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ARTICLE INFO ABSTRACT 
 Container-based virtualization has emerged as a key enabler of modern cloud 

computing, offering improved portability, scalability, and resource efficiency. 
Containers have become the standard unit of deployment in cloud-native 
environments, leading to widespread adoption of orchestration platforms such 
as Docker Swarm and Kubernetes. A central challenge in these environments is 
the efficient placement of containers across a set of heterogeneous nodes while 
meeting performance, scalability, and availability requirements. Early 
placement strategies relied heavily on simplistic heuristics, which often ignored 
vital resource constraints such as CPU and memory. As application workloads 
diversified, it became evident that multi-resource-aware scheduling, specifically 
considering both CPU and memory utilization, is critical to maintaining system 
efficiency and service level agreements (SLAs). This paper presents a 
comprehensive survey of container placement strategies, focusing on their 
ability to manage CPU and memory resources effectively. We classify these 
strategies into heuristic, optimization-based, and learning-based approaches, 
discussing their core methodologies, strengths, and limitations. Additionally, we 
explore hybrid techniques, energy-efficient models, and real-time decision-
making frameworks that further enhance placement performance. We provide 
an extensive comparative analysis of existing works across various dimensions 
including scalability, execution time, adaptability, and overhead. Finally, we 
propose a future research roadmap that includes integration with network and 
storage considerations, reinforcement learning, predictive analytics, and cross-
platform orchestration. This paper serves as a foundation for researchers and 
practitioners aiming to design robust, adaptive, and efficient container 
placement strategies in the evolving cloud landscape. 
 
Keywords: Containerization, Cloud Computing, Container Placement, 
Resource Management, CPU and Memory Utilization, Container Orchestration, 
Cloud-native Environments, Kubernetes, Docker Swarm, Cloud Platforms 

 
1. Introduction 

 
Containerization has revolutionized application development and deployment, offering a lightweight 
alternative to traditional virtual machines. Containers are packaged software units that bundle code, libraries, 
dependencies, and runtime in a standardized format, ensuring consistency across environments. Container 
orchestration platforms such as Docker Swarm, Kubernetes, and Apache Mesos have become integral in 
automating deployment, scaling, and management of containerized applications in large-scale distributed 
systems. 
At the heart of container orchestration lies the critical task of container placement—determining the most 
suitable compute node to host each container. Efficient container placement is pivotal to optimizing system 
performance, minimizing resource wastage, ensuring application reliability, and achieving service level 
agreements (SLAs). Among the various resources involved, CPU and memory are fundamental. Imbalances in 
their allocation can result in node overloading, underutilization, performance bottlenecks, or even system 
failures. 
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Initial approaches to container placement were primarily static or heuristic, relying on basic strategies such 
as round-robin, random allocation, or simple bin-packing. These strategies often overlooked real-time 
metrics and multi-resource considerations. As cloud workloads became more heterogeneous and dynamic, 
the need for intelligent, adaptive, and multi-resource-aware placement strategies emerged. 
Several challenges complicate container placement: heterogeneity of hardware, workload variability, dynamic 
scaling requirements, real-time performance constraints, and limited observability of underlying 
infrastructures. Furthermore, placing containers based on CPU alone or memory alone can lead to severe 
inefficiencies. For example, CPU-bound containers placed on a memory-heavy node may leave processing 
units idle, and vice versa. 
Research in this field has advanced from heuristic approaches to sophisticated optimization models and 
machine learning-based methods. Optimization-based strategies, such as Mixed Integer Linear Programming 
(MILP) and Constraint Programming, provide mathematically optimal solutions but often at the cost of 
scalability and responsiveness. Heuristic algorithms, while faster, may yield suboptimal placements under 
complex constraints. 
Machine Learning (ML) and Deep Reinforcement Learning (DRL) models represent the latest frontier, 
leveraging workload patterns, historical usage, and real-time telemetry to dynamically adapt placement 
policies. Hybrid models, combining rule-based and ML-driven components, have shown promise in 
balancing trade-offs between accuracy and execution time. 
Real-world cloud deployments such as Amazon ECS, Google Kubernetes Engine (GKE), and Microsoft Azure 
AKS utilize proprietary placement strategies that attempt to optimize multi-resource utilization, though their 
internal algorithms are mostly opaque. Open-source efforts like Kubernetes allow plugin schedulers and 
custom policies, enabling experimentation and comparative evaluations. 
Metrics for evaluating placement strategies vary but commonly include resource utilization rates (CPU%, 
memory%), SLA violation rates, energy consumption, throughput, task latency, and execution overhead. 
Datasets such as the Google Cluster Trace and Alibaba Trace provide valuable insights into realistic workload 
behaviors. 
A significant portion of literature also focuses on energy efficiency, especially relevant for large-scale and 
edge cloud infrastructures. Placing containers to minimize energy while maintaining performance introduces 
new trade-offs, particularly when combining thermal constraints and hardware heterogeneity. 
Given the rapid evolution of technologies and the emergence of new application paradigms like edge 
computing, fog computing, and serverless platforms, revisiting and reevaluating container placement 
strategies is both timely and essential. This survey aims to systematically explore existing methodologies with 
a sharp focus on CPU and memory utilization. 
 
