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Abstract - Container scheduling is a key issue in cloud computing, as it determines where and how containers are run to optimize 

performance and resource utilization. However, a notable gap remains in research, particularly in exploring specific scheduling 

parameters that could lead to more effective solutions. In this research, discuss the problem of container scheduling and identify 

underexplored factors that influence scheduling efficiency and costs. This study comprises a comprehensive literature review, a 

comparison of the proposed method with existing approaches, and experimental validation using a standard data set and a 

newly introduced approach to achieve an effective container scheduling solution. The results highlight the potential of the 

proposed approach to improve scheduling strategies in containerized environments. 
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1. Introduction  
In today's era, virtualization is crucial because it offers 

many benefits-storage, computing, resource utilization, cost-

effectiveness, scalability, etc. But virtualization has some 

disadvantages, such as performance overhead, high resource 

consumption, slower boot times, and inefficiencies for 

microservices. The newly developed container technology 

overcomes these disadvantages. Container technology is an 

emerging technology that helps solve many problems in 

computing tasks. It helps with fast deployment and startup, 

practical resource utilization, easy rollback, version control, 

etc [1]. In container scheduling, the main challenge is 

scheduling a node upon arrival while maintaining resource 

utilization and improving efficiency. To solve this problem, 

the most popular approach identifies four methods, each using 

a variety of parameters [2]. These four methods are 

mathematical, heuristic, meta-heuristic, and machine learning 

[3]. However, none of the previous studies tested all the 

parameters together, and some were rarely used. In this 

research, the authors first replicated existing methods and then 

introduced a new algorithm that integrates a heuristic 

approach with machine learning techniques to achieve 

improved results and performance. The findings indicate that 

the proposed method enhances efficiency and effectiveness 

more than previously established approaches [4]. 

2. Related Work  
The above study identifies the most relevant research 

papers, review articles, and publications from well-known 

journals between 2017 and 2025. In those papers, it is found 

that Kubernetes, an open-source native cloud platform, is now 

offered as a managed service by almost all major cloud 

providers [5]. However, these services primarily focus on 

simplifying the control plane through user-friendly interfaces, 

rather than enhancing overall system performance. Most 

optimization efforts are driven by cloud-specific interests, 

such as replacing default Kubernetes components with 

proprietary solutions, such as cloud-native load balancers or 

storage systems. Since most of a cloud provider's revenue 

comes from computing resources, there is little financial 

incentive for them to optimize these components, as doing so 

could ultimately reduce their profits [6].  

According to exploration, all major cloud providers 

(Google Cloud, AWS, Azure) offer only two scheduling 

strategies: Default (random spread) and bin-packing (an 

optional strategy). According to the Kubernetes 

documentation, these scheduler strategies were added very 

recently, as recently as 2016 [7]. Although Kubernetes 

provides a mechanism for extending its scheduler, very little 

research has been done in this area [8]. Some cloud providers, 

such as Google Cloud, have recently added autopilot offerings 

in which they manage compute resources and charge users 

extra for that [9]. If it could optimize the Kubernetes 

scheduling component with a better and more efficient 

algorithm, it could easily reduce the cost of computing 

resources for the actual workload [10]. Based on the literature 

review, this research paper aims primarily to demonstrate that 

http://www.internationaljournalssrg.org/
http://www.internationaljournalssrg.org/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Vidhi Sutaria & Dharmendra Bhatti / IJETT, 74(3), 129-140, 2026 

 

130 

multiple domains are available for exploration, including 

application, scheduling, clustering, and infrastructure [11]. 

However, according to a review of various standard 

conference and journal papers, the scheduling domain has 

been less explored [12]. The study aims to identify the 

behavior of the default scheduler and adjust parameters such 

as resource utilization and cost to improve scheduling 

efficiency. The proposed algorithm demonstrates better 

performance than the existing scheduler in both resource and 

cost parameters [13]. 

3. Paper Organization 
The structure of this research paper is organized as 

follows. Section 1 provides an introduction to the topic. 

Section 2 presents the related work, and Section 3 outlines the 

overall organization of the paper. Section 4 discusses the 

existing work in this domain. Section 5 introduces the 

proposed flow diagram for implementation, and Section 6 

describes the experimental setup and data set specifications in 

detail. Section 7 reports on the experiments conducted and the 

corresponding results, followed by a summary. The 

concluding section compares existing and proposed 

approaches and outlines potential directions for future work. 

