

suitability of cluster nodes, while a DQN based reinforcement learning agent dynamically 

selects optimal deployment nodes based on real-time cluster conditions and learned scheduling 

mechanisms. The proposed scheduling framework was implemented and evaluated using a 

Docker Swarm cluster comprising one manager node and two worker nodes deployed on 

Ubuntu virtual machines. Extensive experimental evaluation is conducted and compared with 

Random, Spread, Binpack, and non-RL MCSCM container scheduling strategies under clean 

and cumulative deployment scenarios. 

Experimental results exhibit that the proposed MCSCM-RL scheduler effectively improves 

workload distribution, resource utilization, startup time, response time, and energy efficiency 

compared with traditional container scheduling approaches. The integration of reinforcement 
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learning enables adaptive scheduling behaviour through continuous interaction with the 

environment, while the multi-criteria node-ranking mechanism enhances decision-making by 

considering multiple performance indicators simultaneously. Future work will focus on 

extending the work to large-scale cluster, Kubernetes, and public cloud platforms. 

Keywords: Containerization, Docker Swarm, Microservices, Reinforcement Learning, Deep 

Q-Network (DQN), Quality of Service (QoS) 
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Abstract 

 

Cloud computing has emerged as a dominant paradigm for deploying scalable and distributed 

applications through the adoption of microservices architecture and containerization 

technologies. Containers provide lightweight and portable execution environments for 

microservice. The Container orchestration platforms such as Docker Swarm and Kubernetes 

offer automated deployment, scaling, and management of containerized microservices.  

Efficient scheduling of containerized microservices is essential to ensure performance, 

scalability, and quality of service in container-based cloud environments. Docker Swarm’s 

default scheduling policies are based on static heuristics. They have lack of awareness of 

dynamic resource conditions and application-level performance. However, efficient container 

scheduling remains a significant challenge due to dynamic workload conditions, heterogeneous 

resource availability, Quality of Service (QoS) needs, and increasing energy consumption in 

cloud infrastructures.  

To address these limitations, this research proposes a Multi-Criteria Scheduling of 

Containerized Microservices using Reinforcement Learning (MCSCM-RL) framework for 

Docker Swarm environments. The proposed framework integrates multi-criteria decision-

making and Deep Reinforcement Learning techniques to enable intelligent and adaptive 

container scheduling for microservices. The proposed scheduling approach integrates node-

level metrics, such as CPU and memory utilization, and container counts, with application-level 

QoS metrics, such as average startup time and average response time. A multi-criteria node-

ranking mechanism based on a relative closeness function is employed to evaluate the 

suitability of cluster nodes, while a DQN based reinforcement learning agent dynamically 

selects optimal deployment nodes based on real-time cluster conditions and learned scheduling 

mechanisms. The proposed scheduling framework was implemented and evaluated using a 

Docker Swarm cluster comprising one manager node and two worker nodes deployed on 

Ubuntu virtual machines. Extensive experimental evaluation is conducted and compared with 

Random, Spread, Binpack, and non-RL MCSCM container scheduling strategies under clean 

and cumulative deployment scenarios. 
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Experimental results exhibit that the proposed MCSCM-RL scheduler effectively improves 

workload distribution, resource utilization, startup time, response time, and energy efficiency 

compared with traditional container scheduling approaches. The integration of reinforcement 

learning enables adaptive scheduling behaviour through continuous interaction with the 

environment, while the multi-criteria node-ranking mechanism enhances decision-making by 

considering multiple performance indicators simultaneously. Future work will focus on 

extending the work to large-scale cluster, Kubernetes, and public cloud platforms. 

Keywords: Containerization, Docker Swarm, Microservices, Reinforcement Learning, Deep 

Q-Network (DQN), Quality of Service (QoS) 
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1. Introduction 

Cloud computing has emerged as one of the most dominant computing paradigms in recent 

years.  This paradigm offers on-demand access to shared computing resources and services over 

the Internet. The need for scalable and efficient cloud infrastructures has grown dramatically 

due to the quick development of Internet-based applications, Internet of Things (IoT) devices, 

machine learning applications, video streaming platforms, and cloud storage services. Cloud 

computing enables users and organizations to access computing resources such as processing 

power, storage, networking, and software services. It offers different service models including 

Infrastructure as a Service (IaaS), Platform as a Service (PaaS), and Software as a Service 

(SaaS). The foundation of cloud computing is virtualization technology which isolates the 

underlying hardware infrastructure and make it possible to share computing resources 

effectively in an isolated environment. The flexibility, scalability, and cost-effectiveness 

offered by cloud computing platform have encouraged enterprises and industries over the world 

to shift their workloads to cloud platforms in order to increase the performance and business 

agility[1][2]. 

Microservices Architecture (MSA) has gradually replaced traditional monolithic application 

architecture due to the growing need of agile software development and continuous service 

delivery. In microservices-based systems, applications are decomposed into multiple 

lightweight, loosely coupled, and independently deployable services. In which each 

microservice performs a specific business functionality and interacts with other services using 

lightweight APIs. Microservices allows the ease of application development, maintenance, 

scalability, and continuous deployment by enabling independent updates and quick service 

delivery. The emergence of containerization technologies, have expedited the use of 

microservices by offering lightweight and portable execution environments for deploying 

applications and their dependencies. Compare to traditional virtual machines, containers offer 

quick startup time, near-native performance, portability, and efficient resource utilization. As a 

result, container orchestration platforms like Docker Swarm and Kubernetes are widely adopted 

for managing large-scale deployments of containerized microservices in cloud 

environments[3][4]. 

 

 



Introduction 
 

2 
 

1.1 State of the arts of the research 

Traditional software applications were basically developed using monolithic application 

architecture, which tightly integrates all application functionalities such as user interface, 

business logic, and database operations into a single deployable unit. Monolithic systems were 

initially easy to design, develop, and deploy for small-scale applications. However, monolithic 

applications started encounter a number of drawbacks as applications became larger and 

complex, such as poor scalability, increased maintenance complexity, longer deployment 

cycles, and reduced fault isolation. In monolithic systems, a minor change in one module often 

required redeployment of the entire application. It results in increased downtime and reduced 

development agility. Additionally, the tightly coupled nature of monolithic systems made it 

difficult for software developers to work independently and slowed down the process of 

continuous integration and continuous deployment (CI/CD). 

 

The software industry gradually shifted toward microservices architecture to overcome these 

limitations. It enables modular application development, independent scaling of services, quick 

deployment, improved fault tolerance, and enhanced maintainability. Unlike monolithic 

application architecture, microservices permits to update and redeploy specific services without 

affecting the entire application. The adoption of microservices has become increasingly popular 

in cloud-based environments due to its support for agility, scalability, resilience, and continuous 

software delivery. Large technology organizations like Amazon, Netflix, and Google have 

widely used microservices architecture to efficiently handle large-scale distributed applications 

and dynamic workload conditions. 

 

Containerization is a lightweight virtualization technology that enables applications and their 

dependencies to be packaged into isolated and portable execution environments. Compared to 

traditional virtual machines, containers guarantee process-level isolation. It shares the host 

operating system kernel, which lowers resource overhead and boost startup times. By 

encapsulating application code, libraries, runtime environments, and configuration files into a 

single deployable unit, containerization makes it possible for applications to operate reliably 

across many computing platforms. Because of its consistency and portability, containerization 

is a crucial technology for modern cloud-based applications, making software development, 

testing, deployment, and easy maintenance processes [5][6]. 
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Containers offer several advantages over conventional virtualization technologies, including 

rapid deployment, reduced infrastructure overhead, improved scalability, and near-native 

performance. Containerization is well suited for microservice architecture, where applications 

are decomposed into multiple loosely coupled services which can be independently deployed 

and scaled. Each microservice can be packaged as a container, that enables continuous delivery 

and flexible deployment[3][7]. 

 

A container platform is a software architecture that allows the effective creation, deployment, 

management, and operation of containerized applications across various computer 

environments. Containerization platforms like Docker offer simplicity, portability, scalability, 

and effective use of computing resources, they have significantly increased the adoption of 

container-based applications in cloud computing environments. As a result, containerization 

has become a foundational technology for building scalable, agile, and efficient cloud-native 

systems. As the number of containers increases in large-scale cloud systems, container 

orchestration platforms like Docker Swarm and Kubernetes are used to automate deployment, 

scheduling, auto-scaling, networking, and management of containers across distributed cluster 

nodes[8].  

 

The key process in container orchestration platforms is container scheduling that determines 

how and where containers are deployed across the nodes of a distributed cluster environment. 

In cloud-based systems, applications are typically deployed as multiple containerized 

microservices running on clusters managed by orchestration platforms such as Docker Swarm 

and Kubernetes. The container scheduler is responsible for selecting the most suitable node of 

the cluster to deploy the containers based on available resources and predefined scheduling 

policies. In large-scale cloud-based systems, effective container scheduling is very crucial for 

maintaining system stability, resource balancing, enhancing application performance, and 

guaranteeing dependable service delivery. 

 

Existing container scheduling approaches of container orchestration platforms like Docker and 

Kubernetes often fail to consider runtime metrics such as CPU utilization, memory availability, 

startup delay, response time, dynamic workloads situations, dependencies among 

microservices, and energy consumption. Inefficient container scheduling decisions may lead to 

resource contention, increased latency, service degradation, underutilization of resources, and 

excessive power consumption in cloud datacentres[9]. In cloud datacentres, inefficient 
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container scheduling choices can result in resource contention, higher latency, service failure, 

underutilization of resources, and excessive power utilization. Modern cloud-based systems are 

becoming more sophisticated and dynamic, which has made need of intelligent and adaptable 

container scheduling algorithms. In addition, microservices-based applications need continuous 

scaling and dynamic resource management to maintain Quality of Service (QoS) under dynamic 

workload situations. Therefore, there is a requirement of advanced and intelligent container 

scheduling mechanisms, that can dynamically adapt to changing system states and optimize 

multiple objectives simultaneously. In order to achieve effective, QoS-aware, and energy-aware 

container orchestration in modern cloud-based systems, intelligent container scheduling 

approaches based on machine learning and reinforcement learning techniques have emerged as 

potential solutions. 

1.2 Problem Definition  

The deployment of containerized workloads in cloud-based systems has greatly grown due to 

the quick adoption of cloud-based applications and microservices architecture. Containers are 

ideal for modern applications like the Internet of Things (IoT), artificial intelligence, streaming 

services, and real-time distributed applications because they offer lightweight virtualization, 

scalability, portability, and quick deployment capabilities. To automate the deployment, 

scheduling, networking, and management of containerized microservices across cluster nodes, 

container orchestration technologies like Docker Swarm and Kubernetes are widely utilized. 

One of the most crucial features of these orchestration systems is container scheduling, which 

determines where containers should be placed on available cluster nodes in order to maximize 

resource consumption and improve application performance. 

However, existing container scheduling strategies of Docker Swarm such as Spread, Binpack, 

and Random scheduling are mainly depended on static heuristic-based scheduling approaches, 

that are unable to handle effectively the dynamic nature of cloud environments. These 

traditional container scheduling techniques often consider only limited resource parameters 

(CPU, memory), while ignoring application-level metrics such as startup time, response time, 

workload fluctuation, energy consumption, and Quality of Service (QoS) needs. However, 

inefficient scheduling decisions may lead to resource contention, load imbalance, increased 

service latency, higher energy consumption, poor scalability, and degradation of overall system 

performance. In addition, in dynamic workload conditions microservices environments need 
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adaptive and intelligent container scheduling mechanisms that is capable of making real-time 

decisions based on current cluster states. 

Improper workload placement and inefficient resource allocation can lead to excessive power 

consumption and operational costs. Existing container schedulers are not energy-aware and fail 

to optimize the compromise between performance and energy efficiency. Furthermore, most 

conventional container scheduling methods used for deploying containerized microservices do 

not possess self-learning or autonomous adaptation capabilities, that makes them less effective 

in highly dynamic and heterogeneous cloud environments. 

 

Looking at these challenges, there is a critical need for an intelligent, adaptive, QoS-aware, and 

energy-aware container scheduling framework that is capable of dynamically selecting optimal 

nodes to deploy containerized microservices. The proposed research addresses these challenges 

by developing a Multi-Criteria Scheduling of Containerized Microservices using 

Reinforcement Learning (MCSCM-RL) framework for Docker Swarm environments. The 

proposed container scheduling approach integrates multi-criteria decision-making with Deep 

Reinforcement Learning techniques to optimize container placement decisions based on 

parameters such as CPU utilization, memory utilization, container count, startup time, and 

response time. Proposed scheduling approach is aimed to improve resource utilization, reduce 

latency, enhance QoS, and minimize energy consumption to ensure efficient orchestration of 

containerized microservices in cloud-based environments. 

1.3 Objective and Scope of Work 

Developing an intelligent and adaptive container scheduling system for the effective 

deployment of containerized microservices in Docker Swarm-based cloud environments is the 

main goal of this research work. By combining multi-criteria decision-making and 

reinforcement learning techniques for dynamic resource allocation and optimal container 

placement for microservices, the research proposes to overcome the limitations of conventional 

container scheduling approaches. Enhancing system performance, Quality of Service, and 

energy-efficient resource usage in cloud-based systems are the main objectives of the proposed 

scheduling framework. 

The objectives of the research are as follows: 

 To investigate and evaluate existing container scheduling strategies such as Random, 

Spread, and Binpack in container orchestration platforms. 
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 To develop a scheduling framework for Multi-Criteria Scheduling of Containerized 

Microservices (MCSCM) in Docker Swarm environments. 

 To integrate resource-aware and application-aware parameters such as CPU utilization, 

memory utilization, container count, startup time, and response time into the scheduling 

decision process. 

 To develop a Reinforcement Learning-based intelligent scheduling mechanism using 

Deep Q-Network (DQN) for autonomous and adaptive container placement. 

 To implement dynamic node ranking and workload-aware scheduling for improving 

resource balancing and Quality of Service (QoS). 

 To reduce startup time, response time, and energy consumption while improving overall 

cluster performance and resource utilization. 

 To perform comparative performance evaluation of the proposed MCSCM-RL 

scheduling approach against existing container scheduling strategies including Random, 

Spread, and Binpack scheduling. 

 To analyse the effectiveness of the proposed framework using various performance 

metrics such as CPU utilization, memory utilization, startup time, response time, and 

number of containers deployed on the cluster node. 

The scope of this research primarily focuses on intelligent container scheduling in cloud-based 

environments using Docker Swarm container orchestration system. The work covers the design, 

implementation, and evaluation of an energy-aware and QoS-aware reinforcement learning-

based scheduling framework for deploying containerized microservices on docker swarm 

cluster nodes. The experimental setup consists of a Docker Swarm cluster deployed using 

virtual machines, including swarm manager and two swarm worker nodes, for evaluating 

scheduling performance under different workload situations. 

 

The proposed research also focuses on microservices-based applications deployed using 

Docker containers and does not extensively address virtual machine scheduling. The 

application of Deep Reinforcement Learning algorithms for dynamic scheduling decisions in 

small- to medium-sized distributed cloud system is the main focus of this study. However, the 

proposed framework can be extended in future work toward large-scale Kubernetes 

environments, edge-cloud systems, and public cloud platforms.  
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1.4 Research Contribution 

The rapid growth of cloud-native applications and containerized microservices has created 

significant challenges in efficient resource management, Quality of Service (QoS) maintenance, 

and energy-efficient workload deployment in cloud environments. Existing container 

scheduling approaches are basically depending on static heuristic-based methods and often not 

able to adapt dynamically to changing workload situations and runtime resource needs. To 

tackle the issues with container scheduling, this research study proposes an intelligent 

scheduling system that uses reinforcement learning for Docker Swarm environments. The main 

research contributions of this thesis are summarized like this: 

 

1. Development of Multi-Criteria Container Scheduling Framework 

This research proposes Multi-Criteria Scheduling of Containerized Microservices using 

Reinforcement Learning (MCSCM-RL) framework for Docker Swarm environments. 

The proposed scheduling framework performs intelligent and adaptive container 

deployment by considering multiple resource-aware and application-aware metrics.  

2. Combining QoS-aware and Energy-aware Scheduling approach 

The proposed scheduling approach combines Quality of Service (QoS) and energy-

aware metrics into the scheduling decision. In contrast to conventional container 

scheduling methods that mainly focus on resource availability. To achieve balanced and 

optimal container deployment, performance metrics like startup time, response time, 

CPU utilization, memory utilization, and container count are incorporated.  

3. Dynamic Node Ranking using Multi-Criteria Decision Making 

A dynamic node-ranking mechanism based on multi-criteria decision-making 

techniques is designed to examine the suitability of cluster nodes for the deployment of 

containerized microservices. The node ranking process continuously updates node rank 

based on real-time cluster conditions and workload.  

4. Application of Deep Reinforcement Learning for Container Scheduling 

For autonomous container scheduling in Docker Swarm environment, the study 

employs a Deep Q-Network (DQN)-based reinforcement learning scheduling method. 

Through constant interaction with the swarm cluster, the RL agent learns the best 

deployment policies and dynamically adjusts to changes in workload and resource 

availability. The RL agent is given a unique reward function that maximizes resource 

use and load balancing efficiency while minimizing response time, startup latency, and 
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energy consumption. The reward mechanism enables the container scheduler to make 

intelligent deployment decisions under dynamic situations.  

5. Implementation of Docker Swarm-based Testbed 

In order to evaluate the proposed container scheduling method, a full experimental 

environment with a Docker Swarm manager and two worker nodes is implemented 

using virtual machine-based infrastructure. Automated deployment, monitoring, metric 

collecting, and comparative analysis of various container scheduling techniques are all 

supported by the testbed. 

6. Comparative Analysis with Existing Container Scheduling Strategies 

The proposed MCSCM-RL framework is experimentally compared with existing 

container scheduling strategies including Random, Spread, and Binpack. Detailed 

performance analysis is conducted using performance metrics such as startup time, 

response time, CPU utilization, memory utilization, response time, startup time and 

number of containers deployed on the cluster node. Performance evaluation is measured 

under clean and cumulative deployment scenarios. 

7. Improvement in Resource Utilization and System Performance 

The proposed scheduling framework exhibits enhanced workload distribution, reduced 

latency, better QoS, and enhanced energy efficiency compared to existing container 

scheduling methods. The framework effectively adapts to dynamic cluster conditions 

and improves overall system performance in cloud-based environments.  

8. Contribution toward Autonomous Cloud-native Resource Management 

The development of autonomous cloud orchestration systems with intelligent decision-

making for large-scale containerized environments is facilitated by this research work. 

Future studies in public cloud systems, edge-cloud orchestration, Kubernetes 

scheduling, and AI-driven datacentre management can build upon this proposed 

methodology. 

1.5 Organization of the Thesis 

The thesis is organized into six chapters that present the background, research methodology, 

implementation, experimental evaluation, and conclusions of the proposed research work. 

Chapter 1: Introduction presents the background and motivation of the research work. It 

discusses cloud computing, microservices architecture, containerization technologies, and the 

importance of efficient container scheduling in cloud-based environments. The chapter also 
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highlights the limitations of existing scheduling approaches, defines the research problem, 

outlines the objectives and scope of the research work, presents the research contributions, and 

provides the overall organization of the thesis. 

Chapter 2: Literature Review provides a comprehensive review of existing research related 

to cloud computing, containerization, microservice architecture, Docker Swarm, Kubernetes, 

and container scheduling strategies for microservices. The chapter discusses traditional 

scheduling techniques such as Random, Spread, and Binpack scheduling, along with recent 

machine learning and reinforcement learning-based scheduling approaches used in scheduling 

of containerized microservices. Furthermore, the chapter identifies research gaps and 

limitations in existing container schedulers that motivate the proposed work. 

Chapter 3: Research Methodology and Problem Formulation describe the proposed Multi-

Criteria Scheduling of Containerized Microservices using Reinforcement Learning (MCSCM-

RL) framework. It presents the overall system architecture, problem formulation, workload 

model, and scheduling workflow. The chapter also explains the node-ranking mechanism, state-

space representation, action-space design, reward function, and integration of Deep Q-Network 

(DQN)-based reinforcement learning into the container scheduling process. 

Chapter 4: System Design and Implementation discuss the implementation details of the 

proposed framework in a Docker Swarm environment. The chapter explains the experimental 

setup, Docker Swarm cluster configuration, deployment of containerized microservices, 

monitoring framework, resource metric collection, and implementation of various scheduling 

strategies including Random, Spread, Binpack, MCSCM, and MCSCM-RL schedulers.  

Chapter 5: Experimental Evaluation and Performance Analysis present the experimental 

results and comparative performance analysis of the proposed scheduling framework. Using 

performance metrics including startup time, response time, CPU utilization, memory 

utilization, and container count, the chapter compares the proposed MCSCM-RL scheduler 

against current container scheduling techniques. The effectiveness of the proposed scheduling 

strategy is illustrated by a number of graphs, tables, and statistical studies. 

Chapter 6: Conclusion and Future Research Directions summarizes the main conclusions 

and contributions of the suggested research project to wrap up the thesis. The chapter highlights 

potential future research directions and highlights the efficiency of the MCSCM-RL scheduling 

system. 
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Chapter 2 

2. Literature Review 

The literature review chapter presents a comprehensive analysis of existing research related to 

cloud computing, microservices architecture, containerization, container orchestration, and 

intelligent container scheduling techniques. This chapter examines the evolution of cloud-based 

computing environments and discusses the role of Docker, Docker Swarm, and Kubernetes in 

managing large-scale containerized microservices. Various traditional container scheduling 

approaches such as Random, Spread, and Binpack scheduling are analysed along with recent 

advancements in heuristic-based, QoS-aware, energy-aware, and machine learning-based 

scheduling mechanisms. Furthermore, the chapter reviews reinforcement learning and Deep Q-

Network (DQN)-based approaches applied to cloud environment for container scheduling. The 

strengths, limitations, and research gaps identified from the existing literature provide the 

foundation and motivation for the proposed Multi-Criteria Scheduling of Containerized 

Microservices using Reinforcement Learning (MCSCM-RL) framework presented in this 

thesis. 

2.1 Cloud Computing and Virtualization 

Cloud computing is a modern computing paradigm that offers on-demand access to shared 

computing resources such as servers, storage, networking, software, and applications via 

Internet. Without having to maintain physical infrastructure, it allows users and businesses to 

take advantage of flexible and scalable computing services as and when required. Cloud 

computing offers several advantages including cost reduction, resource scalability, high 

availability, elasticity, and efficient resource management. Depending on user requirements, 

cloud services are generally categorized into Infrastructure as a Service (IaaS), Platform as a 

Service (PaaS), and Software as a Service (SaaS). The rapid adoption of cloud computing across 

various organizations has significantly transformed the deployment and management of large-

scale cloud-based applications[10][11]. 

