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ABSTRACT

Containers are lightweight and provide the potential to reduce more energy consumption of data centers than Virtual Machines (VMs) in container-based clouds. The on-line resource allocation is the most common operation in clouds. However, the on-line Resource Allocation in Container-based clouds (RAC) is new and challenging because of its two-level architecture, i.e. the allocations of containers to VMs and the allocation of VMs to physical machines. These two allocations interact with each other, and hence cannot be made separately. Since on-line container allocation requires a real-time response, most current allocation techniques rely on heuristics (e.g. First Fit and Best Fit), which do not consider the comprehensive information such as workload patterns and VM types. As a result, resources are not used efficiently and the energy consumption is not sufficiently optimized. We first propose a novel model of the on-line RAC problem with the consideration of VM overheads, VM types and an affinity constraint. Then, we design a Cooperative Coevolution Genetic Programming (CCGP) hyper-heuristic approach to solve the RAC problem. The CCGP can learn the workload patterns and VM types from historical workload traces and generate allocation rules. The experiments show significant improvement in energy consumption compared to the state-of-the-art algorithms.





CHAPTER-1
INTRODUCTION
According to the Gartner report [1], the analysts forecast there are 5.8 billion Internet of Things (IoT) endpoints in 2020, which is increasing by 21% since 2019. The larger number of IoT devices generates a huge amount of data to the cloud. An efficient big data processing platform for the data streaming application is getting more attentions. Apache Hardtop [2] and Apache Spark [3] are two popular solutions to deal with the big data processing. Hadoop is an open-source implementation for Map Reduce framework [4] while Spark is an in-memory processing framework for performance efficiency. The literature [5,6] studied the performance of Hadoop and Spark to demonstrate that the speedup of Spark is
better than that of using Hadoop. On the other hand, with the advancement of virtualization technology, most hardware resources such as CPU, memory, disk, and network I/O can be virtualized and shared in a modern cloud infrastructure. These virtualized resources function as a resource provisioning pool and are dynamically provisioned according to the application demands. From the viewpoint of users, the allocation and management of virtualized resources is provided by cloud services. However, the physical resources in the cloud infrastructure have to be administrated by the system. Therefore, the allocation of virtualized resources among physical servers is a crucial research topic in cloud computing. This paper focuses on tackling the essential problem of resource allocation and attempts to reduce the amount of available but unused resources in the cloud infrastructure.

Yousafzai et al. [7] address the overlapping concept among resource provisioning,
resource allocation, and resource scheduling. In general, resource provisioning is the allocation process of resources in service-providers to customers. Resource allocation is the process of distributing resources efficiently to competing jobs. Resource scheduling is to obtain the time-schedule of resources to schedule computational events on shared resources in available time. The same description also could be found in the previous work [8].