4. Existing Work 
Based on a review of standard journals, conference 

papers, and proceedings papers from the last 9 years, 

significant research gaps have been identified in the 

scheduling domain compared to other areas of Kubernetes 

research [14]. The focus of the study is on optimizing 

container scheduling strategies used to schedule containers in 

a Kubernetes cluster. To optimize scheduling, four primary 

methods are identified: Mathematical, Heuristic, Meta-

Heuristic, and Machine learning [15].  

But different research papers have implemented each 

methodology individually; none have combined these 

techniques. Based on the parameters of the existing methods, 

the study found that optimizing resource comprehensiveness 

in the cloud -specifically CPU and memory - can reduce the 

overall cost of cloud utilization [16]. So, this research focuses 

on optimizing the default Kubernetes algorithm for resources 

such as CPU and memory, resulting in optimization of cost [2, 

17]. 

4.1. Block Diagrams of Existing Work 
Figure 1 shows the container scheduling flow in 

Kubernetes, highlighting the complete sequence of the 

existing scheduling cycle. When a new pod requests 

execution, it first enters the scheduling queue, as shown in 

Figure 3.  

The pod then undergoes a sorting phase, detailed in 

Figure 4. After sorting, it proceeds to the scheduling cycle, as 

shown in Figure 2. Finally, the pod enters the binding phase, 

as shown in Figure 8. 

 
Fig. 1 Flow diagram of existing work [18] 

 
Fig. 2 Scheduling cycle 

Figure 2 presents a detailed diagram of the scheduling 

cycle. The process begins with a prefilter stage, where the 

basic conditions of each node are evaluated. Nodes that pass 

this check move to the filter stage, where inappropriate nodes 

are removed based on scheduling requirements [19]. If no 

nodes qualify, the post-filter stage is triggered, which in turn 

triggers autoscaling, an internal Kubernetes mechanism that 
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cannot be altered [20]. Once filtering is complete, each 

eligible node is assigned a score, and the scores are 

normalized. The highest-scoring node is then reserved, 

allowing the pod to be scheduled on it [3]. In the figure above, 

some blocks are highlighted in green, indicating that these 

parameters can be used to modify the scheduling algorithm to 

optimize. Figure 3 illustrates the process of entering and 

scheduling within a queueing system. Initially, a request is 

generated to get into the queue. Upon activation, the request 

is organized within the queue for further processing. 

 
Fig. 1 Block diagram of the queuing cycle 

Once a pod is queued for scheduling, each queue can be 

sorted according to various sorting algorithms, such as priority 

sorting, First Come First Serve, Quick sort, and Bubble sort 

[21]. As shown in Figure 4, among these, priority and FCFS 

are the most commonly used queuing algorithms [22]. In the 

proposed solution, FCFS scheduling will be considered for 

queuing. Other parameters for the sorting cycle can be 

regarded as quality of service class and co-scheduling. But 

these parameters are now not considered in this research. 

 
Fig. 4 Parameters of sorting 

Kubernetes supports creating different filtering 

algorithms that can be applied during scheduling. The filter 

can be based on CPU requests, memory requests, node type, 

specific labels, availability zones, or storage requirements 

[23]. Figure 5 illustrates the filtering parameters used in the 

proposed algorithm (indicated by green boxes), while the 

parameters that could be included but are excluded due to their 

minimal impact are shown in red boxes [19]. 

 
Fig. 5 Parameters of filtering 

Once the filter stage is completed, the next stage in the 

scheduling lifecycle will be the scoring stage. In this stage, all 

nodes that have passed the filter criteria will be scored using a 

scoring algorithm [24]. Scoring parameters are CPU 

availability, Memory availability, container image 

availability, preemptibitity, and storage availability. Among 

these, all CPU and memory availability is considered. 

 
Fig. 6 Parameters of scoring 

Figure 6 shows the criteria used to determine the score. 

Any custom algorithm can be added to Kubernetes to define 

this stage [25]. As the scoring stage can have multiple 

parameters, the next stage in the lifecycle is the normalization 

of these scores [26]. It can be done in various ways, as shown 

in Figure 7. The most common normalization algorithm used 
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is weighted normalization [27]. In addition, custom logic, the 

simple summation method, and the average method can also 

be used for weight calculation. 