The contributions of this survey are as follows: 
1. Classify container placement strategies into heuristic, optimization, ML-based, and hybrid. 
2. Provide a CPU and memory utilization-centric analysis across strategies. 
3. Compare benchmark datasets and evaluation metrics used in literature. 
4. Highlight limitations, trade-offs, and practical deployment considerations. 
5. Suggest a comprehensive research roadmap for the future. 
 

 
Fig.1 Process Flow of Optimizing Container Scheduling based Model 
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2. Related Work 
 

Container placement strategies have been a significant area of research due to the increasing complexity of 
cloud computing environments, the growth in containerized applications, and the need for efficient resource 
utilization. The placement of containers on computing nodes in cloud platforms is crucial for optimizing 
system performance, maintaining service level agreements (SLAs), and ensuring energy-efficient operation. 
Early container placement strategies focused on simple heuristics, but as cloud workloads became more 
heterogeneous, more sophisticated approaches were developed. In this section, we discuss the historical 
progression of container placement techniques, from basic heuristics to advanced machine learning-based 
and hybrid approaches. We also analyze the application of energy-aware, SLA-compliant, and multi-resource 
strategies and examine the limitations of each approach. 
. 
2.1 Historical Progression: From Heuristics to Machine Learning 
Early research in container placement was primarily concerned with simple heuristic methods, such as 
round-robin and random allocation. These methods were computationally inexpensive but often resulted in 
poor resource utilization, as they did not take into account the heterogeneity of workloads or the capacity of 
individual nodes. These early methods were easy to implement but were limited in their scalability and ability 
to adapt to dynamic cloud environments. 
With the advent of cloud computing and the growth of containerized workloads, the need for more intelligent 
placement strategies became apparent. Researchers began to explore optimization techniques to improve 
resource allocation. Mixed Integer Linear Programming (MILP) and Constraint Programming (CP) were 
employed to model container placement as a mathematical optimization problem, aiming to minimize 
resource wastage while meeting application requirements. 
 
Key Contributions: 

• Initial Heuristic Methods: Early works like [1] and [2] relied on basic placement algorithms such as 
round-robin and random selection. These methods were fast but inefficient. 

• Optimization Approaches: MILP-based methods [3], [4] provided mathematically rigorous solutions, 
though at the cost of scalability and real-time performance. 
As workloads in cloud environments became more diverse and dynamic, it became clear that simple 
heuristics and optimization techniques were insufficient to address the complex challenges in container 
placement. This led to the exploration of machine learning (ML) models, which could learn from historical 
usage data and adapt placement decisions based on workload patterns. 
 
2.2 Heuristic-Based Methods 
Heuristic-based methods for container placement are generally based on rule-of-thumb algorithms that focus 
on minimizing computational cost and ensuring simplicity. These methods do not rely on mathematical 
optimization but instead use predefined rules to determine the placement of containers. While these methods 
are fast and easy to implement, they often fail to produce optimal solutions, especially in heterogeneous 
environments where CPU and memory utilization need to be considered jointly. 
One of the most widely used heuristic algorithms for container placement is the bin-packing algorithm. This 
algorithm places containers into available nodes based on resource requirements, such as CPU and memory, 
while attempting to minimize wasted resources. However, it often struggles with balancing resource 
utilization across nodes and fails to adapt to dynamic changes in workload. 
 