 

Cloud computing is built on virtualization technology, which makes it possible to share and 

abstract physical hardware resources effectively. Virtualization allows multiple isolated virtual 

environments to run simultaneously on the same physical machine, which improves hardware 
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utilization and reducing infrastructure costs. Through virtualization, applications and operating 

systems become decoupled from the underlying hardware architecture, enabling portability, 

flexibility, and simplified resource management. Virtualization technology has played a major 

role in enabling cloud service providers to support multi-tenant environments and dynamic 

resource provisioning[11]. 

 

Virtual Machines 

A Virtual Machine is a software-based emulation of a physical system that runs its own OS and 

applications independently within an isolated virtual environment. Each virtual machine 

contains hardware resources such as memory, CPU, storage, and network in virtualized form, 

allowing multiple OS to execute concurrently on a single physical server. Virtual machines 

offer strong isolation, security, and fault tolerance between applications running on the same 

host system. They also support workload consolidation and migration, which are crucial aspects 

in cloud datacentres. 

Virtual machines are widely used in cloud computing environments because they allow cloud 

service providers to efficiently allocate resources among multiple users while maintaining 

workload isolation. Software such as Xen,VMware, KVM, and Microsoft Hyper-V are 

commonly used virtualization platforms for creating and managing virtual machines.VM-based 

deployment offers flexibility and isolation, but because each VM instance must run a different 

guest operating system, there is a significant overhead[8][12]. 

 

Hypervisors  

A hypervisor is a software layer which is responsible for creating, managing, and monitoring 

VMs on a physical computer system. It is also known as Virtual Machine Monitor. It abstracts 

the underlying hardware resources and allocates them to multiple virtual machines while 

ensuring isolation and controlled resource sharing. The Hypervisor enables multiple OS to run 

concurrently on a single physical host system by virtualizing memory, CPU, storage, and 

network resources. 

Basically, Hypervisors are classified into Type-1 and Type-2 hypervisors. Type-1 hypervisors, 

run directly on the physical hardware without requiring a host OS. Type-1 is also known as 

bare-metal hypervisor. Examples include Xen, VMware ESXi, and Microsoft Hyper-V. These 

hypervisors provide improved performance, scalability, and security, making them suitable for 

enterprise cloud datacentres. Type-2 hypervisors run on top of a host OS and are mainly used 
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for desktop virtualization and development purposes. Type-2 also known as hosted hypervisors.  

VMware Workstation and Oracle VirtualBox are examples of Type-2 hypervisors. 

 

Limitations of VM-based Deployment 

 Despite their widespread adoption in cloud computing, VM-based deployments suffer 

from several limitations that affect performance, scalability, and efficiency of the 

resources. One of the primary drawbacks of virtual machines is the inclusion of separate 

guest operating systems for each VM instance that causes high resource overhead. When 

compared to lightweight virtualization solutions like containers, each virtual machine 

needs dedicated operating system resources, memory consumption, and storage 

requirements[13]. 

 Another limitation of VM-based deployment is the slow startup and resource 

provisioning time associated with initializing full operating system environments. 

Virtual machines typically require several minutes to boot, which reduces deployment 

agility and limits rapid scaling capabilities required by modern cloud-native 

applications. Additionally, VM-based infrastructures often experience inefficient 

resource utilization because hardware resources may remain underutilized when 

workloads fluctuate dynamically[14][15]. 

 In addition, maintaining and managing large numbers of virtual machines increases 

operational complexity in cloud environments. The heavyweight nature of VMs also 

impacts system performance and increases energy consumption in cloud datacentres. 

These limitations have motivated the transition toward lightweight containerization 

technologies, which provide faster startup time, improved portability, lower overhead, 

and better scalability for microservices-based cloud applications. 

2.2 Containerization  

When an application is being upgraded on a VM, there is significant service outages. However, 

containers are a potential lightweight virtualization approach for cloud-based services, 

especially for microservices, edge computing, and IoT-based applications, because of their 

quick startup times and better performance. Fig. 1 illustrates the extremely different 

architectural approaches for VMs and container technologies. A container engine is the top 

layer of the stack's resource management system when it comes to container architecture. In 
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contrast to the layer in the VM architecture known as the hypervisor, it is located directly on 

top of the host OS [16]. One notable feature of the container-based architecture is that containers 

can run without the guest OS. Because the hypervisor layer is eliminated, containerization 

provides portability, efficiency, and lower overhead when compared to virtualization. 

 

Fig. 1. Virtual Machines and Containers 
 

Additionally, it is discovered that services implemented using containers outperform virtual 

machines in terms of throughput. The deployment of VMs for real-time applications was also 

found to have a large performance overhead, as seen by the memory and CPU usage. 

Furthermore, it is stated that AWS launches Docker containers on top of Amazon EC2 virtual 

machines, which differs from the typical application deployment process depicted in Fig. 2 

shows how Amazon Cloud Platform deploys containers. 

 

Container technologies are widely used by developers to deploy different microservices. 

Although containers are widely used in cloud computing, there isn't a thorough study that looks 

at container scheduling strategies from the perspective of containerized microservices. 

Developers that create and implement application containers must enhance the performance of 

the infrastructure when it comes to application deployment. This challenge to cloud providers 

promotes the need for different types of container scheduling algorithms for the deployment of 

containerized microservices. 
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Fig. 2. Architecture of Container Hosting in Public Cloud Environments 

2.3 Container Engine Architecture 

Software developers create and build container images. Container images are files that have the 

data required to run a containerized microservices. Developers generate read-only, non-

modifiable template of containers using containerization engines. Containerization tools allow 

users to build containers on top of any infrastructure. Docker is currently the most popular 

container solution on the market. Here, the idea of containerization is shown using the Docker 

engine [17]. 

Docker is an open-source containerization management tool that makes it easy to build and 

deploy container-based services. By using Docker containers to isolate the applications from 

the infrastructure, users can deploy microservices or applications more rapidly. The core 

elements of Docker are Docker Engine, Docker Image, Docker Swarm, Docker Compose, and 

Docker Daemon. This infrastructure might be managed similarly to an application. Fig. 3 

depicts the architecture of the Docker container engine [13]. 
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Fig. 3. Architecture of Docker  
 

 

The container is a running instance of a Docker image. The instructions for creating a Docker 

container are included in a read-only template called a Docker image. The Docker engine is the 

part of Docker that builds and maintains Docker containers. The containers are managed and 

controlled by a process called the Docker daemon. The Docker client is used by Docker users 

to communicate with Docker containers. A Docker registry is where the Docker image is kept. 

Containers can be started, stopped, or removed using the Docker CLI (Command Line 

Interface) [13]. 

 

Container Lifecycle in Docker Engine: 

The container lifecycle represents the sequence of states through which a container passes from 

image creation to container removal. Here Docker-based environment is considered for 

illustration of container life cycle. The Docker Engine is the core runtime responsible for 

building, running, and managing containers. It provides the required functionalities for 

container creation, execution, monitoring, networking, storage management, and termination. 

Understanding the container lifecycle in Docker Engine is essential for efficient deployment 

and management of containerized microservices in cloud environment. 

 

Making a Docker image is the first step in the lifecycle. A read-only template known as a 

Docker image contains the runtime environment, libraries, dependencies, application code, and 

configuration files required to run an application or microservices. A Docker file, which 

contains a collection of building instructions, is used to create Docker images. After the Docker 

image is created, it is either pushed to a container registry like Docker Hub or saved locally, 

from where it may be fetched and accessible for container deployment [2][18]. 



Literature Review 
 

16 
 

Once the Docker image is available, Docker Engine creates an instance of container from the 

Docker image. It can be done using Docker commands. During this stage, Docker allocates 

resources like CPU, memory, networking interfaces, and storage to the created container. 

Initially, the container enters the created state, where the container exists but the application 

process has not yet started. When the container execution begins, it transitions to the running 

state, where the main application process inside the container becomes active. Since containers 

share the host operating system kernel, Docker containers start much faster and consume fewer 

resources compared to conventional virtual machines. 

 

Docker Engine continuously manages the operational state of containers. A running container 

may communicate with other containers through Docker networking mechanisms. Docker also 

provides monitoring and logging functionalities to track container performance, and resource 

utilization. If required, containers can be temporarily suspended using the paused state, where 

all running processes inside the container are frozen without terminating the container. The 

container can later resume execution from the same state. 

 

When the application process inside the container completes or receives a termination signal, 

the container transitions to the stopped or exited state. In this state, the container no longer 

executes any process but its metadata, file system changes, and logs remain available. Docker 

Engine allows stopped containers to be restarted if needed. Finally, containers that are no longer 

required can be permanently deleted using Docker commands such as docker rm. Once 

container is removed, all resources associated with the container are released, although the 

original Docker image remains available for creating new container instances. 

 

In large-scale microservices environments, Docker Engine works together with container 

orchestration platforms such as Docker Swarm to automate container lifecycle management 

operations including deployment, scheduling, scaling, restart policies, failure recovery, and 

load balancing. Efficient lifecycle management in Docker Engine is critical for achieving 

scalability, fault tolerance, rapid deployment, and optimized resource utilization in cloud-based 

applications. 
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2.4 Microservice Architecture 

Microservices present a new paradigm for developing cloud-based applications. Microservice 

design divides an application into multiple loosely coupled, fine-grained services. A 

microservice is an independently scalable, deployable component of an application. The 

microservice-based approach is contrasted with the conventional "monolithic" approach to 

application development, where each application is a single independent unit. Due to their 

massive user bases and high scalability requirements, several companies, such as Uber, Netflix, 

and Amazon, are moving from traditional monolithic architecture to microservice architecture. 

Fig. 4 compares the monolithic and microservice architecture. Microservices are scaled by 

distributed among cloud servers and replicated as needed, whereas monolithic programs are 

scaled by replicating them on several servers. 

 

 

Fig. 4. Evolution from Monolithic and Microservice architecture 
 

Microservices are autonomous, compact, and user-friendly components of an application as 

opposed to monolithic architecture. The autonomy of the microservices refers to their ability to 

change and be executed independently. Microservices, which are usually managed by distinct 

development teams and organized around business logic, are autonomous in their creation, 

deployment, testing, and operation. Furthermore, a variety of technologies and programming 

languages may be used to develop the microservices. Container-based virtualization makes 

microservices scalable and deployable. Fig. 5 shows how a microservice instance is deployed 

in a cloud container. 
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A new microservice have to register itself. It can be done by saving runtime configurations of 

it and modify the deployment information, it makes possible the communication between 

microservices of the same application. Each microservice will be built separately and will have 

its own development framework. The deployment server pulls the source code from the 

repository, compiles it, and tests it to produce microservice binaries. Using these binaries, the 

deployment server creates a container image that is stored in the container repository. Once 

built, these container images are deployed to the deployment server. One or more containers 

would host the microservice [19]. 

Deployment of Microservices in container 

The deployment of microservices in containers is a fundamental approach in modern cloud-

based application development, where each microservice is packaged along with its 

dependencies into an isolated and lightweight container. In a microservices architecture, 

applications are divided into multiple independent services, with each service responsible for a 

specific business functionality. Each microservice would have multiple instances. Containers 

provide a deployment platform for microservices because they ensure portability, scalability, 

consistency, and rapid deployment across different computing environments as shown in Fig. 

5. Using Docker, developers can package application code, runtime libraries, configuration 

files, and dependencies into Docker images, which can then be instantiated as containers on any 

host system running Docker Engine. This container-based deployment model simplifies 

continuous integration and continuous deployment (CI/CD) processes by enabling independent 

development, testing, and deployment of individual microservices without affecting the entire 

application. 

Container orchestration systems like Docker Swarm and Kubernetes are used in large-scale 

cloud systems to automate the deployment and management of containerized microservices. 

Container Orchestration systems schedule containers among cluster nodes and distribute 

resources according to scheduling strategy and resource availability during deployment of 

container. Loosely connected interactions between microservices are become possible by 

containers using lightweight network protocols and APIs. Containerized deployment also 

supports dynamic scaling, fault tolerance, service discovery, and load balancing, which are 

essential for maintaining application performance and availability under varying workload 

situations. The lightweight containers permit microservices to start quickly and consume fewer 

resources compared to traditional virtual machines. That makes containerized microservice 

deployment highly suitable for scalable and agile cloud-native computing environments[20]. 
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Fig. 5. Deployment of Microservice in container  
 

The developers can update, modify, or redeploy individual microservices without affecting the 

operation of the entire system or application. The microservices offers improved application 

flexibility, maintainability, and scalability. That makes it most suitable for modern cloud-native 

environments. Additionally, containerized deployment provides several essential capabilities, 

that help to maintain application performance and availability under dynamic workload 

situations. The ability to quick instantiate and terminate, containers enable organizations to 

respond efficiently to dynamic user needs, it optimizes the infrastructure utilization at the same. 

Thus, containerized microservice deployment has become a best choice for building scalable, 

resilient, and agile cloud-based applications. 

Challenges in Deployment of Microservices in Containers: 

Despite the flexibility, scalability, and quick deployment capabilities that containerized 

microservices offer, deploying them in distributed cloud systems presents a number of 

operational and technical issues. Effective resource management and container deployment are 

two of the main issues. Several containers competing for limited resources like CPU, memory, 

storage, and network bandwidth in large-scale microservice-based systems. Resource 

contention, load imbalance, longer response times, and poor application performance can result 

from improper container deployment. Ineffective distribution among cluster nodes may further 

raise network latency and communication overhead because microservices frequently connect 
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with one another. Additionally, traditional static container scheduling techniques struggle to 

maintain appropriate resource allocation and Quality of Service (QoS) due to dynamic 

workloads. 

Managing the complexity of container orchestration, scalability, monitoring, and fault tolerance 

in containerized environments is another major issue. Maintaining service dependencies, inter-

container communication, service discovery, and data consistency gets more difficult as the 

number of microservices rises. If container orchestration frameworks fail to adequately handle 

container failures, node breakdowns, and network disruptions may impact application 

availability and reliability. Furthermore, quick container creation and continual scaling may 

result in higher startup time and energy usage in cloud datacentres. Because containers share 

the host operating system kernel and are therefore more susceptible to some security risks than 

fully isolated virtual machines, security and isolation are still major considerations. Therefore, 

intelligent orchestration and adaptive scheduling mechanisms are essential for ensuring 

efficient, secure, and reliable deployment of containerized microservices in cloud-based 

environments. 

2.5 Scheduling for Containerized Microservices 

In order to ensure the performance of deployed containerized microservices of the application, 

the container-based architecture imposes emerging requirements for container scheduling. The 

physical machine or cloud cluster should offer the underlying resources requested by container, 

such as memory, CPU, network, etc. Containers inside an application often have a strong 

affinity for one another due to frequent upgrades and data transfers. Therefore, affinity needs 

to be considered while scheduling containers. The container scheduling techniques are 

frequently used during the application execution, particularly when scaling out or recovering 

from failure, which usually entails critical time limitations. As a result, scheduling overhead 

should be minimal [21][22]. 

Classification of Container Scheduling  

Recent research work on scheduling of containers has been reviewed by us and it was found 

that, there are basically the four types of container scheduling methods under studied and each 

had different performance and quality features. The many of the container scheduling 

approaches are based on Mathematical modelling-based, Heuristics based, Meta-heuristics-

based, and ML-based techniques [22].  
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Using a set of linear constraints, mathematical modelling allows for the optimization of a linear 

function; this method is known as integer linear programming. It does not provide optimal 

solutions in a timely manner for the container scheduling. The majority of research studied have 

suggested linear programming models for the scheduling of containers that take different 

optimization criteria in consideration and give effective outcomes. Mathematical modelling has 

been found to be appropriate for modest problem sizes. 

 

After an extensive literature studies, it is observed that compared to other modelling, the 

heuristic techniques are preferable for the scheduling of containerized microservices. To 

determine the best container scheduling, most studies in recent years have employed some sort 

of heuristic. Heuristic algorithms are often easy to apply and provide fast and efficient container 

scheduling. The majority of these heuristic methods integrate existing container scheduling 

strategies and implement them in container orchestration platforms like Docker Swarm and 

Kubernetes. A method for the effective use of resources has been demonstrated by some 

researchers. When compared to Docker Swarm, the Docker-based Container scheduling 

framework has demonstrated an improved energy-efficient solution and suggested the best-fit 

container scheduling that provides dynamic monitoring. A multi-objective approach that 

combines all three (Spread, Binpack, Random) of Docker Swarm to provide efficient container 

scheduling is proposed with considerations of CPU, memory, network delay, and 

communication between cluster nodes and containers, and showed efficient performance. It is 

observed that these approaches provide fast optimization. Additionally, these methods can be 

combined with other optimization approaches for enhanced container scheduling performance. 

 

Nowadays, it is observed that to get optimum solution in a variety of domains, meta-heuristic 

methods are very promising. These scheduling approaches are adaptive to the environment and 

they can be mainly based on Genetic algorithms, ACO, and PSO. Kawasaki (2017) presented 

ACO based approach to improve resource utilization and balanced load. The scheduling 

mechanism was tested on Docker Swarm and showed improved performance. For the 

scheduling of containerized microservice, Lin (2019) presented a multi-objective ACO 

scheduling technique that is used to optimize network transmission overhead, failure rate, and 

resource usage of containerized microservices. Results exhibit better resource utilization and 

reliability. Genetic algorithms and Particle Swarm Optimization-based container scheduling 

methods have also been presented in recent years by the researchers. Li (2018) proposed a PSO-
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based technique to for enhanced load balancing and resource utilization. Results exhibit 

improved performance compared to the default Spread scheduling technique of Docker Swarm.   

 

Additionally, it is observed that meta-heuristic methods are appropriate for the multi-objective 

optimization. A rapidly developing field of research, machine learning has demonstrated 

enormous potential in several applications across a wide range of industries. Container 

scheduling has a lot of potential with machine learning. Machine learning techniques are 

particularly studied in relation to scheduling the containerized microservice. 

Performance Goals and Evaluation Criteria for Container Scheduling 

Scheduling decisions usually need to achieve many performance goals based on specific user 

requirements. When deploying microservices in containers, to maintain a balance between 

optimization objectives required for container scheduling is a major issue. The objectives given 

below are most typical for scheduling containers in cloud environment. The following goals 

and evaluation criteria are believed to be the common for scheduling of containers in cloud 

environment. 

 Energy efficiency: As cloud datacentres continue to grow in size, the high quantity of 

electricity needed by cloud computing infrastructure is being a key issue in the domain 

of cloud computing. Energy consumption is the amount of electricity needed when 

containers are deployed on nodes of the cloud datacentres. The objective is to reduce 

the overall power consumption of the cluster. 

 Cost: The price of various services, like processing, storage, and communication, 

determines the overall cost of running an application. The compute cost is the amount 

of time required to run an application or microservice on the node of cloud cluster. An 

application grows more expensive the longer it runs. 

 Availability: It indicates how longtime a user has access to an application or 

microservice. Availability is a crucial objective of cloud computing infrastructure, 

where users should be able to access a microservice or application all-time. The goal is 

to ensure that the created scheduler offers fault tolerance for the various microservices 

that the application offers, necessitating redundancy in the quantity of cloud containers. 

 Resource Utilization: It is the efficiency with which a cluster node makes use of its 

network bandwidth, memory, and CPU. A cluster node's cost-effectiveness and energy 

efficiency rise with its resource utilization to achieve the objective. Infrastructure-level 

resource utilization metrics, such as CPU and memory, are usually considered key 

performance indicators for energy and cost efficiency. 
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 Load Balancing: It is the process of distributing the workload equally among the 

available resources so that no node is overworked. The load balancing affect response 

time, cost, and throughput. This precaution is essential, especially for container systems 

that rely on microservices. 

 Scalability: A crucial parameter, that indicates the capacity of containers to sustain the 

necessary service even when system ask need for the application or service increases. 

 Latency: It is the amount of time required for a microservice to run from start to end. 

The goal of effective scheduler is always to reduce latency. This goal has a significant 

impact on throughput and cost. 

 Security: Capacity to use encryption and access control techniques to shield data and 

services from malicious activities or software defects. Essential security must be 

provided by container orchestration solutions. 

 Network Bandwidth: Network bandwidth is the quantity of bits that are carried over a 

network in a one second. It would help in managing congestion that arise during 

container communication and evaluating network delays. 

 Carbon Emission: It is the amount of carbon dioxide released into the atmosphere 

when electricity is used. 

 SLA assurance: Strict performance criteria, such as throughput, start time, completion 

time, and response times, are set up for most containerized microservices. Most of the 

limitations are specified in SLA contracts, and violating them could result in penalties. 

2.6 Container Orchestration 

Organizations frequently employ containers to implement cutting-edge apps like Internet of 

Thing and big data in cloud datacentres. Consequently, container orchestration has been 

developed. The ability to define, choose, deploy, monitor, and dynamically control the 

configuration of containerized microservices in the cloud is offered by container orchestration 

systems. The Container orchestration tools, like Docker Swarm and Google Kubernetes, 

performs the containers scheduling, choose the best node, and make sure the container is 

operating in the intended state. By delivering the same application or microservice without 

having to rebuild it in the cloud environment, container orchestration solutions allow 

organizations to expedite application development [23]. 
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The difficult container scheduling challenge has a major impact on containerized microservices 

deployment, cost, and performance. Container orchestration does more than merely move 

applications between servers and turn them on and off. Orchestration systems for containers 

allows users to decide how to manage the containers of microservices when a multi-container 

application is launched. The initial deployment of containers and their management as a single 

unit are referred to as container orchestration [9][21][22][23]. 

The section explains the taxonomy of container orchestration in the perspective of the 

scheduling of the containerized microservices. With concerning container technique used, the 

application model, placement criteria, and resource granularity, we have analysed the existing 

container orchestration systems. Container orchestration platforms for the objectives such as 

scalability, availability, throughput, and resource utilization are also thoroughly studied. The 

summary of the study is presented in Table-1. Widely used Container orchestration tools are as 

follows.   

 Docker Swarm: The application or service operating in a Docker container is 

coordinated by Docker Swarm. It is an integrated container scheduling and clustering 

system for Docker containers. Applications are handled as services; they can be 

deployed in one or more containers and decomposed into microservices. Swarm 

workers are used to deploy the containers, and the Swarm manager is used to manage 

the whole life cycle of containerized services in Docker containers. By default, it 

supports three baseline container scheduling techniques. The first scheduler is Spread, 

and it selects the newly deployed containers to run on the node with the lowest load. 

