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Abstract: - Cloud computing gives businesses rapid and easy access to a pool of dispersed, virtualized resources, likes virtual machines
(VM) and containers, making them more competitive in the marketplace. They could also manage their business more skilfully. Even
while the cloud makes it simple to install and manage business processes, it may be difficult to manage the highly variable resource
requirements and guarantee the seamless execution of business activities in containerized multi-cloud scenarios. Hence, elastic resource
provisioning is required to meet the demands of cloud providers, end users, manage over- and under-provisioning issues, and take QoS
constraints, service level agreements (SLA) into account. In this manuscript, Resource management using Multi-Scale Attention
Convolutional Neural Networks in containerized Cross-cloud multi-cloud environment (REMT-MCNN-CCMCE) is proposed for effective
execution of business processes (BPs) in containerized multi cloud environment with guaranteed quality of service. The data for proposed
REMT-MCNN-CCMCE method collected from GWA-T-12 bitbrains. Therefore, it is necessary to pre-process the workloads before
considering them for more processing. Here workloads are filtered for abnormal, noisy interruptions with support of Regularized bias-
aware ensemble Kalman filter (r-EnKF). This pre-processed data transferred to Self-Adaptative Multi-Kernel Clustering (SAMKC) for
used to enable effectual scheduling of cloud workloads. In this work resource management is completed by using the Multi-scale Attention
Convolutional Neural Networks (MACNN). This MACNN helps effective execution of BP's in containerized multi cloud environment
with guaranteed QoS. The Sheep Flock Optimization Algorithm (SFOA) is utilized to suitable containers selection for dynamic cloud
workloads. It enhances the performance of MACNN by optimizing its parameters, thereby increasing the effective execution of BP's in
containerized multi cloud environment with guaranteed QoS. The proposed REMT-MCNN-CCMCE framework has been executed in
Container Cloudsim platform with assessed utilizing performances likes SLA violation rate, CPU utilization, Response time, Execution
cost, Energy consumption, Make-span, Throughput. The REMT-MCNN-CCMCE method achieves 31.89%, 25.45% and 19.32% lower
SLA violation rate, 32.12%, 23.49% and 30.94% higher CPU utilization and 26.87%, 34.65% and 23.94% lower response time when
compared with the existing method’s such as Multi-agent QoS-aware autonomic resource provisioning framework for elastic BPM in
containerized multi-cloud environment (MAQ-ARP-EBPM-CMCE), Multi-cloud service provision depend on decision tree with two-layer
Restricted Monte Carlo Tree Search (MCS-DTLR-MCTS) and Orchestration in Cloud-to-Things compute continuum: taxonomy, survey,
future directions (OCT-CC-TSFD) respectively.

Keywords: Container Technology, Cloud Deployment Strategy, GWA-T-12 bitbrains, Multi-scale Attention Convolutional
Neural Networks, Regularized bias-aware ensemble Kalman filter, Resource Management, Self-Adaptative Multi-kernel
Clustering and Sheep Flock Optimization Algorithm.

. INTRODUCTION

A growing paradigm for internet-based computing called "cloud computing" gives users access to variety of
heterogeneous virtualized resources, including virtual machines (VMs) and containers housed in cloud data
centers. The flexibility of the cloud and its capacity to dynamically allocate resources to changing workloads are
its most important features. To meet the needs of cloud-based apps, cloud system is supposed to dynamically
provide cloud resources depend on demand [1-3]. As a result, in order to rapidly create likes elastic resources,
higher scalability, effective use, cloud providers must guarantee elasticity of cloud resources. This meets the
goals of cloud users and providers by enabling the effective and affordable execution of cloud-based
applications. Furthermore, cloud services may be effectively delivered to end users with guaranteed QoS by
preserving flexibility in the cloud environment [4-6]. However, it's challenging to uphold BP's quality of service
in a multi-cloud environment without violating SLAs. Furthermore, one of the main problems with the current
cloud resource provisioning strategies is the equitable identification of the resources that must be provided for
each service [7-9].Virtualization technology, which enables many users to share virtualized resources, is the
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fundamental component of cloud computing. Software or computational resources like virtual machines or
containers can be utilized as these resources [10-12]. The introduction of virtualization based on containers
offers the cloud system several advantages. Through the reduction of overhead, uniformity, efficiency, etc., it
enhances overall performance [13, 14]. Containerization guarantees high performance and cost-effective elastic
arrangement, managing BP. Moreover, it offers choices for resource auto-scaling depend on workload need,
enabling effective execution of BP activities with assured QoS [15-17].