 
Fig. 7 Options for normalization of score 

 
Fig. 8 Diagram of binding cycle [29] 

After filtering and scoring, the node with the highest score 

is selected to host the pod, as shown in Figure 8. The binding 

cycle consists of multiple stages, including WaitOnPermit, 

PreBind, Bind, and PostBind [12]. Kubernetes defines all 

these stages, and it will not be possible to extend them using 

the default Kubernetes lifecycle [28]. 

The above section outlines Kubernetes operation and 

execution flow, providing a detailed explanation of how new 

pod requests are scheduled.  

The subsequent section presents the proposed flow 

diagram and the corresponding experiment design and its 

results and analysis. 

5. Proposed Flow Diagram  

 
Fig. 9 Diagram of proposed work 

To address the research objective, the authors present the 
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input lists of nodes (N) and pods (P), after which the pods are 

sorted by priority [30]. Once sorted, the algorithm assigns 

nodes to each pod and applies a filtering function to eliminate 

those that do not meet the requirements [31]. After filtering, a 

scoring mechanism, along with node weights, is used to 

evaluate each remaining node. 

In the final stage, the node with the highest score is 

selected to schedule the pod, and the system updates the 

available resources accordingly. If any pods remain 

unscheduled, the algorithm continues to iterate through the 

remaining nodes and repeats the cycle [32]. In general, the 

proposed approach efficiently schedules pods while 

optimizing resource utilization, with a particular focus on cost 

and CPU consumption as key resource factors [33]. 

6. Experiment Setup and Dataset Specification 
During the implementation phase, the Kubernetes cluster 

was constructed, consisting of 8 compute nodes, each 

equipped with 8 CPU cores and 16 GB of memory. For storage 

requirements, 100GB of persistent volume storage was 

attached to each node. To simulate real-world dynamic load 

generation, the load is generated in the same sequence as it is 

deployed in the actual use case [34]. Each pod definition file 

contains the maximum number of CPUs it is allowed to use 

(Limit) and the number of CPUs it requires as dedicated 

resources (Requests). To maximize scheduling, the dataset has 

a maximum of 64 (63.75) CPU requests, equal to the total 

CPU available in the cluster. In this experiment, two of the 

most commonly used Kubernetes scheduling algorithms [35] 

were applied. The CPU and Memory requested for each pod 

definition are given in Table 1. To simulate results, first create 

nodes in the simulator using the Add New Nodes option. Table 

1 describes the data set specification, which represents the 

workload name, CPU, and memory request and limit. This 

data set is available on GitHub at the following link: 

https://github.com/shahparth123/kubernetes-scheduling-

dataset. 

Table 1. Data set specification 

Workload Name CPU Req Memory Req CPU Limit Memory Limit 

platform-core-api 3 6 4 8 

platform-data-api 2 4 4 8 

platform-object-api 4 8 4 8 

platform-core-api-kafka 1 1 1 1 

platform-core-api-kafka-zoo 0.256 0.256 0.256 0.256 

platform-data-api-kafka 1 1 1 1 

platform-data-api-kafka-zoo 0.25 0.25 0.256 0.256 

platform-object-api-kafka 1 1 1 1 

platform-object-api-kafka-zoo 0.25 0.25 0.256 0.256 

platform-core-api-mongodb 2 4 2 4 

platform-data-api-mongodb 2 4 2 4 

platform-object-api-mongodb 6 12 6 12 

platform-object-api-postgres 4 8 4 8 

platform-data-api-postgres 2 2.5 2 2.5 

redis-master 4 8 6 12 

redis-replica 3 6 3 6 

keycloak 2 4 2 4 

platform-core-api-r1 3 6 2 2.5 

platform-data-api-r1 2 4 3 6 

platform-object-api-r1 4 8 4 8 

platform-core-api-r2 3 6 4 8 

platform-data-api-r2 2 4 4 8 

platform-object-api-r2 4 8 4 8 

platform-object-api-r3 4 8 4 8 

platform-object-api-r4 4 8 4 8 

The above section discusses the dataset specifications. 

This dataset is a real cluster specification published as open 

source by a well-known cloud-based company. 

It includes detailed information on memory and CPU 

usage, their respective limits, and the corresponding node 

names. 