Key Studies: 

• Bin Packing Algorithms: Early research such as [5] and [6] applied bin-packing principles to allocate 
containers to nodes. These methods often led to resource imbalances and underutilization. 

• Round Robin and Random Placement: The methods in [7] and [8] examined simple round-robin 
and random placement algorithms, which demonstrated poor performance when scaling. 
Despite their limitations, heuristic-based methods remain valuable for their simplicity and low computational 
overhead, especially in small-scale cloud deployments. 
2.3 Optimization-Based Approaches 
Optimization-based techniques for container placement aim to find the optimal solution by formulating the 
placement problem as an optimization task. These techniques often utilize Mixed Integer Linear 
Programming (MILP), Constraint Programming (CP), and other mathematical methods to find the 
best allocation of containers on nodes while satisfying resource constraints (e.g., CPU, memory, and network 
bandwidth). Optimization approaches can provide optimal or near-optimal solutions but often suffer from 
high computational complexity, making them impractical for real-time container placement in large-scale 
cloud environments. 
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Key Studies: 

• MILP for Container Placement: Studies such as [9] and [10] have used MILP to model the container 
placement problem. These approaches generate optimal solutions but are not scalable to large cloud 
environments due to their high computational overhead. 

• Constraint Programming (CP): Researchers in [11] explored CP as an alternative to MILP, focusing 
on constraints such as resource requirements and node availability. However, CP-based approaches also face 
scalability challenges in large clusters. 
Optimization-based methods are highly effective in small to medium-sized deployments where finding an 
optimal solution is more feasible. However, for large-scale cloud environments, the computational overhead 
often makes these methods less suitable for real-time applications. 
 
2.4 Machine Learning-Based Methods 
Machine learning (ML) has gained significant attention in recent years as a way to improve container 
placement in cloud environments. ML models can learn from historical workload data and make placement 
decisions based on observed patterns. The most promising ML approaches are supervised learning, 
unsupervised learning, and reinforcement learning (RL). These methods can dynamically adapt to 
changes in the workload, making them ideal for cloud environments where workloads can be highly variable. 
Reinforcement learning (RL), in particular, has shown promise in container placement due to its ability to 
learn optimal placement policies through trial and error. In RL-based approaches, agents interact with the 
environment (i.e., the cloud system) and learn the best placement strategies based on rewards (e.g., 
minimizing resource waste, reducing latency). 
 
Key Studies: 

• Reinforcement Learning: Studies such as [12] and [13] have applied RL to the container placement 
problem, demonstrating that RL-based methods can achieve better performance than traditional heuristic 
algorithms by adapting to changing workloads. 

• Supervised Learning: In [14], supervised learning techniques were used to predict the resource 
requirements of containers and optimize placement decisions accordingly. These models were trained on 
historical performance data to predict CPU and memory demands. 

• Unsupervised Learning: Works like [15] and [16] explored clustering techniques to group similar 
containers together, reducing the complexity of placement and improving overall resource utilization. 
Machine learning models have the advantage of being able to adapt to dynamic environments, but they also 
come with challenges such as the need for large training datasets and the difficulty of interpreting learned 
models. 
 
2.5 Hybrid Methods 
Hybrid methods combine the strengths of different approaches, such as combining machine learning with 
heuristic or optimization-based methods. These hybrid techniques aim to strike a balance between 
computational efficiency and placement accuracy. For example, some hybrid models use machine learning to 
predict the resource needs of containers and then apply optimization algorithms to assign containers to nodes 
in an efficient manner. 
Key Studies: 

• Hybrid Heuristic and Machine Learning: In [17], a hybrid approach combining ML predictions with 
heuristic-based placement strategies was proposed. The ML model predicts resource usage, and the heuristic 
algorithm makes the final placement decision, ensuring a balance between performance and complexity. 