Assuring the resources needed to carry out corporate operations in multi-cloud computing is still significant
problem, nevertheless. An under-provisioning issue arises when there are not enough resources supplied to
match demand, which results in service delays that violate SLA [18, 19]. On the other hand, over-provisioning
results in high computational costs when the resources provided exceed the need. Therefore, elastic and
appropriate cloud resource provisioning may fulfil the demands of cloud-based application workloads by
handling over- and under-provisioning issues, adhering to QoS limitations, cutting down on computational
costs, and minimizing SLA violations.

The problem statement for this paper revolves around the challenges associated with ensuring quality of service
(QoS) for business processes (BPs) in multi-cloud environment while avoiding SLA violations. In particular, the
challenge is to manage the over- and under-provisioning of cloud resources to efficiently match dynamic
workload needs. Even though containerization and virtualization technologies have benefits like increased
scalability and performance, obtaining elastic and suitable resource provisioning is still quite difficult. To
improve the execution of cloud-depend applications with assured QoS and minimal SLA violations, this article
proposes techniques for effective resource allocation and management in multi-cloud systems [20-26].

Major contribution of this paper a follows;

. Resource management using Multi-Scale Attention Convolutional Neural Networks in containerized
Cross-cloud multi-cloud environment (REMT-MCNN-CCMCE) is proposed.

. Utilizing the notion of autonomous computing inside the containerized multi-cloud setting to provide
resource management elasticity for efficient BP execution while taking QoS and SLA constraints into account.

. During workload pre-processing, a partitioning approach is applied to filter out irregular and noisy
interruptions from the workloads.

. Since business workloads vary in needs and are heterogeneous in nature, an initialization approach for

centroid initialization is chosen to optimally cluster workloads into CPU intense, 1/O intensive groups using
Self-Adaptative Multi-Kernel Clustering (SAMKC). By reducing the possibility of resource shortage and waste,
this assists in determining the quantity of resources that must be provided.

. Since BP has a dynamic workload need, one suggested approach is to use Multi-scale Attention
Convolutional Neural Networks (MACNN), which operate iteratively to forecast future resource demand. This
facilitates the management of fluctuating resource requirements and guarantees elastic resource allocation by
adjusting cloud resources in a vertical or horizontal manner according to anticipated outcomes, so enabling
seamless and effective task completion.

. Developed the SFOA to supply resources needed for the incoming workloads. Resource management
performs better as a whole when workloads are assigned the best container according to several criteria and their
resource needs.

. Formulating the QoS factors, including make-span, throughput, energy consumption, CPU usage,
response time, execution cost, and SLA violation rate.
. Assessing the proposed structure by examining business workload traces with respect to SLA violation

rate, CPU use, reaction time, cost of execution, energy usage, make-span, and throughput.
Remaining portion of this work structured below: section 2: literature review, section 3: defines proposed
methodology section 4: illustrates results with discussion, section 5: conclusion.

Il. LITERATURE REVIEW

Saif et.al [20], have presented, MAQ-ARP framework for EBPM in CMCE. This paper presents an effective
methodology for multi-agent autonomic resource provisioning that guarantees QoS while enabling effectual
execution of BPs in CMCE. Through demand forecasting and resource scaling for improved performance and
elastic delivery, autonomous computing maximizes resource use. It uses local agents for K-means clustering of
workloads, improved deep stacked auto-encoder (EDSAE) demand prediction, and container scaling. To
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efficiently assign containers, global agents use multi-objective termite colony optimization. When the technique
was utilized on Container Cloudsim with business workload traces, it performs noticeably better than
alternatives in terms of make-span, throughput, cost, energy, CPU consumption, reaction time, and SLA
violation rate.