7. Experiment and Results 
In this section, the default algorithm and the most and 

least allocation-based scheduling algorithms are applied to the 

given data set [36]. 

The results of these three algorithms were then compared 

and analysed. In this research, all experiments were conducted 
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on the KubeSim simulator version 0.3.0, which provides the 

same experimental environment as Kubernetes. 

7.1. Default Scheduling Algorithm of Kubernetes 

7.1.1. Aim: To schedule a pod on the default scenario of 

Kubernetes.  

In this experiment, the default Kubernetes scheduling 

algorithm was used, where all plugins are disabled. As a result, 

Kubernetes schedules pods based on its basic random 

scheduling mechanism [37]. 

The primary limitation of random scheduling is that it 

often results in inefficient resource use. Since nodes are 

selected randomly, there is a greater chance that CPU and 

memory resources are wasted or unevenly utilized [38]. This 

lack of resource awareness makes random scheduling non-

optimal and unsuitable for real-world production systems, 

where efficiency and balanced resource allocation are crucial.  

7.1.2. Observations 

Based on the observation, the default Kubernetes 

scheduler assigns workloads to nodes in a random, non-

optimized manner. It does not check how much CPU or 

memory a node is already using before assigning new tasks. 

As a result, some nodes end up carrying more load than they 

can handle, with their resource usage even exceeding 100\%. 

The observation table for the default scheduling algorithm is 

shown in Table 2. 

Table 2. Observation table of the default algorithm 

Node CPU Memory CPU Used Memory Used CPU Util. (%) Memory Util. (%) 

1 8 16 10.25 20.25 128.13 126.56 

2 8 16 4.25 7.25 53.13 45.31 

3 8 16 9 17 112.50 106.25 

4 8 16 4.25 8.25 53.13 51.56 

5 8 16 20 40 250.00 250.00 

6 8 16 4 8 50.00 50.00 

7 8 16 9 15.5 112.50 96.88 

8 8 16 3 6 37.50 37.50 

Total 64 128 63.75 122.25 - - 

 
Table 3. Result of the default algorithm 

Workload CPU Req Mem Req Schedule Node 

platform-core-api 3 6 Yes 8 

platform-data-api 2 4 Yes 4 

platform-object-api 4 8 Yes 1 

platform-core-api-kafka 1 1 Yes 7 

platform-core-api-kafka-zoo 0.25 0.25 Yes 4 

platform-data-api-kafka 1 1 Yes 3 

platform-data-api-kafka-zoo 0.25 0.25 Yes 2 

platform-object-api-kafka 1 1 Yes 2 

platform-object-api-kafka-zoo 0.25 0.25 Yes 1 

platform-core-api-mongodb 2 4 Yes 7 

platform-data-api-mongodb 2 4 Yes 4 

platform-object-api-mongodb 6 12 Yes 5 

platform-object-api-postgres 4 8 Yes 3 

platform-data-api-postgres 2 2.5 Yes 7 

redis-master 4 8 Yes 5 

redis-replica 3 6 Yes 5 

keycloak 2 4 Yes 5 

platform-core-api-r1 3 6 Yes 2 

platform-data-api-r1 2 4 Yes 1 

platform-object-api-r1 4 8 Yes 1 

platform-core-api-r2 3 6 Yes 5 

platform-data-api-r2 2 4 Yes 5 

platform-object-api-r2 4 8 Yes 6 

platform-object-api-r3 4 8 Yes 3 

platform-object-api-r4 4 8 Yes 7 
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In the Result table, clearly mention that the default 

algorithm unscheduled the nodes. It exceeds the limit for CPU 

and memory, but it cannot schedule the nodes.  

7.2. Least Allocated Node Scheduling Algorithm 

7.2.1. Aim: To schedule a pod on the least allocated node of 

Kubernetes.  

In this experiment, a least-allocated node scheduling 

algorithm will be used to schedule pods. In which a pod is 

allocated to a node that has the least resource utilization, 

resulting in the minimum use of memory and CPU resources 

[4]. This algorithm also balances resource utilization between 

nodes [39]. 

7.2.2. Observations 

According to the observation, every node is scheduled 

based on the least memory and resource usage. First, it applies 

filters to determine which nodes can have resources beyond 

what the pod requests for scheduling. After that, it will use the 

scoring to find the best-fitted node among all.  