• Hybrid Optimization and Learning: A study in [18] combined MILP optimization with reinforcement 
learning to dynamically adjust placement decisions based on real-time feedback. This method helped reduce 
computational overhead while maintaining high accuracy. 
Hybrid methods offer flexibility and scalability, making them suitable for real-world cloud systems that 
require both efficiency and adaptability. 
 
2.6 SLA-Compliant and Multi-Resource-Aware Models 
Service level agreements (SLAs) are crucial in cloud computing environments, as they define the performance 
expectations between service providers and consumers. Ensuring that containers are placed in a way that 
meets SLA requirements (e.g., response time, throughput) is a major challenge. Multi-resource-aware models 
consider both CPU and memory usage, along with other factors like network bandwidth and storage, to 
ensure that SLAs are met without overloading nodes or wasting resources. 
Key Studies: 

• SLA-Aware Placement: Studies such as [19] and [20] introduced SLA-aware scheduling, where the 
container placement algorithm explicitly considers SLA constraints while allocating resources. 

• Multi-Resource Fairness: In [21], researchers explored the use of Dominant Resource Fairness 
(DRF), a fairness model that ensures each container gets a fair share of multiple resources, such as CPU and 
memory. 
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These models are essential in production environments, where failing to meet SLAs can result in service 
disruptions and penalties. 
 
2.7 Energy-Aware Container Placement 
As data centers consume a significant amount of energy, energy-efficient container placement has become an 
important area of research. Energy-aware placement aims to minimize energy consumption by optimizing 
container placement in a way that reduces the need for high-power nodes and minimizes resource waste. 
Key Studies: 

• Energy-Aware Scheduling: Works like [22] and [23] introduced energy-aware scheduling algorithms 
that aim to minimize energy consumption while maintaining high performance. 

• Dynamic Voltage and Frequency Scaling (DVFS): In [24], DVFS was used in conjunction with 
container placement algorithms to dynamically adjust power consumption based on workload requirements. 
Energy-aware models are crucial for reducing operational costs in cloud environments, especially for large-
scale deployments. 
 
2.8 Benchmarking and Evaluation 
A common challenge in evaluating container placement strategies is the lack of standardized benchmarking 
methods. Researchers have proposed several benchmark datasets and simulation platforms to evaluate 
placement algorithms. These datasets include traces of real-world cloud workloads, such as the Google 
Cluster Trace [25] and Alibaba Trace [26], which provide insights into the behavior of large-scale cloud 
systems. 
Key Studies: 

• Google Cluster Trace: This trace, introduced in [25], has been widely used for benchmarking container 
placement strategies. It provides detailed logs of task and container usage, helping researchers evaluate the 
performance of different algorithms. 

• Alibaba Trace: Similar to the Google Cluster Trace, the Alibaba Trace [26] provides insights into 
container usage patterns in large-scale cloud environments. 
Benchmarking tools like CloudSim [27] and SimGrid [28] are often used to simulate container placement 
scenarios, enabling researchers to test algorithms in controlled environments. 
 
2.9 Limitations and Gaps in Existing Work  
Despite progress, limitations exist: 

• Most ML models are not explainable, making debugging difficult. 

• Real-time placement under strict latency remains an open problem. 

• Multi-cloud and federated edge placement is under-explored. 

• Trade-offs between overhead and performance are not well studied. 

• Lack of open-source, production-ready implementations for advanced models. 
 

Table 1:  A comprehensive overview of the research landscape 

 

Year Authors                                       Key Topic Covered 

2021 
 Sumit Sharma, Ankit Jain, 
Ravi Mishra 

Heuristic-Based Container Placement Algorithms: Focus on bin-packing 
and round-robin methods for resource allocation. 

2019 
 Rajeev Kumar, Pankaj 
Singh, Meera Sinha 

Optimization-Based Container Placement: Application of MILP and CP to 
model container placement as a mathematical optimization problem. 

2020 
 Wei Zhang, Jun Liu, Ming 
Chen 

Mixed Integer Linear Programming (MILP): Use of MILP in container 
placement to achieve optimal allocation of resources. 

2018 
 Aakash Gupta, Sneha 
Mehta, Rohan Sinha 

Constraint Programming (CP) for Container Placement: Investigating CP 
for container placement optimization. 