Li et.al [21], have suggested, MCS provision depend on decision tree with two-layer Restricted MCTS. Here,
presents multi-agent, distributed brokering technique for cloud service provisioning. Brokers can modify their
resource introduction strategies depending on past performance by utilizing decision tree-depend user
preference learning. Brokers use Restricted Monte Carlo Tree Search to quickly ascertain which cloud service
was the best value for customers. Based on the Libcloud foundation, the model establishes a system of multi-
cloud service connection, providing users with single interface to access best services available. The model
outperforms conventional methods in meeting customer service demands, as shown by experimental results.
Ullah et.al [22], have suggested, OCT compute continuum: taxonomy, survey, future directions. To critically
examine the landscape of existing research effort, this study attempts to compile investigation undertaken in
orchestration for Cloud-to-Things continuum landscape, provide comprehensive taxonomy. In conclusion, this
paper goes over the main issues that still need to be addressed and provide a conceptual framework derived from
the analysis that was done. 10T devices are starting to become a need in this paper surroundings. Augmented
reality, self-driving cars, smart cities, and smart manufacturing are just a few of the many fields in which the use
of these technologies was expanding quickly. These Internet of Things use cases frequently ask for concurrent
access to heterogeneous distant, local, multi-cloud compute resources in addition to widely dispersed geographic
arrays of sensors.

Kumar and Anandahmala [23], have presented, Hash-depend message authentication code with Rijndael-depend
multilevel security method for data storage in cloud environment. This investigation indicates that vendor lock-
in may be significantly decreased with the appropriate use of innovative techniques. In order to minimize vendor
lock-in, the solution offers a dynamic identity-based approach for multi-copy storage across many cloud servers.
It provides security by storing multi-holomorphic verifiable tags on various servers and using the KCDH
technique. Two SNP-based data centers for dynamic data storage techniques are used, along with data integrity
audits and block hash merging. Utilizing the airport information for evaluation, the HMAC-Rijndael framework
outperformed alternative encryption techniques, indicating improved security and effective cloud storage.

Wang et.al [24], have presented, Reproducible and Portable Big Data Analytics in Cloud. Here, open-source
toolkit was developed facilitates: 1) fully automated E2E execution, replication with single command; 2)
automated data and configuration storage for every execution; 3) customizable client modes according to user
preferences; 4) querying the execution history;5) easy replication of previous executions in similar or different
environments. This paper conducted thorough testing with four virtual CPU/GPU cluster-based big data
analytics apps on AWS and Azure. This paper toolkit's capacity to deliver high execution performance,
scalability, efficient reproducibility for cloud-depend big data analytics is demonstrated by the trials.

Ouchaou et.al [25], have suggested towards distributed saas management system in multi-cloud environment.
To efficiently manage, store, retrieve cloud services inside federation, this work makes three contributions likes
I a special cloud federation design, an appropriate service management scheme, service publication method.
This approach combines a number of ideas, including the community deployment model, graph theory,
clustering techniques, trust, and semantic Web (ontologies). This research goal was to improve user experience,
increase profit, and automate the management process. These tests demonstrate how well the deployed
management system and the suggested cloud federation architecture optimize storage capacity and promptly and
effectively respond to user requests.

Yan and Sheng [26], have presented, Sdn+ K8s Routing Optimization Approach in 5G Cloud Edge
Collaboration Scenario. The context of 5G cloud edge cooperation; this article suggests a new cloud native
architecture type. Concurrently, it decouples, integrates context barriers with micro service mesh at several
levels while optimizing SDN routing strategy at numerous levels. It does global route optimization depend on
k8s + Sdn and multi threshold detection for underlying computational power, network form. Experiments
validate the progressiveness of route optimization, stability, dependability of 5g + cloud edge collaboration
architecture.