Second, Binpack scheduler, which elects the most loaded node with sufficient resources 

to deploy the containers. The third is the Random scheduler, which elects any random 

node for the deployment. 

 Kubernetes: Kubernetes is an open-source container orchestration platform developed 

by google that offers the deployment and scaling of containerized applications or 

microservices. The primary building block of the Kubernetes container orchestration 

platform is the pod; it is a group of containers. Kubernetes container scheduler offers 

placement for each pod based on resources available on the cloud cluster, filtered by 

user-based needs, and ranked according to application or service affinities defined. The 

Kubernetes container cluster consists of Master and Worker nodes, where the master 

node is the basic component and the worker nodes are used to run pods of containers. 

 Mesos: Container scheduling is done in two steps by Apache Mesos. During the first 

stage, known as the framework, it assigns the physical resources of node to each 
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application sequentially. The framework can then schedule its tasks based on the 

obtained resources of the node using its built-in framework scheduler. Service discovery 

is not provided by Mesos. In order to fill this gap, Kubernetes or Swarm scheduler are 

incorporated. Mesos is used by the orchestration frameworks Aurora and Marathon to 

control the resources of container cluster. 

 Aurora: is designed by Twitter, an orchestrator that runs on top of Mesos and offers 

long-running microservices to be deployed on the container. 

 YARN: It is developed for orchestration of Hadoop operations, it offers support for 

frameworks like Giraph, Spark, and Storm. The execution flows and optimizations of 

each application framework that runs on top of YARN are coordinated.   

 Omega: It is Google's next-generation cluster management system. It gives users a lot 

of flexibility by offering a framework for the development of specialized and 

customized container schedulers. 

 Fuxi: It is an Alibaba's proprietary data platform is supported by the scheduling and 

resource management system. The physical resources of Linux clusters in a datacentre 

are managed by their Aspara system's resource management module [20]. 

 

 Table 1. Taxonomy of Container orchestration tools 

Orchestrator Swarm Kubernetes Apache 
Mesos 

Aurora Marathon Yarn Omega Fuxi 

Organization Docker Google UC 
Berkeley 

Twitter Mesosphere Apache Google Alibaba 

Open Source ✓ ✓ ✓ ✓ ✓ ✓ - - 

Technology 
Of Container 

Docker Docker Mesos 
containers, 
Dokcer 

Apache 
Mesos, 
Docker 

Mesos 
containers, 

Docker 

Linux 
cgroups-
based, 
Docker 

N/S Linux 
cgroups-

based 

Pre-Emption - - - ✓ - - ✓ - 

Rescheduling - - - ✓ - - ✓ - 

Scheduling 
Constraints 

Label 
and 

affinity-
based 

Label and 
affinity-

based 

N/A Value 
and 

limit-
based 

Value and 
limit-based 

Value 
and limit-

based 

N/S Value 
based 

Scalability ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

High 
Availability 

✓ - - - - - ✓ ✓ 

High 
Utilization 

✓ - - - - - ✓ ✓ 

High 
Throughput 

✓ - - - - - ✓ ✓ 

Resource 
Granularity 

Fine-
grained 

Fine-
grained 

Fine-
grained 

Fine-
grained 

Fine-
grained 

coarse-
grained 

Fine-
grained 

Fine-
grained 

Application 
Workload 

Long 
running 

tasks 

All All Long 
running 

tasks 

Long 
running 

tasks 

Batch 
tasks 

All Batch 
tasks 
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2.7 State-of-the-Art Container Scheduling Techniques  

There are several difficulties in deploying containerized microservices, the most of them are 

associated with configuration and planning of container deployment. An ideal container 

scheduling strategy is necessary to satisfy the diverse needs of microservices. For the 

application to be predictable and available, the microservices must be monitored and their 

resources automatically adjusted in response to dynamic workload conditions. The scheduling 

of containers in cloud environments is complicated by these needs. The available resources 

must be scheduled for effective use, and the chain of microservices must be organized and 

controlled. Less efficient container scheduling directly affects the system's dependability and 

availability. Additionally, it is often necessary to research container scheduling for 

microservices in order to analyse and improve it further. This section presents the research and 

development regarding to containerized microservices scheduling. 

A model to enhance the container resource allocation strategy for microservice-based 

applications was created by Lin et al. [24]. This model illustrates the decreased load, network 

transmission between microservices, and improved cloud cluster service dependability. The 

mean value of microservice request failures, the high resource consumption rate, and the 

network transmission overhead across containerized microservices were employed by the 

researcher to do this. Ant colony optimization (ACO) was used to build the proposed technique, 

which was then compared to the current container scheduling strategies for resource 

consumption and the average of microservice request failures. The result shows that 

performance has improved. 

Fard et al. [25] introduced a microservices scheduling strategy that uses a multi-objective 

optimization approach to solve the scheduling problem, which is described as an improved 

version of the knapsack problem. The proposed scheduling method is extremely scalable and 

simultaneously boosts CPU and memory utilization, which improves throughput, according to 

the results. The proposed approach works better than the standard Docker Swarm container 

scheduling methods, Binpack and Spread in terms of throughput.  

Zhao et al. [26] introduced a new Microservice-based container framework to execute delay-

sensitive applications at the lowest possible cost. The results exhibit that the proposed 

scheduling approach have decreased costs, improved resource utilization, and minimum service 

delay. Menouer et al. [20] developed a container scheduling approach that integrates the 

Binpack scheduler and the Spread scheduler. The suggested scheduling mechanism and the 
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node that strikes the right balance between the three performance criteria are tested in Docker 

and contrasted with Spread, Binpack, and Random scheduling methods. The outcome shows 

the improved performance in different workload situations. 

Kaewkasi et al. [27] introduced the first ACO-based method for container scheduling to 

increase resource utilization through load balancing. The proposed scheduling technique was 

tested using Docker Swarm. When compared to the Swarm Greedy approach, the results 

showed an improvement in performance. However, only optimization parameters, such as load 

balancing and resource utilization, have been taken into consideration. The issues of container 

scheduling and scalability of containerized microservices in cloud systems are the main 

emphasis of Soulemez et al.'s research [28]. According to the researcher, streaming workloads 

cause baseline container scheduling techniques to function poorly. In order to overcome these 

challenges, researchers designed an elastic scheduling system based on a variable-sized 

Binpacking problem that manages job scheduling and auto-scaling. 

Machine Learning-Based Approaches for Container Scheduling 

These days, automation of container orchestration for complex and heterogeneous workload 

situations in cloud computing is highly unclear. In the literature survey, we observed that 

machine learning has been applied in orchestration of virtual machines. Existing container 

scheduling strategies are basically developed with heuristic scheduling techniques that do not 

consider dynamic workload situations and QoS needs of the microservice-based applications. 

Many of these scheduling mechanisms are used for small-scale systems that are configured 

statically based on specific workload situations only. Particularly for container scheduling, such 

techniques are not able to handle highly dynamic workloads where services required to be 

scaled at any time according to specific behaviour patterns. Heuristic scheduling techniques 

may perform noticeably worse as the system expands, and component dependencies are taken 

in account for resource provisioning of containerized systems. Within an application, many 

microservices may contain internal relationships and depend on each another. Increased 

resource needs and communication costs have a negative impact on microservice-based 

application. 

 

Current container scheduling techniques focus mainly on assessing infrastructure-level metrics; 

application-level metrics and Quality of Service requirements are not sufficiently taken into 

account. Cloud service providers have been forced to employ machine-learning based 
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approaches to optimize their container orchestration strategies due to the growing complexity 

of applications on cloud systems. 

 

Thus, parameters at the infrastructure or application level, such as workload characteristics, 

system resource consumption, and application performance, could be modelled and predicted 

using machine learning techniques. Heuristic methods could be directly replaced by machine 

learning algorithms, which provide more accuracy and reduced time overhead in large-scale 

systems for making resource management decisions. We looked into research studies that take 

machine-level resource utilization into account to enhance service level agreement (SLA) and 

energy efficiency of the datacentres. The proposed model was experimented on 

ContainerCloudSim and demonstrated lower energy consumption [29]. Thus, parameters at the 

infrastructure-level or application-level, such as workload characteristics, resource utilization, 

and application performance, could be used to model and forecast using machine learning 

techniques. Heuristic-based scheduling methods have traditionally been used for container 

resource management due to their simplicity and low computational requirements. However, 

these approaches often struggle to adapt to dynamic workload variations and complex cloud-

native environments. Machine learning-based scheduling techniques offer a more intelligent 

alternative by learning from historical and real-time system data to make adaptive deployment 

decisions.  

 

An evaluation of machine learning-based container scheduling techniques was provided by 

Muniswamy et al. [30]. In 2016, the resource usage of containerized microservices was 

estimated using K-nearest neighbour. Nevertheless, the application model solely took into 

account the infrastructure-level resource metric’s time series behaviour. The long short-term 

memory (LSTM) model, which is based on neural networks and appropriate for processing, 

forecasting, and classification, was used for dependency analysis of microservices. 

 

Machine learning has become extremely popular in recent years and is used extensively in 

numerous fields of study. We discovered that the popular machine learning models in the 

container scheduling field are regression, classification, and decision-making, based on their 

optimization goals. The overall performance of the application and resource efficiency are 

directly impacted by the quality of selections of scheduling mechanisms. Our survey revealed 

that some researchers have been using machine learning-based scheduling models in recent 
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years, especially for the scheduling of the containerized application. The study on machine 

learning-based container scheduling was presented by Nanda et al. [31]. Optimizing resources 

under dynamic workload situations is extremely challenging. To enhance resource utilization, 

the author has suggested a reinforcement learning-based method for container consolidation. 

When compared to Random and Shortest Job First scheduling methods, the proposed method 

produced better results. A random forest regression model has been proposed by one of the 

authors to forecast future container requirements. The future resource requirements of 

containers were correctly forecasted by the model. 

While genetic methods frequently encounter long convergence times, Liu et al. [32] presented 

a multi-task genetic programming strategy for the multi-objective container placement in 

heterogeneous cloud clusters. Lee et al. [33] presented a functionality-aware container 

offloading technique was developed for edge computing, which exhibits enhanced service 

latency performance but need extensive application-level annotations. In an extensive literature 

survey of AI based approaches applied in the microservices lifecycle, Moreschini et al. [34] 

identified RL and meta-learning as new areas of research. Research is forecasting and learning 

based container orchestration has been growing. Al Qassem et al. [35] developed an AI-based 

predictive container orchestration system that enhanced container placement stability but lacks 

runtime learning system. 

 

Zhang et al. [36] presented a pattern-based scheduler for microservice workflows, which 

exhibits enhanced throughput but basically focused on workflow-structured services or 

applications. For resource-constrained edge computing, Huang et al. [37] developed a graph-

based improved DQN model, which shows excellent flexibility with the significant 

computational overhead. For adaptive microservice resource allocation, Wang et al. [38] 

presented a model that is combination meta learning and super heuristic approaches, which 

offered fast task-based learning. Fraihat, et al. [39] presented an extensive literature review of 

AI driven job scheduling methods, it shows the industry wide transition toward Reinforcement 

Learning-based and QoS-aware container orchestration systems. 

 

The results of the comprehensive literature review on machine learning-based container 

scheduling approaches are summarized in Table 2. The table presents a comparative analysis 

of various intelligent scheduling techniques proposed for the scheduling of containerized 

microservices in cloud environments. Consequently, many researchers have explored the 

application of machine learning and artificial intelligence techniques to enable adaptive, data-
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driven, and intelligent scheduling approaches in cloud environments. Furthermore, the findings 

from Table 2 provide valuable insights into the strengths and limitations of existing machine 

learning-based container scheduling techniques used for the scheduling of containerized 

microservices. 

 

A summary of the meta-heuristic and machine learning-based container scheduling techniques, 

along with their corresponding optimization objectives, is presented in Table 3. The table 

provides a comprehensive overview of the intelligent scheduling approaches proposed by 

various researchers for managing containerized microservices in cloud environments. As 

container orchestration platforms continue to support increasingly complex and dynamic 

microservice applications, traditional scheduling strategies have proven inadequate in 

addressing multi-dimensional optimization needs.  

 

Table 2. Machine Learning-Based Scheduling for Containerized Microservices 

 

 

Analysis has revealed that methods based on machine learning and meta-heuristics are more 

appropriate for multi-objective optimization. 

 

 

Problem in scheduling of containerized 
applications 

Machine Learning 
based approach 

Benefits/ Limitations 

How can the interactions and dependencies 
among microservices be modelled and 
evaluated? 

BO, GP, CNN, and 
LSTM 

Improved forecast accuracy/ Ignorance of 
dependency updates 

What approaches can be used to analyse task 
dependencies in containerized microservice 
applications? 

SVM Enhanced Accuracy/Implicit explanations 
of computational costs and time overhead 

What strategies can be employed to minimize 
energy consumption during container 
scheduling and deployment? 

MDP, Q-learning, and 
SARSA 

Cost saving, Reducing task execution time/ 
Limited scalability 

How can communication performance be 
improved during the migration of microservice-
based applications to cloud-native container 
infrastructures? 

DNN, Q-learning Reducing task execution time/Limited 
scalability 

How can request behaviour and resource usage 
patterns be utilized for workload 
characterization? 

ARIMA, Bi-LSTM, 
LSTM, K-means++, 

GRU, TSNNR 

Optimized Resource utilization/ Scheduling 
latency 
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Table 3. Literature Review of Container Scheduling and its Optimization Objectives 

 

Reinforcement Learning-Based Approaches for Container Scheduling and Orchestration 

In recent years, machine learning (ML) and reinforcement learning (RL) driven scheduling have 

essentially replaced static heuristics to handle resource heterogeneity, dynamic workloads, and 

inter-service dependencies. Kubernetes is the most widely used platform for managing large-

scale containerized microservice. Rao and Li. [40] presented an energy-aware microservice 

scheduling approach for Kubernetes using an Improved Sparrow Search Algorithm (ISSA) to 

prioritize pod placement based on parameters like communication patterns, and CPU. The result 

presented improved energy reduction over default Kubernetes schedulers. Turin et al. [41] 

developed a CPU and Memory prediction model, which provides calibrated workload 

estimation under dynamic execution scenarios. Tomarchio et al. [42] proposed a load-aware 

Kubernetes orchestrator, which exhibits in reduction in end-to-end latency under dynamic 

workload conditions across shared clusters.  

 

Several reinforcement learning-based schedulers have advanced the capabilities of the 

Kubernetes. Bai et al. [43] presented REACH, a Soft Actor Critics based container scheduler 

that reduces microservice latency in edge computing systems. Cai et al. [44] developed a multi-

dimensional RL-based Kubernetes scheduler which is capable of adjusting weights 

automatically according to the need of Input/Output, CPU and GPU. The result shows faster 

response times over the default container scheduler.  

Objectives ML 
approac
h used 

Container 
Technology 

used 

Limitations 

Energy Availability Utilization Load 
Balancing 

Cost Network 

  ✓ ✓   ACO Docker Require 
parameter tuning 

 ✓ ✓ ✓  ✓ First 
multi-

objectiv
e GA 

Kubernetes No energy 
reduction 

✓ ✓ ✓ ✓   GA Docker Slow 

  ✓ ✓   Random 
Forest 

Kubernetes Just forecast the 
resources and 

absence of real-
time testing. 

✓  ✓ ✓   K-
means 

Docker Few optimization 
objectives are 

used 
✓      NN 

based 
model 

Docker Performance is 
not considered 

✓  ✓    Linear 
Regressi

on 

Cloudsim Cost is not taken 
in consideration 
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Jian et al. [45] developed a DRL based Kubernetes scheduler developed as a Markov Decision 

Process, which exhibits the improvements in resource utilization and load imbalance.  

 

Senjab et al. [46], presented a classified Kubernetes scheduling improvements into generic, 

multi-objective, and ML based techniques. It highlights potential of RL to enhance container 

scheduling under dynamic workload conditions. Santos et al. [47] presented optimal latency 

with deep Reinforcement Learning in Kubernetes clusters. Alongside the rapid advancements 

driven by Kubernetes, numerous studies have examined metaheuristic and evolutionary 

approaches for optimizing containerized microservices. Numerous research has examined at 

metaheuristic and evolutionary scheduling methods for optimizing containerized microservices 

in addition to the rapid advancement fostered by Kubernetes. 

 

Docker Swarm has a simpler architecture and a smaller number of scheduler extension points, 

research using reinforcement learning for Docker Swarm is very limited, as opposed to 

Kubernetes [48]. However, Docker Swarm is suitable for small-scale containerized 

microservice deployments and lightweight Reinforcement Learning-based experimentation due 

to its steady performance under heavy demand and reduced container orchestration overhead. 

These studies demonstrate how RL can effectively adapt container scheduling decisions in 

response to dynamic resource usage and application performance. 

 

Table 4 summarizes the reinforcement learning-based container scheduling approaches studied 

in the literature. It highlights the approach used, optimization objectives considered, experiment 

environments, and outcomes achieved.  The comparative analysis highlights research potential 

for creating multiple optimization objective-based adaptive container scheduling frameworks 

and offers insightful information about the efficiency of reinforcement learning for intelligent 

container orchestration. 

 

While a lot of research has been done on reinforcement learning-based scheduling in 

Kubernetes, very little has been done in the field of Docker Swarm. However, Docker Swarm 

consistently provides useful benefits for controlled testing, such as steady behaviour at high 

cluster saturation levels and minimal orchestration costs. It makes it ideal for RL-based 

scheduling and small-scale containerized microservice deployments. When taken as a whole, 

these studies show tremendous progress, but they also highlight enduring research gaps: (i) 

limited integration of real-time metrics; (ii) the lack of support for multi-criteria scheduling that 



Chapter 2 
 

33 
 

simultaneously takes resource consumption and application-level QoS into consideration; and 

(iii) the difficulties in implementing RL based models on lightweight container orchestration 

platforms like Docker Swarm.  

Table 4.  RL based approaches used for container scheduling 

 

Approach Used Optimization 

Objectives 

Experiment 

Environment 

Outcome 

DEEP REL CPU, No. of Pods Kubernetes  Better response time and resource 

utilization 

REL-Q-

LEARNING  

VM instances used Cloud Simulation  Effective Auto-scaling of SAAS services 

environment 

DISTRIBUTED 

REL  

CPU, Memory  Kubernetes based testbed Reduces average response time and failed 

requests, validating improved scalability 

as the number of requests increases.  

REL Latency, CPU, 

Memory 

Kubernetes Optimal scheduling of microservices 

MULTI-

AGENT REL 

Computation 

power, memory, 

Network 

Private cloud environment Reduce execution time, Outperforms K8s 

and Docker Swarm 

REL CPU, Memory, 

Response time 

Kubernetes on Private 

Cloud 

Minimise cost and SLA violation 

Q-BASED REL CPU usage, 

application 

instances 

Simulation environment- 

Docker Swarm EDS 

Reduced deployment cost 

REL CPU, Memory, 

Time 

Simulation Reduce the overall cost 

REL CPU, Memory Kubernetes based 

Australian National Cloud 

Infrastructure (Nectar) 

Reduce load imbalance and resource 

utilization 

DEEP REL CPU, Memory, 

Transmission rate, 

Read/Write rate of 

disk 

Kubernetes (Physical 

cluster) 

Reduce power consumption of cloud 

cluster 

TOPSIS CPU, Memory, 

Disk, Containers, 

container Images, 

Power 

consumption 

Kubernetes-Virtual 

Testbed  

Effective Auto-scaling of SAAS services 

environment 
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These research gaps motivate for the development of the suggested MCSCM-RL container 

scheduler, which enables adaptive, resource-efficient, and application-aware container 

deployment in small-scale cloud clusters by combining real-time multi-criteria analysis (CPU, 

memory, container count, startup time, response time) with a reinforcement learning based 

framework. 

 

The present research work focuses on Docker Swarm and proposes the MCSCM-RL scheduler, 

a multi-criterion, resource-aware and application-aware RL based container scheduler. The 

scheduler that has been presented is made for small scale but still active Swarm clusters and it 

tunes five critical performance parameters: CPU usage, memory usage, number of containers, 

startup time and response time. As a result, MCSCM-RL is light, interpretable, and can be 

immediately implemented in situations where the complexity of Kubernetes is not necessary. 

Overall, the MCSCM-RL framework shows how intelligent, multi-criteria RL policies may be 

added to Docker Swarm to improve application performance with limited resource utilization. 

2.8 Container Scheduling Frameworks in Docker Swarm and 
Kubernetes 

Among all container orchestration frameworks, Docker Swarm remains one of the most 

integrated and simple container orchestration platforms for microservices. Docker swarm has 

built-in clustering capability to transform a group of Docker engines into a single virtual system 

for container orchestration and management. Docker Swarm is Docker's built-in tool for 

container orchestration. It is a tool that allows multiple Docker hosts (nodes) to be managed 

and coordinated as one cluster. It is capable of automatically deploying, scaling, and managing 

containerized applications and microservices, which means that it can provide high availability 

and efficient use of resources. Docker Swarm comes with three different scheduling options. 

While Kubernetes dominates large-scale orchestration, Docker Swarm remains attractive due 

to its simplicity. Docker Swarm follows a manager-worker model. A Docker Swarm cluster 

consists of two primary node types where manager nodes control and manage the cluster’s state 

and worker nodes execute containers (services) as scheduled by the manager nodes.  

Docker swarm default scheduling strategies are so established that they serve as the baselines 

for evaluating new and custom container scheduling strategies. These are heuristic based 

approaches that aim to simplify microservice placement decisions. 
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Binpack is a container deployment strategy widely used in container orchestration platforms to 

maximize resource utilization by placing containers on the most heavily utilized nodes that still 

have sufficient available resources. The prime objective of the Binpack algorithm is to 

consolidate workloads onto a smaller number of nodes, thereby minimizing resource 

fragmentation and reducing the number of active nodes or servers. In this approach, containers 

are scheduled onto nodes with the highest resource usage that can still accommodate the 

incoming workload. By concentrating workloads on fewer nodes, Binpack scheduling can 

improve overall cluster utilization, reduce energy consumption, and free underutilized nodes 

for future deployments and power-saving operations. However, excessive consolidation may 

lead to resource hotspots, increased contention among containers, and potential performance 

degradation under high workloads. Consequently, while Binpack scheduling is effective for 

achieving high resource efficiency and energy savings, it must be carefully balanced with 

Quality of Service (QoS) requirements and workload distribution considerations in modern 

container-based cloud environments. 