The node’s scoring will be based on the resources 

available on the node. The node with the maximum score will 

be chosen for scheduling. Then the binding cycle will actually 

schedule a pod on the selected node for execution [40]. 

Table 4. Observation table of the least allocated node scheduling algorithm 

Node CPU Memory CPU Used Memory Used CPU Util. (%) Memory Util. (%) 

1 8 16 5.00 10.00 62.50 62.50 

2 8 16 6.00 12.00 75.00 75.00 

3 8 16 5.25 10.25 65.63 64.06 

4 8 16 7.00 13.00 87.50 81.25 

5 8 16 8.00 13.50 100.00 84.38 

6 8 16 8.00 16.00 100.00 100.00 

7 8 16 5.50 10.50 68.75 65.63 

8 8 16 7.00 13.00 87.50 81.25 

Total 64 128 51.75 98.25 - - 

Un-scheduled - - 12.00 24.00 - - 

 
Table 5. Result of the least allocated node scheduling algorithm 

Workload Name CPU Request Memory Request Scheduled Allocated on Node 

platform-core-api 3 6 Yes 1 

platform-data-api 2 4 Yes 2 

platform-object-api 4 8 Yes 6 

platform-core-api-kafka 1 1 Yes 4 

core-api-kafka-zoo 0.26 0.26 Yes 7 

data-api-kafka 1 1 Yes 8 

data-api-kafka-zoo 0.25 0.25 Yes 3 

object-api-kafka 1 1 Yes 5 

object-api-kafka-zoo 0.25 0.25 Yes 7 

core-api-mongodb 2 4 Yes 3 

data-api-mongodb 2 4 Yes 7 

object-api-mongodb 6 12 Yes 8 

object-api-postgres 4 8 Yes 4 

data-api-postgres 2 2.5 Yes 5 

redis-master 4 8 Yes 2 

redis-replica 3 6 Yes 3 

keycloak 2 4 Yes 5 

core-api-r1 3 6 Yes 7 

data-api-r1 2 4 Yes 1 

object-api-r1 4 8 Yes 6 

core-api-r2 3 6 Yes 5 

data-api-r2 2 4 Yes 4 

object-api-r2 4 8 No - 

object-api-r3 4 8 No - 

object-api-r4 4 8 No - 
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As a result of the least allocation, unscheduled CPU was 

12 and memory was 24, which was clearly shown in the result 

table and was better than the default algorithm. 

7.3. Most Allocated Node Scheduling Algorithm 

7.3.1. Aim: To Schedule a Pod on the Most Allocated Node of 

Kubernetes 

In this experiment, the most-allocated-node scheduling is 

used to schedule pods. In which pod will the node be that has 

the maximum utilization of memory and CPU [41]. It will first 

filter nodes that meet the requested resources.  

After that, it will assign each node a score based on its 

utilization. The Highest utilized node will get a higher score. 

Then select the node with the highest score assigned to the pod 

for execution [42]. As this algorithm tries to focus on 

maximizing utilization on any available node first before 

selecting the next node, this algorithm is also known as the 

bin-packing algorithm. 

7.3.2. Observations 

As a result of most allocations, unscheduled CPU was 4 

and memory was 8, which was clearly shown in the result table 

and was better than the default algorithm and the least 

allocation algorithm. According to the observation, every 

node is scheduled based on the highest memory and resource 

usage. First, it applies filters to determine which nodes will 

serve as the go-to for scheduling. After that, it will use the 

scoring to find the worst-fitting node. Then, it goes for the 

binding cycle [43]. 

Table 6. Observation table of the most allocated node scheduling algorithm 

Node CPU Memory CPU Used Memory Used CPU Util. (%) Memory Util. (%) 