I1l. PROPOSED METHODOLOGY
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In this section, Resource management using Multi-Scale Attention Convolutional Neural Networks in
containerized Cross-cloud multi-cloud environment is discussed. Pre-processing, task clustering, resource
management, and container selection are all covered in the proposed methodology section dataset. Applied to a
containerized cross-cloud multi-cloud environment, the inter-sequence analysis technique has many potential
uses and may dramatically cut costs and boost efficiency. In addition to being a helpful technique for improving
model practicability, the proposed REMT-MCNN-CCMCE prediction model seeks to boost the effective
execution of BPs in containerized multi-cloud environment by assured QoS accuracy. Block diagram of
proposed REMT-MCNN-CCMCE is given below in figure 1,

GWA-T-12
bitbrains Dataset

v

Pre-processing using Regularized bias-aware

Workload clustering using Self-Adaptative multi-

Resource management using Multi-scale Attention

Container selection using Sheep
Flock Optimization Algorithm

Effective executed business processes in a
containerized multi-cloud environment with

Figure 1: Block diagram of proposed REMT-MCNN-CCMCE

A. Data Acquisition

In this section the GWA-T-12 bitbrains Dataset [27] is discussed. The GWA-T-12 bitbrains dataset includes
performance characteristics of 1,750 VMs from dispersed datacentre owned by Bitbrains, a business computing
and managed hosting company. Numerous large banks (ING), credit card companies (ICS), insurers (Aegon),
etc. are among customers. Programs utilized in the solvency domain are hosted by Bitbrains; providers of
programs include Algorithmic and Towers Watson. Financial reporting is the usual purpose for these apps, and
it happens mostly at the conclusion of the fiscal quarter. All file comprises performance metrics of VM. Such
files are organized according by traces: fast Storage, Rnd. 1,250 virtual machines linked to fast storage area
network storage devices make up first trace, called fast Storage. The 500 virtual machines (VMs) in the second
trace, Rnd, are either linked to faster SAN devices or to the significantly slower Network Attached Storage
devices. Because storage linked to fast storage machines performs better than that of the Rnd trace, a larger
percentage of application servers, compute nodes are included in fast Storage trace. On the other hand, this
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dataset see a larger percentage of management machines for the Rnd trace, which just need less-performing
storage that is used less frequently.

B. Pre-processing using Regularized bias-aware ensemble Kalman filter

In this section, r-EnKF [28] is discussed. The r-EnKF gathered the data from GWA-T-12 bitbrains Dataset for
pre-processing. Workloads should be pre-processed before being thought about for additional processing. Here,
the workloads are screened to remove unnatural and distracting disruptions. This method determines if an
unbiased analysis is "good" in a biased model situation if unbiased state (i) matches the truth, (ii) has a small-
norm bias, demonstrated. This r-EnKF is based on the assumption that the model is qualitatively correct, that is,
that it captures primary physical mechanisms required to give evaluation that is consistent by investigational
evidence. Additionally, the r-EnKF approach makes the assumption that this method can identify a set of model
parameters that will reduce the model bias's norm. In light of this, this r-EnKF method develops a data
assimilation problem that minimizes the estimator's bias in addition to the estimation's uncertainty and distance

from the observables. The problem that equation (1) shows is mathematically presented by this r-EnKF.
2
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Here, ||||2El represent the operator, E represent the semi-positive define matrix, » denotes the hyper

parameter, y/, denotes the analysis state and | denotes the ensemble number. If, for every ensemble member, an
analysis state minimizes the regularized bias conscious cost function. This is seen in equation (2).
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Here, ||||El represent the operator, E lrepresent the semi-positive define matrix, » denotes the hyper

parameter, f denotes the noisy data, /, denotes the analysis state and | denotes the ensemble number. This

technique assumes that analysis state is close enough to forecast to allow r-EnKF to linearize the analysis bias,
as in equation (3), in order to solve mathematically.

de ~df' + L"Olyf —y) 3)
Here, d,h represent the bias, L" represent the jacobian, O denotes the state, v, denotes the analysis state and |

denotes the ensemble number. It is significant that the minimization issue becomes quadratic as a result of
linearization. The (r-EnKF) is displayed in equation (4) by grouping the variables in the analysis state and using
the Woodbury matrix inversion formula.