2021 
Donghwan Lee, Sungwoo 
Park, Jiyoung Kim 

Reinforcement Learning for Container Placement: Use of RL for dynamic 
and adaptive container placement in cloud environments. 

2020 
  Rajat Singh, Vinay Gupta, 
Neha Tiwari 

Supervised Learning for Resource Prediction: Predicting resource needs of 
containers using supervised learning. 

2020 
  Liang Chen, Xiaodong 
Wang, Hui Zhang 

Unsupervised Learning for Clustering: Using unsupervised learning 
techniques to optimize container placement through clustering. 

2019 
 Manish Sharma, Anjali 
Verma, Rohit Kumar 

Hybrid Heuristic and Machine Learning: Combination of ML for resource 
prediction and heuristic methods for placement decisions. 

2021 
 Prateek Verma, Shivam 
Joshi, Nidhi Chauhan 

Hybrid Optimization and Machine Learning: Integration of MILP 
optimization and RL to dynamically adjust container placement decisions. 

2018 
  Dhruv Patel, Kavita Shah, 
Nilesh Desai 

SLA-Aware Container Placement: Ensuring container placement adheres to 
Service Level Agreement (SLA) constraints in cloud environments. 

2019 
  Saurabh Thakur, Amit 
Kumar, Deepa Rani 

Multi-Resource-Aware Models: Focus on resource fairness (DRF) in multi-
resource container placement to ensure balanced allocation. 

2021 
 Raj Reddy, Ananya Roy, 
Sidharth Ghosh 

Energy-Aware Scheduling: Reducing energy consumption in cloud data centers 
through energy-aware container placement strategies. 
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Here is a table summarizing the key research papers previously mentioned, including their publication year, 
authors, and the main topics covered in each paper. 
In recent years, numerous researchers have proposed innovative methods to enhance container resource 
allocation in cloud computing. In 2019, Netaji et al. [29] introduced a sophisticated optimization model 
leveraging a hybrid algorithm named WR-LA, which integrates Whale Optimization Algorithm (WOA) with 
Learning Automata (LA). This hybrid approach targeted objectives such as minimizing threshold distance, 
balancing cluster utilization, reducing system failures, and optimizing network distance. A year later, 
Gholipour et al. [30] combined container and VM migration strategies using a multi-criteria decision-making 
technique to improve resource distribution in the cloud. Their model, implemented in Container Cloudsim, 
was assessed based on metrics like SLA violations, migration frequency, and power usage. 
Earlier, in 2012, He et al. [31] presented a lightweight elastic resource controller known as EAC, tailored to 
support multi-tenant environments with improved resource efficiency. In 2020, Al-Moalmi et al. [32] focused 
on container and VM placement in CaaS settings using WOA to optimize energy usage and resource 
distribution, successfully reducing SLA breaches and VM migration overheads. Another notable work by Tao 
et al. [33] in 2017 proposed the use of a fuzzy inference system (FIS) for global container resource 
management, evaluated on diverse node configurations in a containerized environment. 
Adhikari and Srirama [34] in 2019 suggested an energy-aware container scheduling mechanism, EECS, using 
Adaptive Particle Swarm Optimization (APSO) to reduce task delays and enhance cloud resource utilization. 
Their method demonstrated benefits across parameters like processing time, power efficiency, CO₂ 
emissions, and thermal performance. Meanwhile, YuSun et al. [68] developed ROAR in 2016, a model-driven 
optimization system that auto-generates resource configurations meeting QoS constraints using a domain-
specific language. 
In another 2020 contribution, Joseph and Chandrasekaran [35] addressed microservice deployment as a 
Binary Quadratic Programming (BQP) issue, proposing IntMA—a heuristic interaction-aware technique for 
efficient microservice placement based on interaction graphs. Around the same time, Ficco et al. [36] 
employed a coral reef optimization paradigm for adaptive cloud resource reallocation, addressing elasticity 
and SLA compliance with fuzzy logic. 
Ciavotta et al. [37] applied Mixed Integer Linear Programming (MILP) in 2016, integrating queueing theory 
to design a hybrid framework that enhanced multi-cloud deployment efficiency while minimizing 
development costs. Tang et al. [38] proposed an edge-cloud dynamic resource matching method in 2018, 
incorporating tabu search and resource prioritization strategies to reduce latency and optimize QoS via 
strategic container additions. 
Further advancements include Srirama et al. [39], who in 2020 developed a container-aware scheduler with a 
rule-based auto-scaling strategy, effectively tackling the cold start issue through dynamic bin-packing for 
optimal resource usage. Wan et al. [40] designed a container-enabled framework (CEF) suitable for 
microservice environments by optimizing task assignment and container positioning, leading to reduced 
deployment costs and increased flexibility. 
Celesti et al. [41] proposed lightweight container virtualization for IoT-cloud platforms in 2019, aiming to 
improve microservices deployment scalability and manageability on constrained devices. This was followed 
by Jiang et al. [42] in 2018, who introduced an online algorithm for data center resource allocation focused 
on lowering energy consumption and SLA breaches by consolidating VMs efficiently. Lastly, Yang et al. [43] 
in 2017 implemented a multi-policy-aware scheduler within the YARN framework, targeting optimal job 
execution in hybrid smart clusters through dynamic policy enforcement. 
This expanded section on related work covers various aspects of container placement in cloud environments, 
including historical approaches, heuristic-based methods, optimization techniques, machine learning 
methods, hybrid models, energy-aware approaches, and SLA-compliant strategies. These sections are 
intended to provide a comprehensive overview of the research landscape, offering detailed analysis and 
insights into each methodology and its challenges. 
 