 

Spread is a container deployment strategy in Docker swarm that aims to distribute workloads 

evenly across all available nodes in a swarm cluster to achieve balanced resource utilization 

and improve system reliability. Unlike Binpack scheduling, which consolidates containers onto 

fewer nodes, the Spread scheduler places new containers on nodes with the lowest resource 

utilization or the fewest running containers. This strategy minimizes resource hotspots, reduces 

the risk of node overloading, and enhances fault tolerance by preventing excessive 

concentration of workloads on a single cluster node. Spread scheduling is particularly beneficial 

for applications or microservices need high availability, load balancing, and consistent 

performance across the swarm cluster. By evenly distributing containers, the scheduler can 

improve resource fairness and reduce the impact of node failures. However, this strategy may 

lead to lower overall resource utilization and increased energy consumption because more 

nodes remain active. Therefore, Spread scheduling is commonly used in container orchestration 

platforms when workload distribution, scalability, and service reliability are prioritized over 

resource consolidation and energy efficiency. 

 

Random is one of the simplest container deployment strategies used in Docker container 

orchestration environments, where incoming containers are assigned to available nodes 

randomly without considering resource utilization, workload characteristics, or performance 

metrics. The primary benefit of this strategy is its low computational overhead and ease of 
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implementation, making scheduling decisions extremely fast. Since node selection is performed 

randomly, the scheduler does not require continuous monitoring of cluster resources or complex 

optimization algorithms. Random scheduling is often used as a baseline strategy for evaluating 

the effectiveness of more advanced container scheduling techniques. However, because 

placement decisions are made without awareness of node and cluster situations. Thus, it can 

lead to uneven workload distribution, resource imbalance, increased response times, and 

underutilization or overutilization of certain cluster nodes. In large-scale containerized 

environments, these limitations may negatively impact Quality of Service (QoS), resource 

efficiency, and overall system performance. Therefore, while Random scheduling provides 

simplicity and less scheduling overhead, it is generally less effective than scheduling 

approaches such as Binpack, Spread, and intelligent schedulers in optimizing cluster 

performance and resource utilization. 

 

To illustrate the operational differences among Random, Spread, and Binpack container 

scheduling strategies, consider a Docker Swarm cluster consisting of two worker nodes with 

heterogeneous resource capacities. Node 1 is equipped with 32 CPUs and 80 GB of memory, 

while Node 2 provides 32 CPUs and 40 GB of memory. Four containers having microservices 

with varying resource need are submitted to the container queue: Container 1 (16 CPUs, 20 GB 

memory), Container 2 (8 CPUs, 20 GB memory), Container 3 (8 CPUs, 10 GB memory), and 

Container 4 (8 CPUs, 20 GB memory). The scheduling strategy determines how these 

containers are assigned to the available nodes of the docker swarm cluster. In Random 

scheduling, containers are placed arbitrarily without considering current resource utilization, 

which may result in workload imbalance and inefficient resource allocation. Spread scheduling 

distributes containers evenly across the available nodes to achieve balanced resource utilization, 

improved load distribution, and enhanced fault tolerance. In contrast, Binpack scheduling 

consolidates containers onto the most utilized node with sufficient available resources, thereby 

maximizing resource utilization and potentially reducing energy consumption by minimizing 

the number of active nodes. Figure 6 demonstrates the container deployment decisions and 

resulting resource utilization patterns for the three container scheduling strategies, highlighting 

their distinct approaches to workload placement and cluster resource management. 
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Fig. 6. Docker swam default schedulers 

 
These limitations of default schedulers motivate the need for adaptive, multi-criteria learning-

based schedulers, which are capable of balancing resource efficiency and application-level 

performance needs.  

 

Kubernetes-Scheduling strategy for containerized microservices 

Kubernetes is one of the most widely adopted container orchestration platforms for deploying, 

managing, and scaling containerized microservices in cloud-native environments. It provides 

automated mechanisms for container deployment, service discovery, load balancing, scaling, 

fault recovery, and resource management across distributed cluster nodes. In Kubernetes, 

applications are deployed in the form of pods, where a pod represents the smallest deployable 

unit consisting of one or more tightly coupled containers. The Kubernetes scheduler is a core 

component responsible for assigning pods to appropriate worker nodes based on resource 

availability, scheduling policies, and application requirements. Efficient scheduling is essential 

for maintaining scalability, Quality of Service (QoS), resource utilization, and application 

performance in large-scale microservices environments. 

 

Unlike simple scheduling approaches such as Random, Spread, or Binpack, Kubernetes utilizes 

a multi-stage scheduling process consisting of filtering and scoring phases. In the filtering 
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phase, the scheduler identifies a list of feasible nodes capable of running a pod by evaluating 

resource requirements such as CPU, memory, storage, network constraints, and node 

conditions. Nodes that do not satisfy the pod requirements are eliminated from consideration. 

In the scoring phase, the feasible nodes are ranked based on predefined scheduling policies and 

priority functions. The scheduler then selects the node with the highest score for pod 

deployment. Kubernetes supports several built-in scheduling strategies including least 

requested resource scheduling, balanced resource allocation, node affinity, anti-affinity 

scheduling, taints and tolerations, and topology-aware scheduling. These mechanisms help 

distribute workloads efficiently across cluster nodes while considering application constraints 

and resource balancing. 

 

For containerized microservices, Kubernetes scheduling plays a critical role in maintaining 

Quality of Service (QoS), minimizing response time, ensuring high availability, and optimizing 

cluster resource utilization. However, the default Kubernetes scheduler primarily relies on 

predefined heuristics and static scoring functions. Despite its advanced container orchestration 

capabilities, Kubernetes scheduling still faces some challenges in dynamic cloud-based 

environments. As modern cloud environments become increasingly dynamic and 

heterogeneous, these conventional scheduling policies may not adequately address multiple 

conflicting objectives such as CPU utilization, memory consumption, startup time, response 

time, energy efficiency, and application-specific QoS requirements. Consequently, recent 

research has focused on integrating machine learning and reinforcement learning techniques 

into Kubernetes scheduling frameworks to achieve intelligent, adaptive, and multi-objective 

scheduling decisions for containerized microservices. 

 

The Fig. 7 illustrates the working mechanism of the Kubernetes scheduler for deploying 

containerized microservices across worker nodes in a cluster environment. In Kubernetes, 

applications are deployed as pods, and the scheduler is responsible for selecting the most 

suitable worker node for pod deployment based on resource availability and scheduling 

constraints. Initially, the scheduler identifies all possible worker nodes capable of hosting the 

incoming pod. During the filtering phase, nodes that do not satisfy the resource requirements 

are eliminated from consideration. As shown in the figure, Worker 3 is excluded because it does 

not have sufficient resources, while Worker 2 is removed due to conflicts of volume. After 

filtering, only feasible worker nodes remain available for scheduling. 
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Fig. 7. Container scheduling in Kubernetes 
 

In the next stage, known as the priority or scoring phase, Kubernetes assigns priority scores to 

the remaining worker nodes based on predefined scheduling policies and resource optimization 

criteria. The scheduler evaluates factors such as CPU utilization, memory availability, workload 

distribution, affinity rules, and overall resource balancing to calculate node priorities. In the 

figure, Worker 1 receives a priority value of 3, Worker 4 receives 2, and Worker 5 receives the 

highest priority value of 5. Finally, the scheduler selects the node with the maximum priority 

score, resulting in the deployment of the pod on Worker 5. This two-stage scheduling process 

helps Kubernetes efficiently allocate resources, improve load balancing, and ensure reliable 

deployment of containerized microservices in distributed cloud-native environments. 

2.9 Research Gap 

The rapid adoption of cloud-native applications and microservices architecture has significantly 

increased the deployment of containerized workloads in cloud environments. Container 

orchestration platforms such as Docker Swarm and Kubernetes provide automated mechanisms 

for deployment, scheduling, scaling, and management of container lifecycle. However, efficient 

container scheduling remains a major research challenge due to the dynamic and heterogeneous 

workloads of cloud environments. Existing container scheduling strategies of Docker swarm 
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such as Random, Spread, and Binpack scheduling primarily rely on static heuristic-based 

approaches and are unable to adapt effectively to continuously changing workload conditions. 

These baseline container schedulers basically focus on limited resource parameters such as CPU 

or memory availability while ignoring important application-level and crucial parameters like 

startup time, response time, workload behaviour, inter-service communication, and energy 

consumption. 

 

Many research studies have proposed heuristic-based, QoS-aware, and machine learning-based 

container scheduling approaches for improving container deployment decisions. Although 

these approaches demonstrate improvements in specific performance metrics, most existing 

solutions still suffer from many limitations. Many container scheduling strategies optimize only 

a single optimization objective such as load balancing, resource utilization, or latency, without 

considering the multiple parameters simultaneously. Furthermore, a majority of existing 

container schedulers lack dynamic adaptation capabilities and fail to learn from fluctuating 

runtime environments. Limited research has been conducted on integrating multi-criteria 

decision-making with reinforcement learning for autonomous container scheduling in Docker 

Swarm environments. Additionally, energy-aware scheduling and power consumption 

optimization remain insufficiently explored in existing Docker Swarm-based orchestration 

frameworks. There is also a lack of comprehensive experimental evaluation involving startup 

time, response time, and QoS-aware scheduling in reinforcement learning-driven container 

orchestration systems. Therefore, there exists a significant research gap in developing an 

intelligent, adaptive, multi-criterion, QoS-aware, and energy-efficient container scheduling 

framework capable of dynamically optimizing deployment decisions in distributed cloud-native 

environments.  

Consequently, there remains a need for an adaptive and intelligent scheduling framework that 

can continuously learn from cluster situations, optimize multiple conflicting objectives 

simultaneously, and improve both resource efficiency and QoS.  

 

Motivation: The increasing complexity of cloud-based applications and large-scale 

deployment of containerized microservices have created a strong demand for intelligent and 

adaptive resource management mechanisms in cloud environments. Modern applications such 

as IoT systems, machine learning services, streaming platforms, and real-time analytics require 

high scalability, low latency, continuous availability, and efficient resource utilization. 

Traditional container scheduling strategies are insufficient for handling dynamic workloads 
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because they do not consider runtime variations, application-level QoS requirements, or energy 

consumption during deployment decisions. As a result, inefficient scheduling often leads to 

increased startup delay, higher response time, resource contention, poor load balancing, and 

excessive power consumption in cloud datacentres. 

 

Another important motivation for this research is the growing operational cost and 

environmental impact associated with energy consumption in modern cloud infrastructures. 

Large-scale datacentres consume enormous amounts of electrical power, making energy-

efficient workload management an essential research problem. Existing scheduling 

mechanisms in Docker Swarm environments generally lack energy-awareness and intelligent 

adaptation capabilities. Recent advancements in machine learning and reinforcement learning 

techniques have demonstrated significant potential for intelligent decision-making and adaptive 

optimization in dynamic environments. Reinforcement learning enables scheduling agents to 

continuously learn optimal deployment policies through interaction with the cluster 

environment and improve scheduling decisions over time. Motivated by these challenges and 

opportunities, this research aims to develop a Multi-Criteria Scheduling of Containerized 

Microservices using Reinforcement Learning (MCSCM-RL) framework that integrates QoS-

aware, energy-aware, and resource-aware scheduling mechanisms for improving overall system 

performance, resource utilization, and energy efficiency in Docker Swarm-based cloud 

environments. 

 

Summary of Literature Review 

The literature review presented in this chapter provides a comprehensive study of cloud 

computing, virtualization, containerization, microservices architecture, container scheduling, 

container orchestration platforms and container scheduling techniques for microservices in 

cloud-based environments. The review highlights the evolution of cloud computing as a 

scalable and flexible computing paradigm that enables on-demand access to shared computing 

resources through virtualization. Traditional virtual machine-based deployment approaches 

were analysed along with their limitations, including high resource overhead, slow startup time, 

and inefficient scalability, which motivated the adoption of lightweight containerization 

technologies. 

 

The shift from monolithic to microservices architecture which divides applications into loosely 

connected, independently deployable services were also covered in this chapter. It was 
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addressed how containerization technologies in particular, Docker allow for the effective 

deployment and administration of microservices through portable and lightweight execution 

environments. Along with the operational difficulties related to orchestration, scalability, fault 

tolerance, and resource management, the container lifecycle, Docker Engine architecture, and 

deployment mechanisms of containerized microservices were also examined. 

 

The chapter has also included the scheduling techniques of widely used container orchestration 

platforms such as Docker Swarm and Kubernetes, focusing on their scheduling mechanisms 

and resource allocation strategies. Existing container scheduling approaches of Docker swarm 

including Random, Spread, and Binpack were thoroughly studied. The Kubernetes scheduling 

workflow involving filtering and priority-based node selection was also discussed to understand 

modern orchestration strategies for distributed containerized applications. 

 

Furthermore, the literature review investigated recent researches in Quality of Service (QoS)-

aware, energy-aware, and machine learning-based scheduling approaches for container 

orchestration. Several studies demonstrated the effectiveness of intelligent scheduling 

mechanisms in improving resource utilization and application performance. However, the 

analysis identified significant research gaps in existing approaches, including limited 

consideration of multiple runtime parameters, lack of dynamic adaptation to workloads, 

insufficient energy-aware optimization, and minimal integration of reinforcement learning 

techniques in Docker Swarm environments. 

 

Based on the identified research gaps, the review establishes the need for an intelligent, 

adaptive, and multi-criteria container scheduling framework capable of optimizing resource 

utilization, startup time, response time, load balancing, and energy efficiency simultaneously. 

The findings from the literature review offers the foundation and motivation for the proposed 

Multi-Criteria Scheduling of Containerized Microservices using Reinforcement Learning 

(MCSCM-RL) framework presented in this thesis. 
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Chapter 3 

3.    Research Methodology and Problem Formulation 

This chapter presents the research methodology and problem formulation employed for 

developing an intelligent container scheduling framework for cloud-based containerized 

microservices environments. The chapter focuses on the design and implementation of the 

proposed Multi-Criteria Scheduling of Containerized Microservices using Reinforcement 

Learning (MCSCM-RL) framework in Docker Swarm environments. It describes the system 

architecture, scheduling workflow, experimental setup, and the methodology used for dynamic 

monitoring of resources, node ranking, and adaptive deployment of containerized 

microservices. The chapter includes formulation the container scheduling problem by 

considering resource-aware and application-aware parameters such as CPU utilization, memory 

utilization, container count, startup time, and response time. Furthermore, the integration of 

reinforcement learning techniques, with Deep Q-Network (DQN) for the container scheduling, 

is discussed for autonomous and intelligent scheduling decision in dynamic cloud 

environments. The proposed methodology aims to improve Quality of Service (QoS), optimize 

resource utilization, reduce deployment latency, and enhance energy efficiency in container-

based cloud environments. 

3.1 Problem Description  

The rapid growth of cloud computing and cloud-based applications has significantly increased 

the deployment of containerized microservices in cloud computing environments. Highly 

scalable, adaptable, and highly accessible computing infrastructures are necessary for modern 

applications including Internet of Things (IoT) systems, real-time analytics, machine learning 

applications, multimedia streaming services, and large-scale web applications. To fulfil these 

needs, organizations have increasingly embraced microservices architecture and 

containerization technologies. The microservice architecture decomposes the application into 

multiple lightweight and independently deployable services running inside containers. The 

containerization is a light weight virtualization technique. Container orchestration platforms 

such as Docker Swarm and Kubernetes are widely used to automate the container deployment, 

scaling, networking, and management of these containerized microservices across cluster 

nodes. 
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Among the various functions of container orchestration systems, container scheduling plays a 

important role in determining the overall performance and efficiency of cloud environments. 

Container scheduling refers to the process of selecting the most appropriate node of the cloud 

cluster for deploying a container based on resource availability and scheduling policies. 

Efficient container scheduling is required for maintaining optimal resource utilization, load 

balancing, low response time, high throughput, and Quality of Service (QoS). However, the 

dynamic and heterogeneous nature of cloud workloads makes container scheduling a highly 

complex optimization problem. 

 

Existing container scheduling strategies implemented in container orchestration platforms such 

as Docker Swarm primarily include Spread, Binpack, and Random scheduling approaches. 

Spread scheduling aims to distribute containers evenly across cluster nodes to achieve load 

balancing. Binpack scheduling concentrates on maximizing resource utilization by packing 

containers into fewer cluster nodes. Random scheduling selects nodes randomly without 

considering resource utilization or characteristics of the microservice Although these 

scheduling approaches are simple and computationally efficient, they rely mainly on static 

heuristic-based policies and fail to adapt effectively to dynamic workload situations in cloud 

environments.  

 

Kubernetes is also widely adopted container orchestration platform by organizations and 

researchers for container scheduling of microservices. Kubernetes scheduler primarily relies on 

predefined heuristics and static scoring mechanisms that basically focus on resource 

availability, and overlook application-level Quality of Service (QoS) metrics such as startup 

time, response time, and service delay. Furthermore, the Kubernetes scheduler does not support 

multi-objective optimization involving resource utilization, energy efficiency, workload 

characteristics, and application performance simultaneously.  

 

One of the major limitations of existing scheduling techniques is their inability to 

simultaneously consider multiple system-level and application-level parameters during 

deployment decisions. Most baseline container schedulers focus only on basic resource metrics 

such as CPU and memory availability, while ignoring critical application performance 

parameters such as startup time, response time, container count, workload fluctuation,  

communication overhead among microservices, and energy consumption. As a result, 

inefficient scheduling decisions may lead to resource contention, increased latency, poor load 
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balancing, service degradation, underutilization of resources, and higher operational costs in 

cloud datacentres. 

 

Another significant issue is the growing energy consumption of modern cloud infrastructures. 

Large-scale datacentres consume significant amounts of electrical energy to support constantly 

running applications and services. Improper workload placement and inefficient resource 

management leads to excessive power consumption and environmental damage. Existing 

container scheduling approaches in Docker Swarm environments generally lack energy-

awareness and do not optimize the trade-off between performance and energy efficiency. 

 

In addition, cloud-based environments are highly dynamic, where workload patterns and 

resource availability are highly dynamic. Static container scheduling mechanisms are unable to 

adapt effectively to these dynamic changes, resulting in suboptimal deployment decisions. 

Therefore, there is a need for intelligent and adaptive container scheduling frameworks which 

is capable of learning from runtime cluster environments and autonomously optimizing 

deployment policies. Recent advancements in machine learning and reinforcement learning 

techniques offer promising opportunities for developing adaptive container scheduling 

mechanisms that can continuously learn and improve their decision-making capabilities 

through interaction with the environment. 

 

To address these challenges, this research proposes a Multi-Criteria Scheduling of 

Containerized Microservices using Reinforcement Learning (MCSCM-RL) framework for 

Docker Swarm environments. The proposed framework integrates multi-criteria decision-

making and Deep Reinforcement Learning techniques to dynamically select optimal nodes for 

container deployment based on application performance and resource optimization metrics. The 

objective of the proposed container scheduler is to improve resource utilization, reduce startup 

delay and response time, enhance QoS, achieve efficient load balancing, and minimize energy 

consumption in cloud environments. 

3.2 Research Objectives  

The main goal of this research is to design and develop an intelligent, adaptive, QoS-aware, and 

energy-aware container scheduling framework for Docker Swarm-based cloud environments 

using reinforcement learning techniques. The proposed framework aims to optimize container 
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scheduling decisions by considering resource and application metrics simultaneously, and 

dynamically adapting to fluctuating workload conditions. 

 

The specific objectives of the research are as follows: 

1. To Study Existing Container Scheduling Techniques 

Analysing current container scheduling techniques and orchestration mechanisms utilized in 

Docker Swarm and Kubernetes environments is the primary objective. This entails studying the 

strengths and limitations of heuristic-based and machine learning-based scheduling techniques 

applied in scheduling of the containerized microservices.  

 

2. To Develop a Multi-Criteria Container Scheduling Framework 

The research aims to develop a multi-criteria container scheduling framework that considers 

both resource-aware and application-aware parameters during container deployment decisions. 

Parameters such as CPU utilization, memory utilization, container count, startup time, and 

response time are integrated into the scheduling process for achieving optimized container 

deployment. 

 

3. To Implement Dynamic Node Ranking Mechanism 

Another objective is to develop a dynamic node-ranking mechanism capable of evaluating the 

suitability of cluster nodes based on real-time resource and performance metrics. The ranking 

system is intended to continuously update node priorities according to dynamic workload 

conditions in the cluster environment. 

 

4. To Integrate Reinforcement Learning into Container Scheduling 

The research aims to implement a Deep Reinforcement Learning-based scheduling model using 

Deep Q-Networks (DQN) for intelligent and autonomous decision-making. The reinforcement 

learning agent learns optimal scheduling decision through continuous interaction with the 

cluster environment and adapts dynamic workload conditions. 

 

5. To Design an Efficient Reward Function 

An important objective is to formulate a reward mechanism that guides the reinforcement 

learning agent toward optimized container scheduling behaviour. The reward function is 

designed to minimize startup time, response time, and energy consumption while maximize 

resource utilization. 
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6. To Improve Quality of Service (QoS) 

The proposed scheduling framework aims to improve Quality of Service (QoS) in containerized 

microservices environments by reducing start-up time, improving response time, minimizing 

deployment delay, and maintaining stable system performance under dynamic workload 

conditions. 

 

7. To Achieve Energy-efficient Resource Management 

The objective is to reduce operational cost in cloud datacentres by implementing energy-aware 

scheduling strategies that optimize balanced container placement and resource allocation. 

 

8. To Perform Comparative Performance Evaluation 

The research aims to experimentally evaluate the proposed MCSCM-RL scheduling framework 

against existing container scheduling strategies including Random, Spread, and Binpack 

scheduling. Comparative analysis is performed using performance metrics such as CPU 

utilization, memory utilization, startup time, and response time. 

 

9. Enhancing Container Orchestration through Intelligent Scheduling 

Finally, the research aims to contribute toward the development of intelligent and autonomous 

container orchestration systems capable of adaptive resource management and self-optimized 

container scheduling for future cloud computing environments. 