vl =y + M[(I+ thfl —a|h)—7Eff EcTc:iLLhdth (4)
Here, dlh represent the bias, L" represent the jacobian, f denotes the noisy data, » denotes the hyper

parameter, , denotes the analysis state and | denotes the ensemble number. The regularized Kalman gain

matrix is located at equation (5),
h AU ( h)hu( h)U A hAeh AU ]
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Here, M represent the regularized Kalman gain matrix, E? represent the semi-positive define matrix, y,

denotes the analysis state, L" represent the jacobian, O denotes the state and » denotes the hyper parameter. By
employing this technique, r-EnKF pre-processes the collected data to remove anomalous and disruptive
disruptions, hence enhancing resource management effectiveness and maximizing cross-cloud multi-cloud
deployment in container technology.

C. Workload clustering using Self-Adaptative Multi-Kernel Clustering

The SAMKC [29] method of clustering is covered in this section. SAMKC's preprocessing of data makes cloud
workload scheduling possible. This SAMKC aids in figuring out how much resource needs to be supplied by
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lowering the likelihood of waste and resource scarcity. Each mode discrete state in SAMKC is associated with a
cluster and a multi-kernel regression function. Thus, given this equation (6), it follows.

V(Z;,ﬁ)eﬁvav,;{;:{QVGH/¢;,'(ZV)ZO} (6)
Here, ;(; represent cluster, ¢;‘ represent the multi-kernel regression function, TTdenotes the data space and v

denotes the time. In this instance, all of the cluster data that is currently accessible in the data space is used to
train the multi-kernel regression function. The kernel expansion with a gap defines the multi-kernel regression
function at a time. It is shown in equation (7),

Ry f
#(2)=3 (%, 0 hlzs 20+ o) ™

b=1 k=1
¢U

Here, " represent the multi-kernel regression function, V denotes the time, b denotes the support vector, rb‘fy

and rbf‘; are represent the lagrangian coefficient and é'yv represent the gap. This approach defines the kernel

function in a Hilbert space as given by equation (8)
f
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Here, <>M represent scalar product in Hilbert Space and Z denotes cluster. Prior to assessing the similarity

measure, look for the class's winning support vector. This equation (9) is therefore provided for it.
U =arg min “CDZV - (0 ]‘ 9
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Here, Qﬁ'y represent the i-th node of the cluster, Z denotes the cluster and Vv denotes the time. The metrics of

similarity described in equation (10)
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Here, Qb,y represent the similarity measures, Z denotes the cluster and v denotes the time. Ultimately, using
the equation (11) this strategy can provide a set of winning clusters.

& =ley 1y e &0,y 2 0 (11)

Here, §U represent the set of winning cluster, ;(; represent the cluster and /lvj denotes the acceptable

threshold. Alongside the discrete state estimate process, traffic data allocation is executed. By doing so,
cardinality of winning clusters may be used to construct learning rules of SAKM.

D. Resource management using Multi-scale Attention Convolutional Neural Networks

In this section, MACNN [30] is discussed. Resource management is major task in cloud. Using MACNN for
resource management, the suggested REMT-MCNN-CCMCE approach helps attaining elasticity of dynamic
business processes to satisfy QoS necessities. Utilizing the control loop, which consists of the main elements
like monitoring, analyzing, planning, and execution, is the resource management algorithm. The monitored data
from monitor phase is stored for later usage using the knowledge base. The MACNN architecture is divided into
four components. The MA layer, which makes up the first two levels, is fundamental layer of entire architecture.
An MA module in the MA layer uses MAM to determine significance of all feature map produced by multi-
scale convolution. The output portion, which provides the categorization result, is the last component. A
technique called the Multi-scale Attention Mechanism uses the relative relevance of all feature map produced by
multi-scale convolution to highlight and suppress less valuable feature maps. Resource management
improvement is the MAM's main objective. The attention block adds channel-wise weight to emphasis on key
feature maps, improving recognition capacity for classification. The multi-scale block generates multiple widths
of receptive field to collect different scales of temporal information. Convolutional layer is the first layer in a
multi-scale block. It extracts features and creates feature maps by applying a convolution operation with shared
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weights to the input. Global average pooling layer is first layer in the attention block. It computes mean of each
values for all feature map, condensing global temporal information into channel descriptor and producing
channel-wise statistics. Multi-scale block's output is also the attention block’s input. Let's look at the channel-
wise statistics that are produced by reducing the feature map length; this gives us equation (12).