A resource-allocation mechanism [9,10] plays a crucial role in determining an efficient strategy for allocating resources to satisfy application demands. However, the resource demand for various applications can be heterogeneous in cloud computing. For example, computing-intensive applications require more CPU resources for the computation task, whereas memory-intensive applications require more memory resources for the data cache. The effectiveness of a resource-allocation mechanism affects system performance. Over-provisioning and under-provisioning are two common problems for resource allocation in cloud computing [11]. Over-provisioning with excessive resources for application demands leads to lower resource utilization and higher capital expenditure. However, under-provisioning with fewer resources results in a lower resource capacity and a higher
Response time, which result in loss of users and revenue. Accordingly, a trade-off exists between the provision of resource capacities and the consumption of application demands. An efficient resource-allocation mechanism can optimize the allocation of resource capacities to satisfy application demands and improve overall resource utilization.
Many resource-allocation algorithms [12–19] have been proposed to investigate the resource-allocation problem on cloud computing. Some well-known resource management systems, such as Yarn [20] and Mesos [21], have been developed. Previous studies have focused on the computing environment with homogeneous resources. However, the development of a practical cloud computing environment with heterogeneous computing resources has received limited attention [22]. Resource heterogeneity is a common occurrence in a practical cloud system because various computing servers have different resource capacities. Some servers have more CPU resources and some of them may have more capacities of memory. In addition, resource heterogeneity in a hybrid cloud is significant because hardware equipment and resource capacity are heterogeneous between private and public clouds. Edge computing [23–26] is an ongoing paradigm shift in which resource types are more heterogeneous among geographical edge locations. The experimental results of our study indicate that the heterogeneity of resource capacities should be considered in the design of heterogeneous resource allocation as it reduces the amount of available but
unused resources.
Compared to the literature, our contribution is to facilitate appropriate utilization
of heterogeneous resources in cloud computing. A novel resource-allocation mechanism, named minimizing resource gap (MRG) algorithm, was proposed for solving the resource wastage problem for the available but unused resources. A resource gap is a phenomenon in which some resource capacities are exhausted, whereas other resources on the same server are still available. In this case, the computing server may not be able to satisfy the resource capacity demands from an application, which leads to a low resource utilization and resource wastage for the available but unused resources. In addition, the resource gap is more apparent when the computing resources are more heterogeneous. Therefore, the MRG algorithm was proposed in this study for reducing the resource gap by considering
Distinct resource demands in each application. For example, some applications require more CPU resources for computing-intensive tasks, whereas others require more memory capacity for memory-intensive processing. When a new application is submitted to the Two experiments were conducted in this study. In the first experiment, the improvement in resource allocation with the use of MRG in case of homogenous resource demands of applications was evaluated. The experimental results revealed that when the homogeneity of resource demand of applications was close to the homogeneity of server resources, the completion time of jobs by the MRG algorithm was considerably lower than that by the default algorithm in Spark. In the second experiment, the improvement by MRG was confirmed. The results revealed that when the homogeneity of server resources was lower
Than that of the application demand, MRG improved resource utilization and reduced the job completion time. Therefore, experimental results demonstrated that the proposed MRG approach outperforms default resource allocation in Apache Spark when resources are heterogeneous.
The rest of this study is organized as follows. The most relevant studies are discussed in Section 2. The system framework and algorithm are proposed in Section 3. Performance evaluations and experimental results are presented in Section 4. Finally, conclusion remarks and future studies are presented in Section .






















  An Overview of Cloud Computing Cloud 
Computing is a computing model that offers a network of servers to  their  clients  in  an  on-demand  fashion.   According  to  NIST’s  definition  [141],”cloud  computing  is  a  model  for  enabling  ubiquitous,  convenient, on-demand network access to a shared pool of configurable computing resources(e.g., networks, servers, storage, applications, and services) that can be rapidly provisioned and released with minimal management effort or service provider interaction.”Hence, the primary functionality of cloud computing is to pro-vide facilities and resource management to cloud users. Cloud computing involves three stakeholders (see Figure 2.1).Cloudprovidersbuild data centers and maintains the servers at the data centers. To use these remote servers, cloud users(e.g., an application provider), can deploy and access their applications (e.g., Endnote, Google Drive) in these servers from anywhere in the world. Once the applications are deployed, end users can use them without installing on their local computers.Cloudproviderscharge fees fromcloud usersfor using the infrastructure.Clouduserscharge fees fromend usersfor using applications.  To provide cloudservices, three fundamental service models define the responsibilities ofstakeholders.




CONCEPTS OF CLOUDS

   Amazon Lambda [6] is an implementation of FaaS clouds. Container-as-a-Service [167] uses containers and VMs as resource management units.   CaaS is particularly good at managing micro service based applications.   With each  container  hosts  a  micro-service  instance,  Caa Scan handle large scale of containers.  CaaS is also named container based clouds, which will be discussed in Section 2.1.3.  Red Hat Open Shift [10]and Amazon Container Service [5] are both the implementations of CaaS. Clearly, cloud techniques are becoming more automatic and intelligent to handle the deployment and delivery of applications. This could release the burden of resource management away from cloud users.  Hence, this requires cloud providers to use advanced techniques to handle the resource allocation in clouds to not only meet the requirements of cloud users but also maximize the profit of clouds.