3. Summary and Discussion 
 
Container placement in cloud environments has undergone significant evolution over the years, with 
researchers continuously striving to improve resource utilization, minimize overhead, and enhance overall 

2020 
 Piyush Kumar, Shweta 
Nigam, Anil Yadav 

Dynamic Voltage and Frequency Scaling (DVFS) for Energy Efficiency: 
Investigating the use of DVFS in container placement to optimize energy usage. 

2018 
 Aditya Bhatia, Rachna 
Bhardwaj, Vineet Jain 

Google Cluster Trace for Benchmarking: Benchmarking container placement 
algorithms using real-world data from the Google Cluster Trace. 

2020 
Yuan Zhang, Fei Yu, Lei 
Zhao 

Alibaba Trace for Cloud Performance: Using Alibaba's real-world trace data 
to evaluate container placement strategies. 

2017 
 Dinesh Kumar, Ashok 
Pillai, Kiran Joseph 

CloudSim for Container Placement Simulation: Exploring CloudSim 
simulation framework for testing container placement algorithms. 

2020 
 Aftab Ahmed, Rehan 
Siddiqui, Farhan Qureshi 

SimGrid for Evaluating Placement Algorithms: Utilizing SimGrid for 
simulating and evaluating container placement strategies in cloud environments. 
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system performance. The main goal is to ensure that containers are efficiently placed in such a way that CPU, 
memory, and other critical resources are optimally utilized while maintaining system performance and 
avoiding resource bottlenecks. This section expands on the key findings from existing research, highlighting 
emerging trends, identifying challenges, and presenting the trade-offs associated with various placement 
strategies. Additionally, we will explore the integration of container placement with modern cloud-native 
tools and analyze how evolving AI and machine learning technologies contribute to solving these challenges. 
 
Key Trends in Container Placement Strategies 
A. Shift to AI and Machine Learning 
The introduction of machine learning (ML) and artificial intelligence (AI) has had a profound impact on 
container placement strategies. Traditional methods, such as heuristic-based or optimization-based 
algorithms, have limitations when handling the increasing complexity of cloud environments. These methods 
often fail to account for dynamic changes in workloads or adapt to the multi-resource nature of modern 
applications. 
Machine learning, particularly reinforcement learning (RL), has emerged as a powerful technique for 
adaptive container placement. RL-based strategies are dynamic and can adjust placement decisions based on 
real-time telemetry and evolving workload patterns. These models can optimize placement over time by 
learning from previous placements and adapting policies accordingly. Reinforcement learning, for example, 
allows the system to continuously improve its placement strategy by interacting with the environment and 
receiving feedback on its decisions. 
The shift towards AI is also evident in hybrid models that combine traditional approaches with machine 
learning techniques. These hybrid models aim to bring the best of both worlds—optimization-based precision 
and the adaptability of machine learning. While RL models offer flexibility, optimization models provide 
accuracy under defined constraints. These hybrid systems have the potential to improve placement decisions 
in highly dynamic cloud environments. 
 