3.3 Research Methodology 

In order to design, develop, and evaluate an intelligent container scheduling framework for 

Docker Swarm-based cloud environments, this research employs an experimental and 

analytical methodology. The objective of the research is to create a Multi-Criteria Scheduling 

of Containerized Microservices using Reinforcement Learning (MCSCM-RL) framework that 

may enhance energy efficiency, Quality of Service (QoS), and resource utilization in container-

based cloud infrastructures. In order to examine the efficiency of intelligent scheduling 

mechanisms under dynamic workload conditions, the research methodology integrates 

container orchestration-based experimentation, multi-criteria optimization, reinforcement 

learning methodologies, and comparative performance analysis. 
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Experimental and Analytical Research Methodology 

The proposed research employs a realistic experimental methodology supported by analytical 

assessment methods. Initially, an extensive literature review is carried out to analyse existing 

container scheduling strategies, container orchestration platforms, and reinforcement learning-

based optimization approaches. Based on the identified research gaps, a multi-criteria 

intelligent scheduling framework is formulated for the deployment of containerized 

microservices in Docker Swarm environments. The scheduling problem, optimization goals, 

reward functions, and node-ranking mechanisms, various resource and application-aware 

characteristics are taken in consideration and all mathematically formulated as part of the 

research's analytical aspect. 

 

The experimental methodology includes implementation of the proposed scheduling framework 

in a real Docker swarm-based cluster environment. Multiple container scheduling strategies 

including Random, Spread, Binpack, MCSCM, and the proposed MCSCM-RL approach are 

implemented and experimentally tested under clean and cumulative workload conditions. 

Performance metrics such as startup time, response time, CPU utilization, memory utilization, 

and container count are constantly monitored and analysed. The effectiveness of the proposed 

scheduling framework is further confirmed by statistical and comparative analysis of the 

experimental outcomes. 

 

Docker Swarm-based Experimental Setup 

The research is conducted using a Docker Swarm-based container cloud experimental 

environment deployed on virtualized infrastructure. The experimental setup consists of three 

Ubuntu virtual machines configured as one manager node and two worker nodes forming a 

Docker Swarm cluster. Docker Engine and Docker Swarm services are installed and configured 

on all nodes to support distributed container deployment and orchestration of containerized 

microservices. 

 

Containerized microservices, including Fibonacci microservices and other test workloads, are 

deployed across the swarm cluster for evaluating container scheduling behaviour under 

different deployment conditions. Resource monitoring scripts and performance logging tools 

are integrated into the experimental framework to collect real-time system metrics such as CPU 

usage, memory utilization, startup delay, response time, and node-level container count. The 

real Docker swarm-based cloud setup enables realistic evaluation of dynamic workload 
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distribution, resource management, and container scheduling efficiency in containerized 

environments. 

 

Reinforcement Learning-based Optimization Approach 

The proposed research uses reinforcement learning as the optimization mechanism for 

intelligent and adaptive scheduling of containerized microservices. Reinforcement learning 

enables the scheduling agent to interact constantly with the Docker Swarm environment, 

observe system states, perform scheduling actions, and learn optimal container deployment 

policies through the reward feedback. In this research, the container scheduling problem is 

modelled as a sequential decision-making process where the reinforcement learning agent 

dynamically selects the most appropriate node for deploying incoming containers. 

 

A Deep Q-Network based reinforcement learning model is implemented to handle the 

complexity of dynamic resource allocation in container-based cloud environments. The state 

space includes multiple runtime metrics such as CPU utilization, memory utilization, container 

count, startup time, response time, and node-ranking scores. The action space consists of 

selecting one of the available swarm worker nodes for deployment of the container. A 

customized reward function is developed to minimize response time, startup delay, and energy 

consumption while maximizing resource utilization. Through continuous training and 

interaction with the environment, the RL agent learns intelligent and adaptive container 

scheduling strategies, which is capable of improving overall performance of the swarm cluster. 

 

Comparative Performance Evaluation Methodology 

Comparative performance evaluation is carried out with current container scheduling strategies, 

such as Spread scheduling, Binpack scheduling, Random scheduling, and the multi-criteria 

MCSCM approach in order to verify the efficiency of the proposed MCSCM-RL framework. 

To assess the robustness and flexibility of the suggested container scheduler, clean and 

cumulative deployment scenarios are carried out. 

 

The performance evaluation is conducted using system-level and application-level metrics 

including CPU utilization, memory utilization, startup time, response time, and number of 

containers deployed on cluster node. Experimental observations are collected over multiple 

deployment iterations to ensure consistency and reliability of results. Graphical analysis, 

statistical comparisons, and improvement calculations are used to analyse performance of the 
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scheduler and demonstrate the advantages of the proposed reinforcement container scheduling 

framework. The comparative analysis helps assess the capability of the proposed system in 

achieving efficient resource allocation, QoS optimization, and energy-aware container 

orchestration in cloud-native environments. The comparison study helps in evaluating the 

performance of the proposed scheduler to accomplish energy-efficient container orchestration, 

QoS optimization, and effective resource allocation in container-based cloud environment. 

3.4 Research Workflow 

The proposed Multi-Criteria Scheduling of Containerized Microservices using Reinforcement 

Learning (MCSCM-RL) framework is designed to achieve intelligent, adaptive, and energy-

efficient container scheduling in a Docker Swarm environment. The overall research workflow 

is organized into four hierarchical layers, namely the Application Layer, Scheduling Layer, 

Container Orchestration Layer, and Infrastructure Layer. Each layer performs a specific 

function within the scheduling process and collectively contributes to the efficient deployment 

and management of containerized microservices. Fig. 8 illustrates the architecture and 

workflow of the proposed framework. 

 

Application Layer: The Application Layer represents the topmost layer of the proposed 

framework and serves as the source of workload generation. In this layer, microservice are 

created following the microservices architecture paradigm, where a CPU intensive microservice 

is developed. Each microservice performs a specific functionality and can be developed, 

deployed, and scaled independently. Each microservice is packaged into a Docker container 

image. Containerization encapsulates the application code along with all required 

dependencies, libraries, and runtime environments. These containerized microservices 

constitute the deployment requests that are submitted to the scheduling layer. As new service 

requests arrive, the scheduler must determine the most appropriate cluster node for deployment 

based on resource availability and application performance requirements. 

 

Scheduling Layer: The Scheduling Layer is the core component of the proposed MCSCM-RL 

scheduling framework and represents the primary contribution of this research work. This layer 

is responsible for collecting system information, monitoring application performance, ranking 

cluster nodes, making intelligent scheduling decisions, and selecting the most suitable node for 
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container deployment. To accomplish these objectives, the layer consists of five interconnected 

components. 

 

 

Fig. 8. Research Workflow 
 

Metric Collector: It continuously gathers real-time resource utilization information from all 

cluster nodes within the Docker Swarm cluster. The collected node metrics include CPU 
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utilization percentage, memory utilization percentage, and the number of running containers on 

each swarm node. The collected information is periodically logged into monitoring files and 

serves as the foundation for subsequent scheduling decisions. By continuously monitoring node 

status, the system can identify overloaded or underutilized nodes and make informed container 

scheduling decisions accordingly. 

 

Performance Monitor is responsible for collecting application-level performance metrics 

associated with deployed containerized microservices. After a container is deployed, this 

component records important Quality of Service (QoS) parameters, including startup time and 

response time. Startup time measures the duration required for a deployed containerized 

microservice to become operational and ready to serve requests. Response time measures the 

latency experienced when processing microservice requests. These performance indicators are 

logged for every deployment and are subsequently used to evaluate the effectiveness of 

container scheduling decisions. 

 

Unlike traditional container schedulers that rely only on infrastructure-level metrics, the 

inclusion of startup time and response time allows the proposed framework to incorporate 

application-level performance into the scheduling process. 

 

Node Ranking Calculator performs multi-criteria evaluation of all swarm cluster nodes based 

on both resource utilization and application performance metrics. This component collects the 

CPU utilization percentage, Memory utilization percentage, Container count, Average startup 

time, and Average response time. Using these metrics, the calculator computes a ranking score 

for each swarm node of the cluster. The ranking process identifies nodes that provide an optimal 

balance between resource availability and application performance. Nodes with lower resource 

contention and better QoS characteristics receive higher rankings. The calculated node rankings 

will be used as a representation of cluster status and form the state information used by the 

reinforcement learning agent. 

 

MCSCM-RL Agent constitutes the intelligent decision-making component of the proposed 

framework. This agent employs a Deep Reinforcement Learning (DRL) approach to learn 

optimal container scheduling strategy through continuous interaction with the swarm cluster 

environment. The state of the reinforcement learning model is represented using the node 

rankings generated by the Node Ranking Calculator. Based on the observed state, the agent 
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selects an action corresponding to the cluster node on which the incoming container should be 

deployed. 

 

After deployment, the agent receives feedback in the form of rewards based on scheduling 

outcomes such as resource utilization efficiency, startup time, response time, and overall QoS 

performance. Through repeated interactions with the environment, the agent continuously 

updates its policy and learns to make increasingly effective scheduling decisions. 

 

Unlike traditional container scheduling mechanisms such as Spread, Binpack, and Random, the 

MCSCM-RL agent adapts dynamically to changing workload conditions and continuously 

improves its decision-making capability over time. 

 

Deployment Decision Engine acts as the final decision layer within the scheduling framework. 

It receives the selected node from the MCSCM-RL agent and validates the deployment decision 

before execution. This component translates the scheduling action generated by the 

reinforcement learning model into an actual deployment command. It ensures that the chosen 

node satisfies deployment constraints and forwards the deployment request to the Docker 

Swarm manager. The Deployment Decision Engine serves as the interface between the 

intelligent scheduling mechanism and the underlying container orchestration platform. 

 

Deployment Layer: The Deployment Layer is responsible for executing the scheduling 

decisions generated by the Scheduling Intelligence Layer. Once the Deployment Decision 

Engine selects the target node, the deployment request is forwarded to the Docker Swarm 

manager. The Docker Swarm manager coordinates the deployment process across the cluster 

and creates the corresponding service instance on the selected worker node. The deployment 

process includes: 

 Service creation 

 Container initialization 

 Resource allocation 

 Network configuration 

 Service activation 
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The swarm manager ensures that containers are launched according to the scheduling decision 

generated by the MCSCM-RL framework. This layer therefore acts as the execution 

environment for container placement and microservice deployment. 

 

Infrastructure Layer: The Infrastructure Layer forms the foundation of the proposed 

framework and represents the physical and virtual computing resources on which the entire 

system operates. This layer consists of a Docker Swarm cluster comprising one manager node 

and two worker nodes. 

The cluster is implemented within a virtualized environment, where each node is deployed as a 

separate virtual machine. The virtualized architecture while enabling realistic experimentation 

and performance evaluation. Each worker node contributes computational resources such as 

CPU, memory, storage, and network bandwidth to the swarm cluster. The Docker Swarm 

manager coordinates resource management and scheduling activities across these worker nodes. 

The Infrastructure Layer provides the execution platform for running containerized 

microservices and supplies the resource metrics utilized by the proposed scheduling framework. 

 

The framework integrates application deployment, resource monitoring, multi-criteria node 

evaluation, reinforcement learning-based decision-making, and container orchestration into a 

unified scheduling process. Initially, containerized microservice requests are generated from 

the application layer and submitted for deployment. The scheduling intelligence layer 

continuously collects resource utilization and application performance metrics from the cluster, 

evaluates the suitability of available nodes, and determines the optimal deployment target using 

the MCSCM-RL agent. Based on the selected action, the deployment decision engine instructs 

the Docker Swarm manager to deploy the container on the chosen worker node. Following 

deployment, performance metrics such as startup time and response time are recorded and fed 

back into the scheduling framework to support future decision-making. The complete sequence 

of operations performed by the proposed framework is described in the following steps. 

 

Step 1: Docker Swarm Cluster Setup 

The research workflow begins with the configuration of a Docker Swarm-based cloud 

environment. Three Ubuntu virtual machines are created and configured as one manager node 

and two worker nodes. Docker Engine is installed on all virtual machines, and the Docker 

Swarm cluster is initialized using the swarm manager node. The worker nodes join the cluster 
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using swarm tokens provided by the manager node. This setup forms a container orchestration 

environment, which is capable of deploying and managing containerized microservices across 

swarm cluster. 

 

Step 2: Deployment of Microservices 

After cluster initialization, containerized microservices are prepared for deployment. Docker 

images containing the application code and dependencies are created and stored in Docker Hub 

or local repositories. Microservices such as Fibonacci-based applications are deployed on the 

Docker Swarm cluster using service deployment commands. Multiple deployment requests are 

generated dynamically to simulate realistic cloud-based workload conditions. These 

deployments form the workload environment used for evaluating container scheduling 

strategies. 

 

Step 3: Metric Collection 

During runtime, the system continuously monitors resource utilization and application 

performance metrics from all swarm cluster nodes. Monitoring scripts and Docker APIs are 

used to collect metrics such as CPU utilization, memory utilization, container count, startup 

time, and response time. The collected metrics represent the current state of the cluster 

environment and are used as inputs for node ranking and reinforcement learning-based 

scheduling decisions. 

 

Step 4: Node Ranking 

Once the metrics are collected, a multi-criteria node-ranking mechanism is applied to evaluate 

the suitability of each swarm node for deploying incoming containers. The ranking process 

considers multiple resource-aware and application-aware parameters simultaneously, including 

CPU utilization, memory utilization, container count, startup time, and response time. A relative 

closeness used to calculate ranking scores for each swarm node. The ranked node information 

helps identify nodes capable of providing better QoS and resource efficiency. 

 

Step 5: RL-based Node Selection 

The ranked node information and collected runtime metrics are passed to the Reinforcement 

Learning (RL) agent for intelligent scheduling decisions. A Deep Q-Network based 

reinforcement learning model is used as the scheduling agent. The RL agent observes the 

current cluster state, including node metrics and node ranking, and selects the most suitable 
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cluster node for deploying the container. The node selection process balances exploration and 

exploitation to continuously improve scheduling policies during training. 

 

Step 6: Container Deployment 

Based on the container scheduling decision generated by the RL agent, the selected cluster node 

receives the container deployment request. Docker Swarm manager deploys the microservice 

container on the chosen node using service deployment mechanisms. The deployed container 

enters the execution phase, where the application becomes operational. Multiple containers may 

be deployed dynamically across the cluster during experimental execution. 

 

Step 7: QoS Measurement 

After the container deployment, the performance of the deployed microservice is continuously 

monitored to evaluate Quality of Service (QoS). Important QoS parameters such as startup time, 

response time are measured. These metrics help determine the effectiveness of the scheduling 

decision and provide runtime feedback regarding the overall system performance and 

application behaviour. 

 

Step 8: Reward Calculation 

Based on the measured QoS and resource utilization metrics, a reward value is calculated for 

the reinforcement learning agent. The reward function is developed for optimal scheduling 

behaviour by minimizing startup delay, response time, while maximizing resource utilization. 

Positive rewards are assigned for efficient scheduling decisions, whereas penalties are applied 

for poor performance or resource imbalance. 

 

Step 9: RL Model Update 

The calculated reward and updated cluster environment state are used to train and update the 

Deep Q-Network model. The reinforcement learning agent learns from previous scheduling 

experiences and gradually improves its deployment policy through continuous interaction with 

the cluster environment. Experience replays and Q-value updates are performed iteratively to 

improve learning stability. 

 

Step 10: Performance Evaluation 

The overall performance of the proposed MCSCM-RL scheduling framework is evaluated 

through extensive experimentation and comparative analysis. The proposed approach is 
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compared with existing container scheduling strategies such as Spread, Binpack, Random and 

custom scheduler MCSCM using performance metrics including startup time, response time, 

CPU utilization, memory utilization, and number of containers deployed on cluster node. 

Statistical analysis, graphs, and comparative results are used to validate the effectiveness of the 

proposed scheduling framework in container-based cloud environments. 

3.5 Problem Formulation and System Objectives 

Container scheduling in cloud-based environments is a complex multi-objective optimization 

problem. It involves efficient allocation of containerized microservices across distributed 

cluster nodes while satisfying resource constraints and Quality of Service (QoS) needs. In 

modern Docker Swarm based container environments, multiple microservice containers are 

deployed on worker nodes with changing resource capacities and workload conditions. The 

container scheduler must constantly decide the most suitable node for deploying containers to 

achieve balanced resource utilization, low response time, minimal startup time, and energy-

efficient operation. Due to dynamic workloads and heterogeneous resource needs, traditional 

container scheduling strategies are often unable to provide optimal deployment decisions under 

real-time cloud conditions. 

 

The proposed research formulates the container scheduling problem as an adaptive and 

intelligent multi-criteria optimization problem where scheduling decisions are based on system-

level and application-level parameters. The objective is to develop an adaptive reinforcement 

learning-based container scheduling framework, which is capable of dynamically choosing 

optimal worker nodes for deploying containerized microservices. Simultaneously it is aimed to 

minimize performance overhead and maximize resource efficiency. 

 

The rapid adoption of microservice-based architectures in containerized environments such as 

Docker and Kubernetes have created new challenges in efficient container scheduling across in 

container-based cloud environments. Hence, an intelligent, adaptive, and multi-criteria 

scheduling method is required that can adopt dynamic changes in the system state and take the 

best container placement decisions by continuously learning the environment. This section 

outlines the system architecture of the proposed intelligent container scheduler, followed by the 

application model used to characterize microservice behaviour and QoS requirements. It 
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concludes with the evaluation metrics that measure resource efficiency, and performance across 

the Docker Swarm cluster. 

 

This research proposes the Multi-Criteria Scheduling of Containerized Microservices using 

Reinforcement Learning (MCSCM-RL) strategy. MCSCM-RL integrates both resource-level 

metrics (CPU%, Memory%, container count) and application-level metrics (average startup 

time, average response time) within a Deep Q-Network based learning framework. This custom 

container scheduler dynamically learns optimal cluster node-selection policies using continuous 

feedback and reward-based adaptation, including relative closeness for state representation. By 

getting continuous environmental feedback, the scheduler is able to dynamically select the best 

node for container deployment. Using proposed scheduler three things can be achieved: better 

resource utilization, minimum startup time, enhanced system efficiency. 

 

Optimization Objectives 

Performance metrics that measure both resource efficiency and Quality of Service (QoS) of 

application must be used to evaluate the effectiveness of MCSCM-RL. In order to validate 

whether the MCSCM-RL algorithm can outperform baseline Docker Swarm container 

scheduling strategies like Spread, BinPack, Random, the metrics CPU utilization, memory 

utilization, container count, average startup time, and average response time are selected. 

Section 3.7 contains the explicit mathematical formulas for these metrics as well as MCSCM-

RL's Learning Dynamics. 

 

CPU Utilization and Memory Utilization 

In a Docker Swarm cluster, CPU and memory utilization are essential metrics for evaluating 

the efficiency of load balancing and resource optimization. CPU utilization is a measure of the 

amount of processing a node goes through and can be used to indirectly determine if a node is 

overloaded or underutilized. However, memory usage is a reflection of both container density 

and application memory usage, both of which affect microservice responsiveness and latency. 

The drawbacks of Docker Swarm's native container scheduling techniques, such the Spread and 

Binpack policy, which mostly depend on container numbers and do not take real-time CPU or 

memory availability into account when taking container deployment decisions, are immediately 

addressed by these measurements. 
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Container Count 

It displays the distribution of workloads among swarm cluster nodes and identifies those where 

the heavy few may cause the cluster to be overused or underutilized. While the Binpack 

scheduler concentrates deployments on the least-loaded node, which frequently increases the 

variance in container distribution.  The Spread scheduler in Docker Swarm aims to equalize the 

number of operating containers per cluster node. But focusing only on balancing the number of 

containers per node will not guarantee that the resource utilization of the cluster is balanced. 

Especially in the case of clusters where nodes have different CPUs and memory capacities. 

Measuring container counting the number of containers deployed on the node, alongside CPU 

and memory utilization enables the identification of the clean imbalance. This distinction is 

very important, as the proposed MCSCM-RL scheduler aims to achieve low variance in 

resource utilization even when the resulting container count distribution may be uneven. In this 

context, the behaviour and limitations of the default container scheduling policies are measured 

by the container count, and allows for an extensive comparison of MCSCM-RL's resource-

aware enhancements. 

 

Average Response Time 

Average response time is the simplest indicator of end-user Quality of Service. It is a key metric 

in the evaluation of performance of microservices. In cloud environments, containerized 

microservices are usually subject to strict latency standards; a faster response time basically 

means a better user experience. Inadequate container placement may lead to resource 

contention, which may result in latency of the service. Thus, reducing response time is one of 

the primary objectives of MCSCM-RL scheduler. By making intelligent, resource-aware 

container placement decisions, the MCSCM-RL scheduler excels at reducing resource 

contention. The scheduler reduces processing delays and improves system responsiveness by 

putting containers on cluster nodes with good resource availability. An effective container 

scheduling strategy is expected to provide a low average response time, especially for CPU-

bound microservices. 

 

Average Startup Time 

Average startup time measures scheduling overhead and deployment efficiency. It shows how 

quickly new microservices can be started under dynamic resource conditions. Fast microservice 

startup times can allow rapid scale up and deployment efficiency. These are a basic 

characteristic of containerized microservice architectures. Apart from being a major parameter 
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in the productivity of the underlying resource selection strategy, this metric also plays an 

important role in determining the container scheduler's responsiveness. In the MCSCM-RL 

framework, startup time plays major role alongside runtime performance metrics like response 

time. In highly dynamic container-based cloud environments, an effective scheduling policy 

should improve runtime QoS while maintaining startup overhead at acceptable levels to 

maintain overall responsiveness of the system. 

3.6 System Architecture 

The system was proposed to run on a Docker Swarm cluster with three nodes: one Manager 

node (Manager) and two Worker nodes (Worker-1 and Worker-2). Each swarm node operates 

as an independent virtual machine (VM) running on an Ubuntu system hosted on Windows 

System. With Docker Swarm configured for the orchestration of the containerized 

microservices across the swarm cluster. The Manager Node manages the cluster, keeps track of 

the states, performs monitoring of the resources, and runs the scheduling strategies such as 

Spread, Binpack, Random as well as the custom MCSCM-RL scheduler. The Worker Nodes 

are the agents for executing the tasks and they will have microservice containers deployed there 

as per the node selection by the container scheduler executed by the swarm manager. 

 

At runtime, the MCSCM-RL scheduler makes scheduling decisions on the best swarm node for 

the deployment of containerized microservices with the help of the Deep Q-Network (DQN) 

based reinforcement learning technique. It selects the node in a multi-criteria manner by 

considering state parameters like CPU usage, memory usage, number of containers, average 

startup time, and average response time. 