1 8 16 7.75 12.75 96.88 79.69 

2 8 16 8.00 16.00 100.00 100.00 

3 8 16 7.00 14.00 87.50 87.50 

4 8 16 8.00 16.00 100.00 100.00 

5 8 16 8.00 14.50 100.00 90.63 

6 8 16 7.00 13.00 87.50 81.25 

7 8 16 6.00 12.00 75.00 75.00 

8 8 16 8.00 16.00 100.00 100.00 

Total 64 128 59.75 114.25 - - 

Unscheduled - - 4.00 8.00 - - 
 

Table 7. Result of the most allocated scheduling algorithm 

Workload Name CPU Request Memory Request Scheduled Allocated on Node 

platform-core-api 3 6 Yes 1 

platform-data-api 2 4 Yes 1 

platform-object-api 4 8 Yes 6 

platform-core-api-kafka 1 1 Yes 1 

platform-core-api-kafka-zoo 0.256 0.256 Yes 1 

platform-data-api-kafka 1 1 Yes 1 

platform-data-api-kafka-zoo 0.25 0.25 Yes 1 

platform-object-api-kafka 1 1 Yes 6 

platform-object-api-kafka-zoo 0.25 0.25 Yes 1 

platform-core-api-mongodb 2 4 Yes 6 

platform-data-api-mongodb 2 4 Yes 8 

platform-object-api-mongodb 6 12 Yes 8 

platform-object-api-postgres 4 8 Yes 5 

platform-data-api-postgres 2 2.5 Yes 5 

redis-master 4 8 Yes 3 

redis-replica 3 6 Yes 3 

keycloak 2 4 Yes 5 

platform-core-api-r1 3 6 Yes 2 

platform-data-api-r1 2 4 Yes 2 

platform-object-api-r1 4 8 Yes 7 

platform-core-api-r2 3 6 Yes 2 

platform-data-api-r2 2 4 Yes 7 

platform-object-api-r2 4 8 No 4 

platform-object-api-r3 4 8 No 4 

platform-object-api-r4 4 8 No - 
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8. Summary of Results 
In all three algorithms, the default algorithm, which turns 

off all plugins and schedules the node at random, resulted in 

allocating more than 100% of the available resources, which 

is not suitable for real-world scenarios [44]. In the least-

allocated and most-allocated algorithm scenarios, it finds the 

node with the most resources for the given request before 

actually scheduling, preventing resource over-allocation. In 

the least-fitted scenario, there will be 12 CPUs and 24 GB of 

Memory additionally required, while in the most-fitted 

scenario, only 4 CPUs and 8 GB of Memory will be 

additionally needed [45]. 

 

 
Fig. 10 Resource efficiency by algorithms 

 
Fig. 11 Resource utilization by algorithms 

So, according to the analysis above, the results of the most 

allocated node provide the most significant benefits by 

improving resource efficiency while preventing over-

allocation. In the next section, describe the conclusion and 

future scope based on the analysis and observations of the 

experimental results. 

9. Conclusion and Future Work 
This paper presents an efficient scheduling algorithm 

designed for node-level resource management. This proposed 

algorithm has been compared with different algorithms using 

a publicly available data set. This algorithm has been 

evaluated on the basis of various parameters, including RAM 

and CPU requests and usage. According to the results, the 

algorithm that allocates the most nodes outperforms both the 

default algorithm and the algorithm that assigns the fewest 

nodes. In this study, only CPU and RAM are considered main 

parameters. However, other resources, such as the network 

and I/O, can also be added in future research for additional 

efficiency. In future studies, the authors plan to examine these 

63.75
59.75

51.75

4
12

0

10

20

30

40

50

60

70

Default Most Allocated Least Allocated

C
P

U
 C

o
re

s

Resource Efficiency: Used vs. Unscheduled CPU

Successfully Used CPU Unscheduled/Wasted CPU

0

50

100

150

200

250

300

N1 N2 N3 N4 N5 N6 N7 N8

C
P

U
 U

ti
li

za
ti

o
n

 (
%

)

Node ID

Node CPU Utilization by Algorithm
Default (Random) Least Allocated (Spread)

Most Allocated (Pack) Max Capacity (100%)



Vidhi Sutaria & Dharmendra Bhatti / IJETT, 74(3), 129-140, 2026 

 

138 

factors and formulate an optimal algorithm by introducing 

multiple machine learning techniques into the scheduling 

algorithm. According to the result, the proposed scheduling 

algorithm gives a better result than the default algorithm. This 

algorithm has been considered by various parameters, such as 

the RAM request, CPU request, RAM used, and CPU used. In 

this study, only CPU and RAM are considered. However, 

there are still other resources that must be considered, such as 

the network, IO, etc. In our future work, we will consider these 

factors. We will also develop a suitable algorithm by merging 

a single technique as a machine learning technique. 
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