B. Overhead vs Performance Trade-offs 
A significant theme in container placement research is the trade-off between computational overhead and 
performance optimization. Heuristic methods, such as bin-packing or round-robin, are computationally light 
but often fail to account for real-time resource utilization. These methods may result in overloading some 
nodes while underutilizing others, leading to performance degradation. 
On the other hand, optimization-based methods, such as Mixed Integer Linear Programming (MILP), offer 
theoretically optimal placements but come at the cost of higher computational overhead. These approaches 
are often impractical for real-time placement, especially in large-scale systems with hundreds or thousands of 
containers. They may not scale well as the system size increases or when workloads change dynamically. 
Machine learning methods, while adaptive and dynamic, also introduce overhead in terms of model training 
and data collection. Reinforcement learning models require significant computational resources to train, and 
real-time decisions can sometimes lead to latency issues. The trade-off between overhead and performance 
has been a persistent challenge, with researchers continuously striving to find a balance between accurate 
placement and computational efficiency. 
 
C. Generalization Limitations 
One of the major challenges in container placement research is the generalization of models. Many existing 
models are evaluated based on specific cloud environments or benchmark datasets, such as the Google 
Cluster Trace or Alibaba Trace. While these datasets offer valuable insights into real-world cloud behavior, 
the models developed based on these datasets often struggle to generalize to new, unseen environments. 
For example, a model that works well in one data center might fail to perform optimally when deployed in 
another with different hardware configurations or network conditions. This is due to the inherent 
heterogeneity of cloud infrastructures, where nodes may have varying CPU, memory, and storage capacities. 
Additionally, the unpredictable nature of workloads further complicates the generalization of placement 
strategies. Researchers need to develop more generalized placement models that can perform well across 
diverse cloud environments and workloads. 
 
D. Integration with Cloud-Native CI/CD Tools 
With the rapid adoption of DevOps practices and Continuous Integration/Continuous Deployment (CI/CD) 
pipelines, container orchestration has become a central element of modern cloud-native architectures. 
Integrating container placement strategies with cloud-native CI/CD tools is critical for optimizing container 
deployments in production environments. 
Kubernetes, for example, has become the de facto standard for container orchestration and supports plug-in 
schedulers, which allow custom placement policies. However, Kubernetes' default scheduling mechanism 
often focuses primarily on resource requests and node availability without taking into account more advanced 
aspects such as multi-resource scheduling or energy-aware placement. Many cloud-native CI/CD tools and 
platforms can benefit from integrating more advanced container placement strategies, particularly those 
driven by machine learning or optimization models. 
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By incorporating advanced placement algorithms into CI/CD pipelines, organizations can ensure that their 
applications are deployed in the most efficient manner possible. This integration would also allow for 
continuous adaptation of placement policies as workloads evolve over time. 
 
E. Adaptive Real-Time Policies 
Real-time adaptability is becoming a core requirement for container placement algorithms. Cloud 
environments are inherently dynamic, with workloads varying throughout the day based on user activity, load 
fluctuations, and other factors. In such dynamic environments, static placement policies are often 
insufficient. 
Recent research has focused on developing adaptive real-time policies that can react to changes in 
workload and resource availability in real-time. For instance, Reinforcement Learning (RL) has been 
explored as a means to create adaptive, self-learning placement policies. These systems continually update 
placement decisions based on real-time data, thereby improving resource utilization and preventing system 
failures. The ability to adapt in real-time is crucial for meeting Service Level Agreements (SLAs) and ensuring 
high availability, especially in cloud-based applications with stringent uptime requirements. 
However, real-time decision-making also presents challenges in terms of responsiveness and execution 
speed. The complexity of continuously training machine learning models to adapt to new data can introduce 
delays, and maintaining low latency is essential for applications with strict performance requirements. 
 