 

Docker Swarm Cluster Setup 

The experimental environment for the proposed research is implemented using a Docker Swarm 

cluster deployed on multiple Ubuntu virtual machines. Docker Swarm is a native container 

orchestration platform provided by Docker that enables management of distributed 

containerized microservices across multiple nodes of the cluster. The Swarm cluster is may be 

the combination of physical and virtual machines. The Docker Swarm cluster allows automated 

deployment, scaling, load balancing, and scheduling of containerized microservices. In the 

proposed experimental environment, the Docker Swarm cluster consists of one manager node 

and two worker nodes configured within a distributed environment. This experiment setup 
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provides a realistic cloud-based infrastructure for evaluating the proposed container scheduling 

framework. 

 

Manager Node 

The Manager Node acts as the central control unit of the Docker Swarm cluster. It is responsible 

for managing the overall cluster operations, maintaining cluster state information, scheduling 

services, and coordinating communication among worker nodes. The manager node initializes 

the Docker Swarm environment using the docker swarm init command and generates 

authentication tokens that allow swarm worker nodes to join the cluster securely. 

The primary responsibilities of the manager node include: 

 Maintaining cluster membership information  

 Monitoring the status of all worker nodes  

 Managing container orchestration operations  

 Scheduling and deploying microservices  

 Handling resource allocation decisions  

 Performing load balancing and fault management  

 Managing service replication and scaling  

 

In the proposed scheduling framework, the manager node also hosts the intelligent scheduling 

module responsible for collecting runtime metrics, node ranking, and executing reinforcement 

learning-based scheduling decisions. The manager continuously collects the information of 

metrics such as CPU usage, memory usage, container count, startup time, and response time, 

from all worker nodes. Based on these metrics, the proposed MCSCM-RL scheduler 

dynamically selects the most suitable node for deploying microservice containers. 

 

The manager node maintains the desired state of the cluster and ensures that deployed 

microservices remain operational even in the event of node failures. If a worker node becomes 

unavailable, the manager automatically redistributes workloads to healthy nodes to maintain 

service availability and fault tolerance. 

 

Worker Nodes 

Worker Nodes are the execution units of the Docker Swarm cluster where containerized 

microservices are deployed and executed. After initialization of the manager node, worker 

nodes join the swarm cluster using the authentication token generated by the manager. Each 
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worker node runs Docker Engine and participates in distributed container execution under the 

coordination of the swarm manager node. 

 The primary functions of swarm worker nodes include: 

 Executing containerized microservices  

 Providing CPU, memory, and storage resources  

 Reporting runtime resource utilization to the manager  

 Supporting distributed workload execution  

 Participating in service scaling and load balancing  

 

In the proposed experimental environment, two worker nodes are configured using Ubuntu 

virtual machines. Each worker node contains a different runtime state depending on current 

workload situations and deployed containers. During execution, worker nodes continuously 

host microservice containers and process incoming microservice requests. Performance metrics 

including CPU utilization, memory utilization, container count, startup time, and response time 

are periodically monitored from each swarm worker node. 

 

The proposed MCSCM-RL scheduler dynamically selects manger and worker nodes for 

deploying incoming microservice containers based on current availability of the resources and 

QoS parameters. The worker nodes execute the assigned microservice containers and provide 

feedback regarding runtime performance and resource consumption. This execution 

environment enables evaluation of startup time, response time, and energy-aware scheduling 

behaviour under dynamic workload situations. 

 

The combination of manager and worker nodes in the Docker Swarm cluster provides a realistic 

cloud-based container orchestration platform suitable for implementing and evaluating 

intelligent reinforcement learning-based container scheduling strategies for microservices 

deployment. 

3.7 Proposed MCSCM-RL Scheduling workflow 

The proposed MCSCM-RL algorithm is designed for intelligent scheduling of containerized 

microservices across heterogeneous cluster nodes in a Docker Swarm environment. Unlike 

traditional container scheduling strategies such as Spread, Binpack, and Random, which are 

depend only on predefined heuristics, MCSCM-RL uses a DQN based reinforcement learning 
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agent to learn optimal scheduling decisions from experience and system states. 

This combination of multiple performance metrics and deep reinforcement learning (DRL) for 

optimal resource allocation, minimal response time, fast startup time and schedule the work in 

an energy-efficient way. The environment of a DRL agent is characterized by the combination 

of five major parameters:  percentage of CPU utilization, percentage of 

memory utilization, the number of containers, average startup-time, and average response 

time. State is basically a picture of all the cluster nodes at the swarm cluster. Both resource-

level and application-level features of the containerized microservices are reflected in these 

measures. Before the deployment of each containerized microservices, these metrics are 

normalized and compute a relative closeness score for each node of the docker swarm cluster. 

These scores collectively form the state vector input to the DQN agent. 

 

Using an ε-greedy policy, the DQN agent selects a Swarm node (action) for deploying the next 

containerized microservice. The startup time and response time of the containerized 

microservices are then measured to compute the reward, which reflects the efficiency and QoS 

performance of the container scheduling decision. After container deployment, the agent 

observes the updated state of the cluster, stores the experience tuple (si, ai, ri, si+1) in a replay 

buffer, and performs training through mini-batch gradient updates to refine its policy over the 

time. By constant learning from real-time feedback, the MCSCM-RL scheduler dynamically 

adapts to changing workloads, balances swarm node resource utilization, and minimizes 

response times of the microservice deployment. The final trained model encapsulates an 

intelligent policy capable of making energy-aware and application-aware container scheduling 

decisions. It outperforms conventional heuristics in terms of both efficiency and QoS. 

 

Metrics Collection 

Metric collection is an important component of the proposed MCSCM-RL scheduling 

framework. An accurate runtime information is required for intelligent scheduling decisions 

and adaptive resource management. In container-based cloud environments, the performance 

and resource utilization of worker nodes of the cluster are continuously change due to dynamic 

workload execution and container deployment activities. Thus, constant monitoring and 

collection of system-level and application-level metrics are necessary to evaluate the current 

state of the Docker Swarm cluster. The collected metrics are used for node ranking, 

reinforcement learning-based scheduling, QoS analysis, and performance evaluation of the 

proposed scheduling framework. In this research work, performance metrics such as CPU 
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utilization, memory utilization, container count, startup time, and response time are runtime 

collected from all swarm worker nodes using monitoring scripts and Docker APIs. These 

metrics provide real-time information regarding workload conditions of the swarm node and 

application performance, which enables the proposed scheduler to dynamically allocate 

containers to the most appropriate worker nodes of the cluster while optimizing resource 

utilization, load balancing, QoS, and energy efficiency. 

 

Node Metrics Collection 

To quantify node-level performance characteristics, the CPU utilization, memory utilization, 

and number of containers deployed on the node, were computed and used as input parameters 

for the proposed scheduling framework. 

 

i. The CPU utilization of a docker swarm node shows the proportion of time the CPU spends 

performing non-idle tasks. 

                                      𝑈஼௉௎ = 100 − 𝐶௜ௗ௟௘                                                                    (1)  

where, 

𝑈஼௉௎ denotes the CPU utilization (%) 

 𝐶௜ௗ௟௘ is the CPU idle percentage obtained from the system monitor (top command) 

ii. The memory utilization shows the percentage of memory currently in use relative to the 

total available memory on the node: 

                                                       ெ௘௠ =
ெೠೞ೐೏

ெ೟೚೟ೌ೗
× 100                    (2) 

where,  

𝑈ெ௘௠= memory utilization (%) 

𝑀௨௦௘ௗ= used memory (in MB), 

𝑀௧௢௧௔௟= total available memory (in MB) 

The values are extracted using the free -m command. 

iii. The container count represents the total number of active containers running on the cluster 

node at a given time: 

                          𝑁௖௢௡௧ = 𝑐𝑜𝑢𝑛𝑡(𝑟𝑢𝑛𝑛𝑖𝑛𝑔 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑒𝑟𝑠)     (3) 
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where,  

𝑁௖௢௡௧ denotes the number of running containers obtained using the Docker command: "docker 

ps -q | wc -l" 

 

QoS Metric Collection 

To evaluate the quality of service (QoS) perceived by users, two performance parameters the 

average startup time and average response time were measured for each deployment of 

containerized microservice.  

Average Startup Time 

Startup time refers to the duration between the initiation of a container deployment and time 

the microservice becomes operational and ready to accept user requests. 

If 𝑡௦௧௔௥௧,௜and 𝑡௥௘௔ௗ௬,௜denote the start and ready timestamps of the 𝑖௧௛container, respectively, 

then the average startup time across 𝑛 deployments is defined as: 

                                        𝑇startup,avg =
ଵ

௡
෍ (𝑡ready,௜ − 𝑡start,௜)

௡

௜ୀଵ
                (4) 

where,  

𝑇௦௧௔௥௧௨௣,௔௩௚= average container startup time (in seconds), 

𝑡௦௧௔௥௧,௜= timestamp when deployment of container 𝑖 begins, 

𝑡௥௘௔ௗ௬,௜= timestamp when container 𝑖 becomes ready, 

𝑛= total number of deployed containers or trials. 

Average Response Time 

Response time is defined as the time between sending a request to a deployed microservice and 

receiving its response. If 𝑡௥௘௤,௝and 𝑡௥௘௦,௝denote the request and response timestamps for the 

𝑗௧௛request, the average response time is given by: 

                             𝑇response,avg =
ଵ

௠
෍ (𝑡res,௝ − 𝑡req,௝)

௠

௝ୀଵ
                 (5) 

where,  

𝑇௥௘௦௣௢௡௦௘,௔௩௚= average response time (in seconds), 
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𝑡௥௘௤,௝= timestamp when the request is sent, 

𝑡௥௘௦,௝= timestamp when the response is received, 

𝑚= total number of requests measured. 

3.8 Multi-Criteria Node Ranking 

In the proposed MCSCM-RL scheduling framework, the closeness function is used as a multi-

criteria node-ranking mechanism for evaluating the suitability of worker nodes before container 

deployment. Since the Docker Swarm cluster consists of two worker nodes with dynamically 

changing resource situations, selecting the optimal swarm node for deploying incoming 

microservice containers becomes a complex scheduling decision problem. The proposed 

scheduling framework considers multiple parameters such as CPU utilization, memory 

utilization, container count, startup time, and response time simultaneously. A relative 

closeness-based node ranking approach is incorporated to identify the worker node that 

provides the best balance between resource availability, Quality of Service (QoS), and energy 

efficiency. 

 

In the proposed closeness function each worker node is ranked according to its similarity to the 

ideal optimal node. In this research, the ideal node represents the node having lower CPU 

utilization, lower memory usage, minimum startup time, minimum response time, and balanced 

container distribution. Conversely, the negative ideal node represents the least desirable 

resource condition. The closeness function calculates how close each worker node is to the ideal 

solution and how far it is from the negative solution. The node having the highest relative 

closeness score is considered the most suitable node for container deployment. 

 

Initially, resource metrics are constantly collected from all swarm worker nodes using 

monitoring scripts and the application metrics are collected after deployment of microservices. 

The collected metrics form the decision matrix used for node ranking. Since different metrics 

have different measurement scales, normalization is first applied to transform all values into a 

comparable range. Weighted importance values are then assigned to each parameter according 

to their contribution to scheduling efficiency and QoS optimization. The weighted normalized 

matrix is subsequently used for calculating the ideal positive solution and ideal negative 

solution. 



Chapter 3 
 

67 
 

 

The raw matrix X = [xij] is first subjected to min–max normalization to obtain the normalized 

matrix R=[rij]. These normalized values are then weighted to produce the weighted decision 

matrix V=[vij]. For each criterion, the ideal and anti-ideal points are identified, and the 

Euclidean separations S+ i and S− i are computed for every node. The relative closeness 

coefficient Ci, defined within the interval [0,1], aggregates the multi-criteria information into a 

single scalar score used to rank nodes in descending order of suitability. The scheduler selects 

the cluster node corresponding to the highest Ci, while the RL agent may incorporate the vector 

of closeness values St into its state representation. Fig.-9 illustrates the computational workflow 

of the proposed MCSCM-RL scheduling framework. 

 

Fig. 9. Computational Workflow 
 

DQN Model Design and Learning Dynamics of MCSCM-RL 

The formulation defines the state representation, action space, and reward structure used to 

guide node selection decisions.  

 

RL State Design Rationale 

The state representation of the proposed MCSCM-RL scheduling model is developed to achieve 

resource availability and QoS of docker swarm cluster nodes. CPU utilization, memory 

utilization, and container count represent resource usage, while average startup time and 

average response time gives application-level performance. Combining these performance 
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metrics within a single state vector permits the DQN agent to develop adaptive and intelligent 

scheduling mechanism that achieve high system efficiency and application QoS needs. This 

unified state permits the scheduler to avoid scheduling decisions that are optimal with respect 

to resource utilization alone but give degraded application performance, which is a typical 

weakness of static heuristic container schedulers. 

 

Action Space and Decision-Making 

At every stage of the scheduling, the action space of the DQN agent selects one swarm node 

from the available swarm cluster nodes for the deployment of containerized microservices. The 

Q-network estimates the expected reward for each candidate node based on the current state, 

and the node with the highest Q-value will be selected for the deployment, applying an ε-greedy 

for action selection. 

 

The ε-greedy(epsilon-greedy) strategy is selected for the swarm cluster node selection in the 

proposed MCSCM-RL scheduler for the container deployment. The ε-greedy policy balances 

exploration and exploitation by choosing a random node with probability ε and the node with 

the highest estimated Q-value with probability (1−ε). Taking this choice is inspired by its 

simplicity, low computational overhead, and effectiveness in environments having limited 

action space, such as Docker Swarm clusters with a small number of nodes. 

 

Furthermore, we have considered three exploration–exploitation strategies for the proposed 

research work. First, Softmax exploration which requires careful temperature tuning and it is 

sensitive to reward scaling, which disrupts stable learning under fluctuating workload 

conditions. Second, Upper Confidence Bound (UCB) methods take relatively stationary reward 

distributions, an assumption that is not suitable in containerized environments with fluctuating 

resource needs. Third, Thompson Sampling is inappropriate to integrate with value-based deep 

reinforcement learning. On the other hand, ε-greedy offers predictable behaviour, stable 

conjunction through ε decay, and minimal tuning requirements, making it suitable for container 

scheduling on docker swarm cluster. On this basis, we have selected ε-greedy as the most 

practical and reliable exploration strategy for the proposed MCSCM-RL scheduler. 

 

Learning and Adaptation to Dynamic Workloads 

Adaptation to dynamic workloads is achieved by continuous interaction between the DQN 

agent and the cluster environment. After each container deployment, updated resource metrics 
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and QoS metrics are collected and used to develop the next state. The reward indicates the 

impact of the scheduling decision on resource utilization and application performance. As 

cluster workload characteristics change over the time, accordingly reward and state transitions 

also change, prompting the agent to update Q-values. This continuous iteration of assessment 

enables MCSCM-RL to progressively refine its scheduling policy in response to resource 

contention, dynamic workloads, and performance fluctuations. In that way MCSCM-RL 

scheduler offers enhanced robustness compared to static container scheduling approaches. 

3.9 Reinforcement Learning -DQN-based Container Placement 

1. State Representation 

At each decision step 𝑡, the environment (Docker Swarm cluster) is represented by a state vector 

𝑆௧ composed of the normalized performance metrics of all nodes: 

                                    𝑆௧ = [ 𝐶ଵ,  𝐶ଶ,  … , 𝐶௠  ]         (6) 

or equivalently, when detailed per-node metrics are used, 

𝑆௧ = [ 𝑈஼௉௎,ଵ,  𝑈ெ௘௠,ଵ,  𝑁௖௢௡௧,ଵ,  𝑇௦௧௔௥௧௨௣,௔௩௚,ଵ,  𝑇௥௘௦௣௢௡௦௘,௔௩௚,ଵ,  … ,  𝑈஼௉௎,௠,  𝑈ெ௘௠,௠,  𝑁௖௢௡௧,௠, 

 𝑇௦௧௔௥௧௨௣,௔௩௚,௠,  𝑇௥௘௦௣௢௡௦௘,௔௩௚,௠ ]         (7)  

where,  

𝑚= total number of nodes in the Swarm cluster 

𝐶௜= relative closeness value of node 𝑖obtained  

 

2. Action Selection 

The agent selects an action at ∈ {1,2,...,m}, where each action corresponds to choosing a Swarm 

node Ni for container placement. An ε-greedy policy is used to balance exploration and 

exploitation: 

        𝑎௧ = {
random(1, … , 𝑚), with probability 𝜀௧

arg max
௔

𝑄(𝑆௧, 𝑎; 𝜃), with probability 1 − 𝜀௧
                            (8) 

where, 

The exploration rate εt decays exponentially over time as: 

                   𝜀௧ = 𝜀௠௜௡ + (𝜀௠௔௫ − 𝜀௠௜௡)𝑒ି௧/ఛ        (9) 
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Where, θ denotes the trainable weights of the DQN policy network. 

3. Reward Function 

After placing a container on swarm node 𝑎௧ , the agent observes the resulting performance 

change and computes a reward to guide learning. A sample reward function combining QoS 

and efficiency objectives is defined as: 

 

               𝑅௧ = 𝜆ଵ(1 −
ೞ்೟ೌೝ೟ೠ೛,ೌೡ೒

ೞ்೟ೌೝ೟ೠ೛,೘ೌೣ
) + 𝜆ଶ(1 −

ೝ்೐ೞ೛೚೙ೞ೐,ೌೡ೒

ೝ்೐ೞ೛೚೙ೞ೐,೘ೌೣ
) + 𝜆ଷ 𝐶௔೟

              (10) 

where,  

𝑇௦௧௔௥௧௨௣,௔௩௚ and 𝑇௥௘௦௣௢௡௦௘,௔௩௚ are the average startup and response times 

𝐶௔೟
is the relative closeness of the selected swarm node 

𝜆ଵ, 𝜆ଶ, 𝜆ଷare weighting factors such that 𝜆ଵ + 𝜆ଶ + 𝜆ଷ = 1. 

This formulation ensures higher rewards for container deployments achieving lower startup and 

response times, while also favouring nodes with higher closeness scores. 

 

4. Q-Value Estimation 

The DQN approximates the optimal action–value function 𝑄∗(𝑆௧, 𝑎௧)using a neural network 

parameterized by 𝜃: 

                 𝑄(𝑆௧, 𝑎௧; 𝜃) ≈ 𝐸[𝑅௧ + 𝛾𝑚𝑎𝑥௔ᇲ 𝑄(𝑆௧ାଵ, 𝑎ᇱ; 𝜃ି)]                           (11) 

where,  

𝛾 ∈ (0,1)is the discount factor, 

𝜃ିare the parameters of the target network (periodically updated). 

5. Q-Learning Update 

The temporal difference (TD) target is defined as: 

                     𝑦௧ = 𝑅௧ + 𝛾𝑚𝑎𝑥௔ᇲ 𝑄(𝑆௧ାଵ, 𝑎ᇱ; 𝜃ି)                                                       (12) 

The policy network parameters 𝜃are updated by minimizing the mean-squared TD error: 

                   𝐿௧(𝜃) = 𝐸(ௌ೟,௔೟,ோ೟,ௌ೟శభ)∼஽[(𝑦௧ − 𝑄(𝑆௧, 𝑎௧; 𝜃))ଶ]                                      (13) 

Where, 𝐷  is the replay buffer containing past experience tuples 

(𝑆௧, 𝑎௧, 𝑅௧, 𝑆௧ାଵ). 
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6. Gradient Descent Optimization 

The parameters 𝜃are updated through stochastic gradient descent: 

                                                𝜃 ← 𝜃 − 𝜂 𝛻ఏ𝐿௧(𝜃)                                                     (14) 

Where, 𝜂 is the learning rate. 

 

7. Target Network Update 

To stabilize learning, the target network parameters are periodically synchronized with the 

policy network: 

                                 𝜃ି ← 𝜃𝑒𝑣𝑒𝑟𝑦 𝑁௨௣ௗ௔௧௘ 𝑠𝑡𝑒𝑝𝑠.                                                  (15) 

8. Experience Replay Buffer 

At each step, the agent stores experience tuples (St,at,Rt,St+1) into a replay buffer D. During 

training, mini-batches are sampled uniformly from D to break temporal correlations and 

improve stability. The replay buffer is defined as: 

        𝐷 = {(𝑆௜, 𝑎௜, 𝑅௜, 𝑆௜ାଵ) ∣ 𝑖 = 1, … , 𝑁௕௨௙௙௘௥}                                         (16) 

 

9. Container Placement Decision 

The swarm node with the highest estimated Q-value is selected for container deployment: 

                   𝑁௦௘௟௘௖௧௘ௗ = 𝑎𝑟𝑔 𝑚𝑎𝑥௜∈{ଵ,…,௠} 𝑄(𝑆௧, 𝑎௜; 𝜃)                            (17) 

 

3.10 Hyperparameter Details for the DQN Agent 

To ensure the reproducibility of the proposed MCSCM-RL scheduler, the Deep Q-Network was 

configured using the hyperparameters. These parameters are summarized in Table 5. These 

hyperparameters are used to monitor the learning behaviour of the RL agent, including the 

neural network optimization process, experience replay mechanism, and exploration strategy. 

The selected values will be used to achieve stable convergence for efficiently learning optimal 

scheduling policies in proposed experiment environment. 
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Table 5: Hyperparameter configuration of the DQN used in MCSCM-RL scheduler 

 
Hyperparameter Symbol Value Description 

Learning Rate α 0.001 
Controls the step size during neural network 
weight updates. 

Discount Factor γ 0.95 
Determines the use of future rewards in Q-value 
estimation. 

Replay Buffer Size – 1000 
Maximum number of experiences stored for 
experience replay. 

Mini-batch Size – 8 
Number of experiences randomly sampled from 
the replay buffer during each training iteration. 

Initial Exploration 
Rate 

ε 1.0 
Initial probability of selecting a random action (ε-
greedy policy). 

Minimum 
Exploration Rate 

εmin 0.05 Lower bound of the exploration probability. 

Exploration Decay 
Rate 

– 0.95 
Multiplicative decay factor applied to ε after each 
replay step. 

Optimizer – Adam 
Optimization algorithm used for updating network 
weights. 

Loss Function – 
Mean Squared 
Error (MSE) 

Loss function used to minimize the prediction 
error of Q-values. 

Hidden Layer 1 – 64 neurons 
First fully connected hidden layer with ReLU 
activation. 

Hidden Layer 2 – 32 neurons 
Second fully connected hidden layer with ReLU 
activation. 

Activation Function – ReLU Introduces non-linearity into the neural network. 