Container-based Clouds
In recent years, a new type of cloud, container-based clouds [110] have emerged that apply both containers and VMs as the resource management unit. With these two virtualization technologies, i.e., VMs and containerization, complement each other, container-based clouds have the potential to achieve a high resource utilization as well as high security over the applications.Resource allocation in container-based clouds (RAC)brings new challenges. First, the existing resource allocation tools and approaches cannot dealwith heterogeneous resources [136]. For example, a cluster management tool, Swarmkit [142] can be used to manage a cluster of docker containers.However, Swarmkit cannot allocate containers into heterogeneous VMs or PMs. The heterogeneity of VM/PM configurations, including differentresource sizes, types, Operating Systems, etc.  Second, the resource allo-cation in container-based clouds involves two-levels of allocation that isextremely difficult.  Each level of allocation is a vector bin packing prob-lem, which is NP-hard [50]. The allocations at the two levels interact witheach other.  For example, when allocating containers to VM instances, theselection of different VM types impact the allocations in the second level.Hence, ideally, the two-level allocations should be done simultaneously tofind the global optimal solution.Hence, the popularity of container-based clouds and the difficulty oftheRACproblem motivate  us to  develop novel  algorithms to  solve theRACproblems in different scenarios.


Container based Virtualization
Traditional container virtualization,  e.g.,  OS  containers  [187],  has  beenused in big data processing platforms as the computing units for over adecade [136, 219].  In recent years, new container platforms, e.g., Docker,introduce application containers [89] to facilitate the development of applications. An OS containers (Figure 2.3 left-hand side) have an OS installed and host multiple applications from differentcloud users.  These applications are segmented  and  isolated.   An  OS  container  is  suitable  for  deployinga  large  number  of  applications  that  share  the  same  OS  kernel.   On the other hand, when various applications require different OSs, OS contain-ers’ performance is similar to VMs. Three implementations of OS contain-ers: OpenVZ, Google’s control groups, and namespace are widely used inGoogle and Facebook.Application containers [29] (Figure 2.3 right-hand side) have a many-to-one  mapping  relationship  with  a  VM  instance.   A  single  applicationruns in an application container.  Major implementations such as Docker,Rocket,  and  Kubernetes  [29]  are  prevalent  in  the  software  industry.   In comparison  with  OS  containers,  application  containers  are  much  more flexible in terms of software development and deployment. With applica-tion containers, each application can be deployed separately on differentmachines.  These containers can be vertically scaled up to add capacities. Hence, application containers are more suitable for modern cloud-nativearchitectures such as micro-services and server-less because these archi-tectures are highly distributed and loosely coupled.




















CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM
Container technology has become a new trend in both the software industry and cloud computing. Containers support the fast development of web applications and they have the potential to reduce energy consumption in data centers. Containers are usually first allocated to virtual machines (VMs) and VMs are allocated to physical machines. The container allocations a challenging task which involves a two-level allocation problem. Current research overly simplifies the container allocation into a one-level allocation problem and uses simple rule-based approaches to solve the problem. As a result, resource is not allocated efficiently which leads to high energy consumption. This paper provides a novel definition of the two-level container allocation problem.

2.1.1 DRAWBACKS OF EXISTING SYSTEM ARE 
· Online container allocation problem allocates containers to PMs immediately when containers arrive with the aim of achieving the lowest energy consumption.

· Using containers can reduce energy consumption from data centers . However, the problem of online container allocation (container allocation in short) is new and challenging to solve due to its NP-completeness.

· The major drawback of the simplification is that their allocation approaches can only be used in a narrow range of scenarios where all containers can be co-located.

2.2. PROPOSED SYSTEM

We develop a hybrid approach using genetic programming hyper-heuristics combined with human-designed rules to solve the problem. The experiments show that our hybrid approach is able to significantly reduce energy consumption than solely using human-designed rules.

2.2.1. ADVANTAGES OF PROPOSED SYSTEM

· To introduce a novel problem definition for two-level container allocation.
· To develop a hybrid approach GPHH and human-designed rules.
· To evaluate our proposed approach on benchmark datasets.

CONCLUSION

In this paper, we have implemented both migration and allocation algorithms for resource management in cloud datacenters using two resources, that is; CPU and memory. Bin packing algorithm has been used whereby the best fit algorithm was deployed to obtain results and compared to select suitable algorithm for efficient use of resources. The purpose of this research was to minimize underutilized and avoid over utilized resources that may perhaps create unnecessary migrations due to unpredictable workloads. The results have shown how efficiently and effectively resources could be managed, allocated and migrated among the servers. The target was to hiveless number of tasks/jobs migrated with maximum resource allocation, less number of servers used and amount of resources saved with minimum costs. As migrations consume additional energy and have a negative impact on the performance, before initiating a migration, the reallocation controller hadto ensure that the cost of migration does not exceed the benefit.
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