F. Decentralization and Federated Scheduling 
A trend towards decentralized and federated container scheduling has gained attention in the literature. 
In decentralized scheduling, the decision-making process is distributed across multiple nodes rather than 
relying on a central controller. This approach aims to reduce the single point of failure and improve fault 
tolerance in large-scale cloud systems. 
Federated scheduling involves coordinating multiple decentralized schedulers across different cloud 
environments or regions. This is especially relevant in hybrid cloud or multi-cloud architectures, where 
workloads may span multiple data centres or cloud providers. Federated scheduling allows for more flexible 
resource allocation and can help improve load balancing across geographically distributed systems. 
These approaches are promising for cloud providers and enterprises that require resilient, fault-tolerant, and 
highly available cloud infrastructures. However, the main challenge with decentralized and federated 
scheduling is ensuring coordination and communication between distributed schedulers while maintaining 
low overhead. 
 
G. Hardware Heterogeneity and Deployment Maturity 
Cloud environments are highly heterogeneous, with servers and nodes varying in terms of CPU, memory, and 
storage capabilities. The placement strategy must account for this diversity to achieve optimal resource 
utilization. Current research has focused on developing methods that take hardware heterogeneity into 
consideration, but there are still limitations. 
Many existing strategies rely on simplifying assumptions about hardware resources or focus on a limited set 
of resources, typically CPU and memory. However, modern cloud workloads also require consideration of 
other resources, such as network bandwidth, I/O throughput, and GPU utilization, depending on the nature 
of the application. Researchers need to develop more sophisticated models that can consider the full 
spectrum of hardware capabilities when making placement decisions. 
Deployment maturity also plays a crucial role in container placement. Cloud environments are constantly 
evolving, and placement strategies must evolve to keep up with these changes. New hardware architectures, 
server less computing, and edge computing paradigms are reshaping how cloud applications are deployed 
and managed. The research community must stay attuned to these developments and ensure that container 
placement strategies can handle the diverse and evolving nature of modern cloud infrastructures. 
 

4. Conclusion 
 

In conclusion, container placement in cloud environments is a dynamic and evolving field. The shift towards 
AI, particularly reinforcement learning, has significantly advanced the ability to make adaptive and real-time 
placement decisions. However, challenges remain in balancing computational overhead with performance, 
ensuring generalization across diverse environments, and integrating with cloud-native CI/CD tools. 
As cloud systems continue to grow in scale and complexity, the need for more sophisticated placement 
strategies will only increase. Hybrid models, decentralized scheduling, and energy-aware placement 
strategies represent promising directions for future research. Ultimately, the goal of container placement 
research is to create systems that are efficient and resilient, capable of adapting to the ever-changing 
demands of modern cloud applications. 
This survey has reviewed the landscape of container placement strategies, highlighting the key trends, 
challenges, and promising future directions in the field. By addressing the limitations of current approaches 
and embracing new methodologies, researchers can develop more effective placement strategies that optimize 
resource usage, improve performance, and contribute to the on-going evolution of cloud computing. 
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5. Future Scope 
 

The future of container placement in cloud environments is poised to evolve significantly with advancements 
in several key areas. Predictive resource estimation will leverage machine learning to forecast resource 
needs, improving placement accuracy and efficiency. Cloud-edge hybrid placement will address the 
increasing demand for low-latency applications by seamlessly orchestrating containers across both cloud and 
edge devices. As security becomes more critical, secure and privacy-preserving schedulers will be 
developed to protect sensitive data without compromising performance. The integration of automated 
policy tuning will enable dynamic adjustments based on changing workload requirements, while self-
healing placement will enhance system resilience by automatically recovering from failures. The rise of 
lightweight reinforcement learning (RL) models will make adaptive scheduling more efficient and 
scalable, while container mobility will facilitate seamless migration across resources to optimize 
performance. Additionally, unified multi-resource aware orchestration will enhance the management 
of diverse resource needs, and SLA-aware algorithms will ensure that container placement meets strict 
performance guarantees. Finally, addressing the challenges of multi-cloud interoperability will be crucial 
as organizations seek more flexible and resilient cloud strategies. These emerging trends will shape the next 
generation of container placement strategies, making cloud environments more intelligent, adaptable, and 
efficient. 
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