State Dimension – 3 
One relative closeness score for each Docker 
Swarm node. 

Action Dimension – 3 
One scheduling action corresponding to each 
cluster node. 

Computing Device – CPU 
Hardware platform used for training and 
inference. 
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The DQN agent was implemented using the PyTorch deep learning framework. The Adam 

optimizer is applied with a learning rate of 0.001 to minimize the Mean Squared Error (MSE) 

loss function. Experience replay was implemented using a replay memory of 1000 experiences 

with a mini-batch size of 8. An ε-greedy exploration strategy was adopted, where the 

exploration probability is initialized to 1.0 and gradually decayed by a factor of 0.95 until 

reaching a minimum value of 0.05. The neural network comprised two hidden layers containing 

64 and 32 neurons with ReLU activation functions. The output layer contained three neurons 

corresponding to the three available Docker Swarm nodes used for deployment decisions. These 

hyperparameter settings enabled the proposed MCSCM-RL scheduler to achieve stable learning 

and efficient container placement. 

3.11 Proposed MCSCM-RL Algorithm 

Before presenting the pseudocode of the proposed scheduling framework, it is required to 

describe the logical sequence of operations performed by the Multi-Criteria Scheduling of 

Containerized Microservices using Reinforcement Learning (MCSCM-RL) algorithm. The 

proposed algorithm integrates runtime resource monitoring, multi-criteria node ranking, and 

reinforcement learning-based decision-making to achieve intelligent and adaptive container 

scheduling in a Docker Swarm environment. The scheduling process begins with the collection 

of system and application performance metrics from all worker nodes, followed by the 

computation of node rankings using the relative closeness function. These rankings, together 

with the collected runtime metrics, form the state representation for the Deep Q-Network 

(DQN)-based reinforcement learning agent.  

 

The agent then selects the most suitable worker node for deploying incoming microservice 

containers based on learned scheduling policies. After deployment, Quality of Service (QoS) 

metrics such as startup time and response time are measured, and a reward value is calculated 

to evaluate the effectiveness of the scheduling decision. The reinforcement learning model is 

subsequently updated using the observed rewards, enabling continuous improvement of 

deployment policies through interaction with the environment.  

 

The pseudocode of the proposed MCSCM-RL scheduling algorithm, which summarizes the 

flow of the proposed scheduling algorithm, state construction, action selection, reward 

calculation, and policy update steps.  
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The complete step-by-step procedure of the proposed MCSCM-RL scheduling algorithm is 

presented in the following pseudocode. 

 

Require: Pn: Number of Docker Swarm nodes; Cn: Number of microservice instances to deploy 

Ensure: Scheduled deployment decisions and performance logs 

 

1: Initialize a Deep Q-Network (DQN) agent 

2: State dimension ← 5 

3: Action dimension ← Pn 

4: for i = 1 to Cn do 

5: Collect latest resource metrics for each Swarm node: 

6: CPU usage, Memory usage, Container count, Power consumption 

7: Retrieve historical average startup time and average response time 

8: Form a 5-parameter feature matrix: 

{CPU%, Memory%, Containers, Avg.Startup, Avg.Response} 

9:   Normalize the matrix and compute relative closeness coefficients 

10: Construct state vector si from the closeness values 

11: Select node ni using ε-greedy policy: 

   nᵢ = { 

               random node,              with probability ε 

              arg maxₐ Q(sᵢ, a; θ),     with probability 1 − ε 

           } 

12: Deploy microservice i on node ni 

13: Measure startup time and response time of the deployed microservice 

14: Compute reward:  ri = −(response time) 
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15: (Or apply a penalty if deployment fails) 

16: Obtain next state si+1 by recomputing relative closeness after deployment 

17: Store transition (si,ai,ri,si+1) in replay buffer D 

18: Train DQN on sampled mini-batches from D 

19: Log deployment details: selected node, startup time, response time, updated metrics 

20: end for 

21: return Final DQN-trained scheduling policy and performance logs 
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Chapter 4 

4.  System Design and Implementation 

This chapter presents the experimental platform used to validate the MCSCM-RL scheduling 

framework described in this thesis in depth. The Docker Swarm cluster made of manager and 

two worker nodes which are running on three Ubuntu based virtual machines, and hosted on 

windows based physical machine. The cluster was developed to automatically monitor the 

application-level and resource-level metrics, such as response time, startup time, memory 

utilization, CPU utilization and container count. 

 

Two types of deployment scenarios, clean and cumulative, were planned to measure the 

effectiveness of the existing and proposed scheduler in both situations of clean load and an 

increasing workload. The proposed MCSCM-RL scheduler was evaluated alongside three 

existing Docker Swarm scheduling strategies (Spread, Binpack, and Random) and the non-RL 

multi-criteria custom scheduler (MCSCM). For each scheduling strategy, identical deployment 

procedures and workload characteristics were employed to ensure methodological integrity and 

consistency. 

4.1 Experiment Environment and Setup 

The experimental environment consisted of a three-node Docker Swarm cluster deployed on 

Ubuntu-based virtual machines hosted within a Windows system. The swarm cluster 

comprising one manager node and two worker nodes, as illustrated in Fig.10. All nodes were 

connected through a private virtual network to ensure isolated and deterministic communication 

and formed docker swarm-based container orchestration platform. This configuration provided 

a controlled, resource-constrained testbed suitable for evaluating container scheduling 

behaviour. It further enabled consistent collection of CPU, memory, and QoS-related metrics 

across the swarm cluster throughout all iterations of experiments. 

 

Docker Swarm was selected, as the experimental platform due to the lightweight architecture. 

It offers integrated clustering support, ease of deployment, simplified scheduling workflow and 

fitness for controlled cluster experimentation. These features make Docker Swarm appropriate 

for experimenting reinforcement learning–based container scheduling approaches, where 
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frequent container deployments and fine-grained metric collection are required with low 

container orchestration overhead. The Kubernetes is the foremost container orchestration 

platform. Its scheduling framework applies multiple layers of plugins, constraints, and filtering 

stages. Hence, it can complicate the impact of a learning-based scheduling approach. However, 

Docker Swarm provides a simple and transparent scheduling model, which enables clear 

analysis of the learning behaviour and decision-making process of the proposed MCSCM-RL 

scheduler.  

 

Fig. 10. Docker Swarm three-node cluster used for experiments. 
 

Whereas, the existing literature on Reinforcement Learning-based scheduling in Docker Swarm 

is very limited and this gap further motivates the present research work. The proposed 

MCSCM-RL work operates on cluster node-level and application-level metrics. Due to that the 

work is not essentially tied to Docker Swarm specific mechanisms. Future research should focus 

on how the study's findings can be applied to more sophisticated orchestration platforms, such 

Kubernetes, using scheduling extenders or custom schedulers. With concentration on Docker 

Swarm, this study highlights algorithmic clarity and reproducibility, which are needed for 

isolating the effects of reinforcement learning in container scheduling of containerized 

microservices. 

4.2 Implementation of the Proposed Scheduling Framework 

This section presents the practical implementation, deployment procedure of baseline container 

scheduling strategies (Spread, Binpack, Random) and the proposed Multi-Criteria Scheduling 

of Containerized Microservices using Reinforcement Learning (MCSCM-RL) framework in a 
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Docker Swarm environment. The implementation includes the configuration of the Docker 

Swarm cluster, deployment of containerized microservices, integration of monitoring and 

metric collection modules, and execution of various scheduling strategies including Spread, 

Binpack, Random, MCSCM, and the proposed MCSCM-RL scheduling approach. Detailed 

deployment procedures, configuration steps, execution workflows, and experimental 

screenshots are provided to demonstrate the practical realization of the proposed scheduling 

framework. The collected runtime data and execution results serve as the foundation for 

subsequent performance evaluation and comparative analysis presented in the next chapter. 

4.2.1 Creating Docker Swarm Cluster 

To create the experimental testbed for the proposed research, three Ubuntu based virtual 

machines were configured using VMware Workstation Pro on a Windows 11 host system. The 

virtual machines were allocated appropriate CPU, memory, storage, and network resources to 

simulate a distributed Docker Swarm cluster environment. One virtual machine was designated 

as the Manager Node, while the remaining two were configured as Worker Nodes. 

 

 

Fig. 11. Creation of Manager and Workers 
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After creating the virtual machines, Docker Engine was installed and configured on all three 

Ubuntu nodes to enable container creation and management as shown in Fig.11. Subsequently, 

Docker Swarm was initialized on the manager node as shown in Fig.12.  

 

Fig. 12. Installation of docker engine 
After the successful installation of Docker Engine and configuration of the Docker Swarm 

cluster, the operational status of Docker services was verified on all three nodes as shown in 

Fig.13. Manager node was used to validate the cluster configuration and confirm the active 

participation of all worker nodes as shown in Fig.14. 

 

Fig. 13. Checking Docker Swarm on Manager Node 
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Fig. 14. List of Active Docker Swarm Nodes 
 

The worker nodes were joined to the Swarm cluster using the join token generated by the swarm 

manager as shown in Fig.15 and Fig.16. This setup established the distributed container 

orchestration environment required for implementing and evaluating the proposed scheduling 

framework. 

 

 

Fig. 15. Token generation by swam manager 

 

 

 

Fig. 16. Workers joined Manager 

4.2.2 Microservice Container Development and Deployment 

To evaluate the proposed scheduling framework, a containerized microservice was developed 

and packaged using Docker. A Docker image was created from the application source code and 

uploaded to Docker Hub, enabling deployment across the Docker Swarm cluster. Building and 

running docker image of my microservice from Manager Node: 

flask-fibonacci-microservice 
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Fig. 17. Building docker image for flask-fibonacci-microservice 
 

Pushing docker image of microservice: flask-fibonacci-microservice to docker hub 

 

Fig. 18. Pushing flask-fibonacci-microservice to docker hub 
 

To perform the experimental evaluation, the Fibonacci microservice was containerized using 

Docker and published to the Docker Hub repository anil2018 as the image anil2018/myapp1: 

Fibonacci as shown in Fig.19. The image was pulled by the Docker Swarm nodes and deployed 

as a service across the cluster for testing and comparing different container scheduling 

strategies. 
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Fig. 19. flask-fibonacci-microservice on docker hub repository 
  

Creating multiple instances of microservice  

After publishing the my microservice image to Docker Hub, multiple instances of the Flask-

Fibonacci Microservice were created and deployed within the Docker Swarm cluster to simulate 

realistic workload conditions as shown in Figure-20 and Figure-21. Docker services with 

multiple replicas were launched, allowing the scheduler to distribute container instances across 

available worker nodes. These replicated microservices served as the workload for evaluating 

resource utilization, startup time, response time, load balancing efficiency, and scheduling 

performance under different deployment strategies. 

 

 

Fig. 20. Creating flask-fibonacci-microservice instances 

 
Running instances of microservice: flask-fibonacci-microservice on manager and workers 

 

Fig. 21. Running flask-fibonacci-microservice instances on manager and worker 
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Running instances of microservice on web browser 

To verify the successful deployment and accessibility of the containerized microservice, the 

running instances of the Flask-Fibonacci Microservice were accessed through web browsers 

using the IP addresses of the Docker Swarm Manager and Worker nodes. The browser-based 

verification confirmed that the microservice containers were executing correctly across the 

cluster and responding to client requests. This step also validated the service deployment, 

network connectivity, and distributed execution of microservice instances within the Docker 

Swarm environment. 

 

 

Fig. 22. Running microservice 

4.3 Deployment Scenarios 

Two experimental deployment scenarios, Clean Deployment and Cumulative Deployment, 

were created in order to fully evaluate the performance of Random, Spread, Binpack, MCSCM, 

and the proposed MCSCM-RL scheduling algorithm. To evaluate each scheduling strategy's 

isolated and progressive behaviour under various system loads, these scenarios were 

methodically run throughout the Docker Swarm cluster. 

 

Clean deployment: To guarantee an unbiased assessment of performance, every scheduling 

strategy in this case was tried in a separate environment. Every running container and 

microservice was deleted from every node in the Swarm cluster before a fresh set of container 
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deployments was created. The cluster was therefore restored to its initial state of cleanliness. 

The corresponding scheduling policy was then followed in the sequential deployment of a 

predetermined number of microservices. 

 

Cumulative deployment: The objective of the scenario was to examine how well each 

scheduling method could adjust and scale its performance under dynamic workload conditions. 

Containers and microservices were not deleted in between deployment cycles, in contrast to the 

clean deployment scenario. Rather, a progressively increasing load on the cluster was simulated 

by deploying microservices incrementally. 

4.4 Experiment Procedure 

The experimental procedure was designed to evaluate the performance of the proposed Multi-

Criteria Scheduling of Containerized Microservices using Reinforcement Learning (MCSCM-

RL) framework in a Docker Swarm environment. Initially, a Docker Swarm cluster consisting 

of one manager node and two worker nodes was configured using Ubuntu virtual machines 

hosted on a Windows 11 system. The Flask-Fibonacci microservice was containerized, 

published to the Docker Hub repository (anil2018), and deployed as multiple service replicas 

across the swarm cluster.  

 

During experimentation, runtime metrics including CPU utilization, memory utilization, 

container count, startup time, and response time were continuously collected from all worker 

nodes. These metrics were used for node ranking and scheduling decision-making. The 

proposed MCSCM-RL scheduler was then executed to dynamically select deployment nodes 

based on real-time cluster conditions. To validate its effectiveness, the proposed approach was 

compared with Random, Spread, Binpack, and MCSCM scheduling strategies.  

 

Spread, Binpack, Random, custom scheduler MCSCM and MCSCM-RL scheduling strategies 

executed multiple times under identical workload conditions, and the resulting performance 

metrics were recorded and analysed. Prior to each trial, the cluster was restored to the required 

baseline state (empty for clean deployments). During each trial the scheduler under test 

determined the target swarm node for deployment. For every deployed microservice, all metrics 

were logged in CSV files to enable direct comparison for clean and cumulative deployment 

scenarios for each container scheduling strategy. This approach provides insights into how each 
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scheduling strategy manages resource contention, QoS stability, and deployment scalability as 

the cluster load increases over time.  

 

Throughout each deployment, node-level metrics such as CPU utilization, memory utilization, 

and container count were continuously monitored by all nodes, while application-level metrics 

such as startup time and response time were recorded after each container deployment to 

evaluate microservice responsiveness and Quality of Service. The CSV file collects node-level 

metrics at a sampling interval of two seconds.  

 

For every scheduling strategy, dedicated CSV files systematically capture application-level 

metrics after each microservice deployment. To minimize the impact of variations and network 

fluctuations, all recorded measurements were averaged over multiple experimental repetitions. 

The experimental results were subsequently used to evaluate resource utilization, load 

balancing efficiency, Quality of Service (QoS), and energy efficiency of the proposed 

scheduling framework. 

4.5 Container Scheduler Implementation and Scenarios  

This section presents the implementation and execution of existing container scheduling 

strategies within the Docker Swarm cluster environment. To establish a comprehensive 

performance comparison, four scheduling approaches, namely Random Scheduler, Spread 

Scheduler, Binpack Scheduler, and the custom Multi-Criteria Scheduling of Containerized 

Microservices (MCSCM) scheduler, were implemented and evaluated using the Flask-

Fibonacci microservice workload. Each scheduler was executed under identical cluster 

configurations and workload conditions to ensure fair comparison. During experimentation, 

multiple microservice containers were deployed across the worker nodes of the swarm cluster. 

The performance metrics were continuously monitored and recorded. Screenshots illustrating 

scheduler execution, container deployment, node selection, service status, and workload 

distribution are included to demonstrate the practical implementation of each scheduling 

strategy.  
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4.5.1 Binpack Scheduler 

The Binpack scheduler was implemented to deploy containerized microservices. The objective 

of this strategy is to consolidate workloads onto fewer cluster nodes, thereby improving 

resource utilization and potentially reducing energy consumption. The Fig. 23. and Fig. 24 

illustrates the execution of the Binpack scheduler, node selection process, and successful 

deployment of microservice containers within the Docker Swarm cluster. 

 

 

Fig. 23. Deployment of Services 
 

Before executing a new scheduling experiment, all previously deployed services were removed 

from the Docker Swarm cluster to ensure a clean and consistent deployment environment as 

shown in Fig. 25. This step eliminated residual workloads and resource utilization from earlier 

experiments, thereby preventing interference with subsequent scheduling evaluations. The 

clean deployment process ensured fair comparison among the different scheduling strategies 

under identical cluster conditions.  
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Fig. 24. Deployment of Services and logging metrics for each swarm node 
 

 
 

Fig. 25. Removing Services 
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4.5.2 Spread Scheduler 

The Spread scheduler was implemented to distribute microservice containers evenly across the 

available worker nodes in the Docker Swarm cluster. The primary objective is to achieve 

balanced resource utilization by selecting nodes with fewer running containers and lower 

workload concentration. During execution, the scheduler analysed the current cluster state and 

deployed the Flask-Fibonacci microservice on the most suitable node to maintain an even 

distribution of workloads. The Figure-26 and Figure-27 illustrate the execution of the Spread 

scheduler, node selection process, and successful deployment of microservice containers across 

the cluster. 

 

Fig. 26. Deployment of Services 
 

Before initiating the next scheduling experiment, all running services deployed by the Spread 

scheduler were removed from the Docker Swarm cluster to maintain a consistent and unbiased 

test environment as shown in Fig. 28. Performing a clean deployment before each experiment 

allowed fair comparison among the different scheduling strategies. 
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Fig. 27. Deployment of services and logging metrics for each swarm node 
 

 
 

Fig. 28. Removing Services 
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4.5.3 Random Scheduler 

The Random scheduler was implemented to deploy microservice containers by randomly 

selecting one of the available worker nodes in the Docker Swarm cluster without considering 

resource utilization, workload distribution, or performance metrics. During execution, the 

scheduler randomly chose a worker node for deploying the Flask-Fibonacci microservice, and 

the deployment process was monitored to analyse its impact on resource utilization and 

application performance.  

The Fig. 29 and Fig. 30 illustrate the execution of the Random scheduler, node selection 

process, and successful deployment of microservice containers within the cluster. 

 

 

 
 

Fig. 29. Deployment of Services 
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Fig. 30. Deployment of services and logging metrics for each swarm node 
 

After completing the Random scheduling experiment, all deployed services were removed from 

the Docker Swarm cluster to restore a clean experimental environment to maintain a clean 

cluster state before each scheduling evaluation enabled accurate and fair comparison among all 

scheduling strategies as shown in Fig. 31. 

 

Fig. 31. Removing Services 
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4.5.4 MCSCM Scheduler 

The Multi-Criteria Scheduling of Containerized Microservices (MCSCM) scheduler was 

implemented to deploy microservice containers based on a comprehensive evaluation of 

multiple resource-aware and application-aware parameters. Unlike traditional scheduling 

strategies, the MCSCM scheduler considers metrics such as CPU utilization, memory 

utilization, container count, startup time, and response time during the node selection process. 

A multi-criteria node-ranking mechanism based on the relative closeness function was used to 

identify the most suitable worker node for deployment. The Fig. 32 illustrates the execution of 

the MCSCM scheduler, node ranking process, and successful deployment of microservice 

containers within the Docker Swarm cluster. 

 

 
 

Fig. 32. Deployment of Services 
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After completing the MCSCM scheduling experiment, all deployed services were removed 

from the Docker Swarm cluster as shown in Fig. 33. 

 
 

Fig. 33. Removing Services 

4.6 MCSCM-RL Scheduler Implementation and Experimental 
Scenarios 

The proposed Multi-Criteria Scheduling of Containerized Microservices using Reinforcement 

Learning (MCSCM-RL) scheduler was implemented to enable intelligent and adaptive 

container deployment in the Docker Swarm environment.  

This scheduler combines multi-criteria node ranking with a Deep Q-Network (DQN)-based 

reinforcement learning model to make deployment decisions based on real-time cluster 

conditions. Fig. 34-35-36 illustrate successful deployment of microservice containers using the 

proposed MCSCM-RL scheduling framework under clean and cumulative load. 
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Fig. 34. Deployment of Services 
 

 

 

Fig. 35. Clean Deployment  
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Fig. 36. Cumulative Deployment  
 

Fig. 37 demonstrates the status of microservice services deployed across the Docker Swarm 

cluster nodes using the proposed MCSCM-RL scheduling strategy. The figure shows the 

distribution of containerized microservice instances among the manager and worker nodes 

based on the scheduling decisions made by the reinforcement learning agent. It confirms the 

successful deployment of services and illustrates how the MCSCM-RL scheduler dynamically 

allocates workloads according to real-time resource conditions, node rankings, and QoS 

requirements within the cluster environment. 
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Fig. 37. Services Deployed on nodes of Docker Swarm Cluster 

4.7 Evaluation of Performance metrics  

To support intelligent scheduling decisions and performance evaluation, the proposed 

framework continuously collects and logs both node-level resource metrics and application-

level QoS metrics during each microservice deployment. The collected node metrics include 

CPU utilization, memory utilization, and container count, and the QoS metrics include startup 

time and response time of deployed microservices. These metrics are periodically recorded into 

log files using the monitoring and performance measurement modules implemented in the 

Docker Swarm environment. The logged data serves as the input for multi-criteria node ranking, 

reinforcement learning-based scheduling decisions, and comparative performance analysis of 

different scheduling strategies. The Figure-38 and Figure-39 illustrate a log file containing the 

recorded node metrics and QoS metrics collected during the execution of the proposed 

MCSCM-RL scheduling framework. 
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Fig. 38. Node metrics 

 

Fig. 39.  QoS metrics 

 
Experimental Files and Scripts Used in the Proposed Scheduling Framework 

The implementation of the proposed scheduling framework involves several shell scripts, 

Python programs, and data files for cluster management, metric collection, node ranking, 

scheduling, logging, and performance evaluation. Table-5 summarizes the purpose and 

functionality of the major files used throughout the experimental setup and execution process. 
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Table 6. Experimental Files and Scripts 

On Manager Node: Purpose 

collect_node_metric.sh Collect metrics on each cluster node 

metric_all.node.sh Combine all node metrics into a central CSV 

node_metrics.csv Contains node metrics for all nodes 

rank_node.py Apply ranking/ RL model to pick best node 

binpack_scheduler_results.csv 
Store application metrics (Response time and Start-up time) for 
Binpack scheduler 

binpack1.py Implements the Binpack scheduling strategy  

spread_scheduler_results.csv 
Store application metrics (Response time and Start-up time) for 
spread scheduler 

spread1.py Implements the Spread scheduling strategy  

random_scheduler_results.csv 
Store application metrics (Response time and Start-up time) for 
Random scheduler 

random.py Implements the Random scheduling strategy  

mcscm_scheduler_results.csv 
Store application metrics (Response time and Start-up time) for 
MCSCM scheduler 

mcscm.py Implements the MCSCM scheduling strategy  

mcscm_rl_scheduler_results.csv 
Store application metrics (Response time and Start-up time) for 
MCSCM-RL scheduler 

mcscm_rl.py Implements the MCSCM-RL scheduling strategy  

Microservices:  
myapp1: fibonacci 

Microservice developed and deployed in container 

  

 

 

 

 

 

 

 

 

 

 

. 
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Chapter 5 

5.  Performance Evaluation and Result Analysis 

The performance comparison of the proposed MCSCM-RL scheduler with the default Docker 

Swarm container schedulers Binpack, Spread, Random, and the non-RL multi-criteria scheduler 

(MCSCM) is presented in this chapter. In order to record the performance under low load and 

gradually growing cluster usage, the assessment considers both clean and cumulative load 

deployment scenarios. One manager node and two worker nodes made up the three-node 

Docker Swarm cluster configuration used for all deployments of the experiment. Each container 

scheduling strategy was tested on comparable deployment iterations.  

 

Multiple container deployments of microservices were used to evaluate the performance of the 

MCSCM-RL scheduler versus Docker Swarm's default schedulers in order to provide a fair and 

comprehensive comparison. Performance metrics are taken into account, such as average 

startup time, average response time across nodes, CPU utilization, memory utilization, and 

number of containers deployed on the node. Together, these metrics capture the application-

level performance of the microservices and system-level efficiency. 

5.1 Performance Evaluation under Clean Deployment Conditions 

To ensure fair and unbiased comparison among the all existing and proposed container 

scheduling strategies, all experiments were carried out under clean deployment scenario. Before 

executing each scheduling strategy, all previously deployed microservices and containers were 

removed from the Docker Swarm cluster, thereby resetting the cluster to its initial state. 

Subsequently, identical containerized microservices were deployed using Spread, Binpack, 

Random, MCSCM, and MCSCM-RL scheduling strategies. The results obtained under clean 

deployment scenarios provide a consistent basis for evaluating the effectiveness of the proposed 

scheduling framework and comparing its performance with existing scheduling approaches. 

 

Under this scenario, performance differences among all container scheduling strategies are 

relatively small due to uniform resource availability. Nonetheless, the MCSCM-RL scheduler 

consistently maintains balanced CPU and memory consumption while achieving marginally 

faster startup and response times. The resource utilization for all scheduling strategies is shown 
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in Fig. 40. To enable accurate evaluation under clean load, Fig. 40(a) shows CPU utilization 

and Fig. 40(b) shows Memory utilization for three swarm nodes under all scheduling strategies. 

 

(a) CPU Utilization (b) Memory Utilization 

Fig. 40. Resource Utilization under clean deployment 
 

Fig. 40(a) demonstrates the CPU utilization across the all three swarm nodes for all scheduling 

strategies. The results indicate Spread and Binpack scheduler distribute the load evenly across 

the manager and worker nodes, but worker1 shows comparatively high CPU utilization 

(approximately 12–13%), which reflects behaviour of default Binpack and Spread scheduling 

strategies. Random scheduler gives imbalanced CPU utilization across the cluster, with worker1 

reaching 10.8% utilization and worker2 8.3%.  MCSCM exhibits the non-deterministic nature 

of scheduling strategy, which increases CPU utilization on worker nodes only, especially 

worker2 (approximately 13.9%), due to its static multi-criteria scoring preference. MCSCM-

RL results in the lowest average CPU utilization among all techniques (approximately 8–11%), 

and more importantly, distributes CPU demand across the cluster nodes more evenly. Its 

adaptive decision-making avoids repeated selection of a single cluster node, making it more 

efficient even under clean load scenario. These results indicate that MCSCM-RL reduces 

unnecessary CPU overhead by dynamically selecting nodes based on learned system states 

rather than static container placements. 

 

Fig. 40(b) presents memory utilization for each scheduling strategy across the three nodes of 

the cluster. The results show Spread, Binpack, and Random scheduler maintain relatively 

similar memory utilization (44–46% on manager and worker1), as expected under clean 

deployment. MCSCM shows higher memory utilization on manager and worker1 (47–48%), 

caused by static metric-based selection that sometimes favours already stronger cluster nodes. 

MCSCM-RL scheduler achieves more balanced memory utilization, particularly with lower 
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overhead on the manager (≈40%). This demonstrates that RL not only considers current 

memory consumption but also anticipates future congestion, resulting in better overall load 

distribution on the cluster. The memory balancing behaviour of MCSCM-RL shows its ability 

to prevent early memory accumulation on specific nodes compared to deterministic container 

schedulers. 

 

The application performance for all scheduling strategies is shown in Figure-41. Figure 41(a) 

shows average response time and Figure 41(b) shows average startup time for all scheduling 

strategies. 

 

     (a) Average Response time                              

                       

 

                (b)  Average Startup time 

Fig. 41. Application Performance under clean deployment 
 

Each scheduling strategy was evaluated on a Docker Swarm cluster fully reset to an empty state 

before the deployment of containerised microservices. Evaluating performance in a clean 

environment provides a clear baseline for understanding how each scheduling strategy deploys 

containers and utilizes cluster resources in the absence of prior container deployments. 

 

Fig. 41(a) shows the average response time of the containerized microservice under each 

container scheduling strategy across the cluster. The response-time analysis shows clear 

distinctions in service latency. Random scheduler achieves the lowest response time (0.008 s), 

but this performance is inconsistent. Spread scheduler achieves (0.0139 s) and MCSCM 

scheduler achieves (0.0127 s) which exhibits higher latencies, as both distribute containerized 

microservices without adaptation to real-time cluster node conditions. Binpack scheduler 

performs slightly better (0.01195 s) than others, but still lacks adaptive balancing. MCSCM-

RL achieves 0.01055 s, which exhibits improved response time over Spread scheduler and 

MCSCM scheduler. It maintains stable and predictable performance. The RL-based scheduler 
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learns to avoid nodes with even slightly higher CPU or Memory loads, yielding more consistent 

and lower latency compared to deterministic scheduling strategies.  

 

Fig. 41(b) demonstrates the average startup time under clean load deployment scenario. 

Random scheduler achieves the lowest startup time, that is 3.808 s. Due to non-deterministic 

behaviour of Random scheduler, this result is not stable or repeatable. Spread scheduler 

achieves 4.48 s and Binpack scheduler achieves 4.83 s, that shows moderate startup delay.  

Which reflects their respective default load allocation behaviours.  

 

MCSCM scheduler achieves 4.84 s, because of static multi-criteria bias toward specific nodes, 

which increases container initialization overhead. MCSCM-RL scheduler achieves 

significantly improves startup time, it is 4.05 s, and outperforms Spread, Binpack, and MCSCM 

schedulers. The improved startup time in MCSCM-RL results from its dynamic action that 

avoids nodes with higher current microservice counts or continuing container creation 

operations, that enables faster service initialization.  

 

The average resource utilization (CPU and memory) across the three-node Docker Swarm 

cluster for all scheduling strategies under clean deployment is shown in Fig. 42. 

 

Fig. 42. Average Resource utilization under clean load 

 
The results demonstrate that MCSCM-RL provides the most resource-efficient load 

distribution, and reduces average CPU utilization by 10–25% compared to the other container 
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scheduling strategies. Docker swarm strategies (Spread, Binpack, Random) are exhibiting 

similar utilization patterns as they are static and non-adaptive by nature. The RL-based method 

recognizes the nature of the cluster conditions and learn from it. Thus, it gives the early benefits 

that eventually result in measurable improvements in efficiency at cluster level. 

 

Random scheduling occasionally demonstrates competitive or superior startup and response 

time performance in the clean deployment scenario. These results, where all swarm nodes 

initially have the same resource availability, are caused by the lack of resource contention. 

Under such conditions, random placement unconditionally deploys containers across swarm 

cluster nodes, rather than considering workloads and possibility of resource saturation. Because 

of this, random scheduling may benefit temporarily from balanced resource utilization without 

requiring explicit decision logic. 

 

Overall, under clean deployment, the similarity in resource availability limits the performance 

gap between schedulers, although MCSCM-RL maintains better stability across the cluster. 

5.2 Performance Evaluation under Cumulative Deployment 
conditions 

Under cumulative deployment scenarios, each new microservice is deployed without removing 

the previously deployed containers. In this resource balancing scenario, the container scheduler 

must respond to an increase in workload while simultaneously minimizing delay, preventing 

resource saturation, and maintaining a good resource balance. With the lowest average CPU 

utilization, balanced memory utilization, stable response time, and the lowest startup time, 

MCSCM-RL continuously outperforms all other scheduling techniques in this cumulative 

deployment scenario. The results across all performance metrics and cluster are summarized in 

Fig. 43. and Fig. 44.  

 

To enable accurate evaluation under cumulative load, Fig. 43(a) shows CPU utilization and Fig. 

43(b) shows Memory utilization for three swarm nodes under all scheduling strategies. 
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(a) CPU Utilization                   (b) Memory Utilization  

Fig. 43. Resource Utilization under cumulative deployment 
 

Fig. 43(a) shows CPU utilization all swarm cluster nodes for all container scheduling strategies. 

Binpack scheduler and Spread scheduler generate high CPU utilization on worker1, that are 

49% and 52% respectively. It indicates heavy unbalancing in load. Random scheduler performs 

better than that, it is 11% on worker1, it still shows unbalanced CPU utilization across swarm 

nodes due to random patterns. MCSCM achieves 14% CPU load on worker2, that shows static 

bias in scoring of cluster nodes. MCSCM-RL maintains the most balanced CPU utilization. 

MCSCM-RL prevents extreme hotspots. In contrast, Spread scheduler and Binpack scheduler 

show five times higher CPU utilization on worker1 compared to other cluster nodes. 

 

Fig. 43(b) shows memory utilization under cumulative load. Spread scheduler shows the highest 

memory utilization, with worker2 it reaches to 71% and all swarm nodes staying near or above 

69%. Binpack scheduler exhibits similar memory utilization, that is 66–67%, it is because of 

its consolidation-oriented behaviour. Random scheduler slightly reduces memory utilization is 

59% on worker2, still the container distribution remains inconsistent.  

 

MCSCM keeps memory usage moderately balanced but inflation persists due to repeated 

selection of static nodes. MCSCM-RL exhibits the most balanced memory utilization with 

worker2 and worker1, and maintains significantly lower utilization that is 55% and 52% 

respectively. Only the manager bearing a higher load due to its control-plane duties. These 

results prove that MCSCM-RL effectively prevents memory hotspots and supports sustainable 

container deployments without degrading cluster performance. 
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(a) Average Response time 

 

(b) Average Startup time 

Fig. 44. Application performance under cumulative deployment 
 

Fig. 45(a) shows the average response time for each container scheduler. Binpack scheduler 

and Random scheduler give moderate performance; they give 0.01143 s and 0.01123 s average 

response time respectively. But both exhibit fluctuations due to unstable cluster node selection 

for the deployment. Spread scheduler gives average response time of 0.0144s and performs the 

worst due to growing contention on worker1 and memory exhaustion across cluster nodes. 

MCSCM gives the lowest response time, that is 0.0100 s. MCSCM-RL gives average response 

time of 0.01244s and exhibits the competitive performance with deviations arising from 

adaptive exploration. Even as deployments increase, MCSCM-RL provides more reliable 

response times with significantly fewer high-latency spikes. 

 

Fig. 45(b) shows the average startup time for each container scheduler. Spread, Binpack, and 

Random exhibits the average startup times in the range of 4.6–5.0 s, and gradually increasing 

as cluster resource load. MCSCM suffers heavily, with average startup time of 11.904 s, that 

shows static ranking leads to overloading of node. MCSCM-RL offers the best startup 

performance, it gives average response time of 4.57 s.  It significantly outperforming all other 

container scheduling strategies except Random scheduler. Its adaptive node selection helps 

avoid overloaded nodes, reducing container initialization delays. This exhibits MCSCM-RL’s 

ability to adaptively maintain QoS even under heavy cumulative deployment on the cluster. 

 

The average resource utilization (CPU and memory) across the three-node Docker Swarm 

cluster for all container scheduling strategies under cumulative load deployment is presented in 

Fig. 45. 
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Fig. 45. Average Resource utilization under cumulative load 
 

The results show a distinct behavioural difference. Spread scheduler exhibits the highest 

resource consumption, with average CPU utilization of 27% and average memory utilization of 

70%. As microservices deployments increases, Spread continues distributing replicas 

uniformly, causing worker1 to become heavily loaded due to its higher baseline capability. 

Binpack scheduler shows slightly lower memory utilization than Spread scheduler. But CPU 

utilization is nearly 24%, as it continues deploying microservices onto nodes that initially 

appear least loaded. By the time, this creates a burdened resource load on worker1. Random 

scheduler retains lower CPU utilization nearly 10% but memory utilization increases to 66%, 

due to random selection frequently targets the same cluster nodes. MCSCM exhibits balancing 

but suffers from static ranking. MCSCM-RL demonstrates the lowest average CPU utilization 

that is approximately 10–11% and lowest memory utilization that is approximately 62%. The 

results show that MCSCM-RL consistently outperforming all other container schedulers. The 

real-time learning of MCSCM-RL scheduler enables it to avoid node overloading and mitigate 

the cumulative buildup of containerized microservices. 

 

Overall, MCSCM-RL scheduler offers the most resource-efficient behaviour. Under cumulative 

deployments MCSCM-RL consistently outperforms all container scheduling strategies, 

delivering lowest average CPU utilization, balanced memory utilization, stable response time 

and lowest startup time across the cluster. The only container scheduling technique that can 

maintain lengthy cumulative deployment sequences without causing cluster instability is 

MCSCM-RL. 
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5.3 Comparative Analysis of Clean and Cumulative Deployment 
Scenarios 

The combined comparison of node-level and application-level performance metrics across all 

five container scheduling strategies under clean and cumulative deployment conditions is 

presented in Figure-46. Results exhibit that Binpack scheduler and Spread scheduler gets CPU 

and memory inflation on worker nodes and are remarkable in response time and startup 

performance due to their deterministic deployment mechanism. Random scheduler avoids such 

deterministic bias but it does not offer meaningful optimization. The MCSCM exhibits 

improved decision-making under clean load; however, its reliance on fixed ranking leads to 

progressively unbalanced placements under cumulative deployment. As services accumulate, it 

selects the same high-scoring nodes, causing resource contention and increase in startup time. 

Hence, it limits the applicability of MCSCM in dynamic, real-world microservice 

environments. 

 

 

Fig. 46. Comparative Analysis of Clean and Cumulative Deployment Scenarios 
 

In the clean deployment, Random scheduler sometimes gives better performance in startup time 

and response time. The reason behind this is the absence of resource contention, where at the 

beginning, all cluster nodes have the same level of resource availability. Under such conditions, 
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random placement unconditionally deploys containers across cluster nodes, rather than 

considering workloads and possibility of resource saturation. On the other hand, as the container 

deployment of substantially increases and the load on the cluster grows, the weakness of 

Random scheduler gets revealed. Random scheduler increasingly deploys containers to already 

congested nodes, because deployment decisions are taken without considering current resource 

utilization or application performance history. It leads to higher startup times and worse 

response times. In contrast, container schedulers that are conscious of resources and those 

based on learning make scheduling decisions from a measured system state perspective and 

thus are able to handle resource contention more effectively under dynamic load conditions. 

This transition from short-term effectiveness to long-term inefficiency shows the importance of 

adaptive container scheduling. MCSCM-RL scheduler demonstrates the consistent 

performance improvements through adaptive container deployment. In contrast, the proposed 

MCSCM-RL scheduler, consistently offers excellent scalability and robustness across all 

metrics. By continuously learning from cluster conditions, it maintains the lowest CPU and 

memory utilization and maintains stable response time under changing workload. Additionally, 

it achieves the better startup-time behaviour among all container scheduling strategies.  

Altogether, these results support MCSCM-RL as the best container scheduling approach that 

can maintain high quality of service (QoS), energy efficiency, and even resource utilization 

under both clean and cumulative deployment conditions. It proves that it is most suitable for 

large-scale orchestration of containerized microservices.  

 

A more thorough statistical analysis could enhance the evaluation even more. The findings 

show that MCSCM-RL performs better in dynamic workload and variable executions than 

default Docker swarm schedulers. More thorough testing across large clusters, public cloud 

platforms and diverse workload scenarios would be the future development. 

5.4 Discussion on Cluster Scalability 

The experimental evaluation of the proposed framework was conducted on Docker Swarm 

cluster consisting of one manager node and two worker nodes. This experiment environment 

was selected to provide a controlled environment for evaluating the effectiveness of the 

proposed MCSCM-RL scheduler. It ensures reproducibility of the experimental results. 

Although the swarm cluster size is relatively small, the proposed framework is designed to be 

scalable to larger cloud-native environments. 
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As the cluster size increases to large-scale deployments containing 50–100 or more swarm 

nodes, the complexity of the scheduling problem will also increase. In the proposed scheduler, 

each swarm worker node represents a potential container deployment action. Consequently, the 

size of the action space grows linearly with the number of swarm worker nodes. For example, 

the current implementation considers three possible scheduling actions corresponding to the 

three swarm cluster nodes, whereas a 50-node cluster would require the DQN agent to select 

from 50 possible actions. A larger action space generally requires additional exploration and 

training iterations before the reinforcement learning agent converges to an effective scheduling 

decision. Traditional Q-learning approaches explicitly maintain a Q-table, but the proposed 

DQN approximates the action-value function using a neural network. This function 

approximation enables the scheduler to generalize across similar system states and avoids the 

exponential growth in memory requirements associated with Q-table-based reinforcement 

learning. 

 

The state representation applied in this research remains independent of the cluster size because 

it is derived from node-level and application-level performance metrics, including CPU 

utilization, memory utilization, startup time, and response time. The dimensionality of the 

action space increases with the number of swarm worker nodes. The DQN architecture can be 

extended by modifying the output layer to represent additional scheduling actions without 

fundamentally changing the learning framework. Large clusters are expected to require long 

training periods, large and more diverse experience replay memories, and additional 

computational resources to achieve convergence. Training efficiency may also be affected by 

increasingly dynamic workload patterns and heterogeneous resource configurations present in 

large-scale cloud environment. 

 

Overall, the proposed MCSCM-RL framework provides a scalable foundation for intelligent 

container scheduling. Future work will focus on evaluating the scheduler on large-scale Docker 

Swarm and Kubernetes clusters containing 50–100 or more worker nodes to analyse 

convergence time, scheduling overhead, computational complexity, and QoS performance. 

Furthermore, advanced reinforcement learning techniques, such as Double DQN, Dueling 

DQN, Proximal Policy Optimization (PPO), and hierarchical or multi-agent reinforcement 

learning, may be applied to improve convergence speed and scheduling efficiency in large-scale 

cloud environments. 
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Chapter 6  

6.  Conclusion and Future Work 

 

The rapid adoption of cloud-based applications, microservices architecture, and 

containerization technologies have significantly increased the demand for efficient resource 

management and intelligent container deployment in container-based cloud environments. 

Container orchestration platforms such as Docker Swarm and Kubernetes have simplified the 

container deployment and management of containerized microservices. However, efficient 

container scheduling remains a crucial challenge due to dynamic workload conditions, 

heterogeneous resource availability, Quality of Service (QoS) needs, and increasing energy 

consumption concerns. Traditional container scheduling strategies such as Spread, Binpack, 

and Random are basically depends on static heuristic-based scheduling approaches and not able 

to adapt effectively to dynamic conditions. These limitations motivated the development of an 

intelligent scheduling framework capable of making adaptive deployment decisions based on 

both resource-aware and application-aware parameters. 

 

This research proposed a Multi-Criteria Scheduling of Containerized Microservices using 

Reinforcement Learning (MCSCM-RL) scheduling framework for Docker Swarm 

environments. The proposed framework integrates multi-criteria decision-making and Deep 

Reinforcement Learning techniques for intelligent and adaptive scheduling of containerized 

microservices. An advanced scheduling framework was developed with considerations of 

resource performance indicators like CPU utilization, memory utilization, container count, and 

application performance indicators like startup time, response time. A multi-criteria node-

ranking mechanism based on the relative closeness was implemented to evaluate the suitability 

of worker nodes for the deployment of the containerized microservice. Additionally, a Deep Q-

Network based reinforcement learning agent was integrated into the scheduling framework to 

enable adaptive node selection based on dynamic cluster conditions. 

 

A complete experimental environment was established using a Docker Swarm cluster 

consisting of one manager node and two worker nodes deployed on Ubuntu virtual machines. 

A CPU-Intensive microservices were developed, deployed, pushed on docker hub repository 

and used as workloads for evaluating performance of container scheduling mechanisms. 
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Resource metrics and application metrics were continuously monitored and logged using 

custom monitoring scripts and performance measurement modules.  

 

The experimental results demonstrated that the proposed MCSCM-RL framework effectively 

improved container scheduling performance by dynamically adapting deployment decisions 

according to real-time resource conditions and application needs. Compared to default Docker 

swarm container scheduling strategies, the proposed scheduler achieved better workload 

distribution, improved resource utilization, minimum startup time, lower response time. It 

offers enhanced QoS and more balanced utilization of cluster resources. The research 

demonstrates that intelligent scheduling approach, which can effectively balance performance 

optimization and energy efficiency, which is increasingly important for modern cloud 

datacentres and large-scale systems. Overall, the proposed MCSCM-RL scheduling framework 

offers a promising step toward the realization of self-adaptive and intelligent cloud 

orchestration systems capable of meeting the performance, scalability, and sustainability 

requirements of next-generation cloud-based applications. 

 

The current research work has been evaluated on a relatively small-scale Docker swarm cluster 

and focused on a specific set of resource and application-level metrics. Future research can 

extend the proposed framework to large-scale cloud environments and container orchestration 

platforms such as Kubernetes to evaluate its scalability, robustness, and adaptability under 

diverse workload situations. In addition, the proposed scheduling framework can be enhanced 

by integrating additional scheduling parameters such as network latency, bandwidth utilization, 

service dependencies, and workload prediction. Future work may also investigate the 

applicability of this scheduling framework in edge computing or multi-cloud environments. The 

integration of security-oriented scheduling mechanisms could further enhance the reliability of 

cloud-based infrastructures.  
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