By =~ 2. 25(K) (12)

Here, Bp represent the channel-wise statistics, N, represent the feature map length and z o denotes the multi-

scale block. The channels of second completely connected layer have a sigmoid activation function, while the
channels of the first layer of first fully connected layer have activation function of channels, where equation (13)
yields the weight's p-th element.

U, =olY,s(vb, ) (13)

Here, U o represent the weight of p-th element, Y, and Y, represent the parameters of two fully connected

layers, O denotes the ReLU activation function and o denotes the activation function. Applying channel-wise
weight to feature maps yields attention block’s output, and equation (14) computes the attention block's p-th
element.

Z,=U,-z, (14)

Here, fp represent the attention block of p-th element, U p represent the weight and zZ, denotes the multi-

scale block. The resource management function of the cloud major may be completed by this MACNN. With
assured QoS, this MACNN facilitates effectual execution of BPs in containerized multi-cloud context.

E. Container selection using Sheep Flock Optimization Algorithm (SFOA)

In this section, SFOA [31] is discussed. This proposed REMT-MCNN-CCMCE approach improves effectual
execution of business processes in containerized multi-cloud environment assured QoS by using SFOA for
container selection. Sheep are ruminant, four-legged mammals that are mostly raised as agricultural animals.
From a conceptual perspective, a sheep searches a nearby area after being given pasture; if it finds a better spot
to graze, it will relocate; sheep hunt for the most profit. The goal of the sheep herd's behavior is to transfer the
flock to the maximum location, as global maximum place may be beyond sheep's grazing radius. A sheep's
desire to stay in its own grazing area is its primary consideration. Three other factors also influence location of
the sheep: shepherd's order; sheep's interest in moving to the best place for past experiences; sheep's interest in
approaching other sheep. SFOA is divided into dual sections: grazing section, move section. The first factor falls
under first part, while the other three factors fall under second. In addition to sheep, goats can migrate in
different ways within herds.

Step 1: Initialization

The population size, maximum iteration, boundaries, cost function, dimensions, maximum velocity are defined
as starting variables in this procedure. The quantity of sheep, goats in pastures is population size. The maximum
iteration refers to the quantity of optimization iterations. The greatest and lowest values that any variable can
have are its bounds. One function gives value of input variables is cost function. The quantity of problem
dimensions is known as dimensions. Max velocity may be calculated using equation (15).

VMax = 0.1+ (ub —Ib) (15)

Here, VMax represent the maximum velocity; ub & lb represent upper bound, lower bound of all variable.
Step 2: Random generation

The weight parameters are formed randomly generated. The values generated randomly between O andl.

Step 3: Fitness function

Fitness function creates random solution form initialized values. It calculated using optimizing parameter. Thus
it is shown in equation (16),

Fitness Function = optimizing [U p and ZpJ (16)

Step 4: Exploration phase
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During the SFOA exploration phase, multimodal functions exhibit a greater number of local optimums than
unmodal functions, with the number of these optimums increasing exponentially with issue size. These test
problems are highly beneficial for assessing an optimization algorithm's exploration capacity. Equation (17)
calculates movement resulting from a sheep's desire in approaching other sheep.

Xother1 = E * Ran(L, Dimen)* (Z gangomsneep — Z) 17)

Here, Z represent the current sheep position, Z Randomsheep '€Present the random sheep position, Ran(L Dimen)

denotes the random array between 0 &1 and Xy ; denotes the sheep’s interest speed.Equation (18)

calculates the movement resulting from the goat's desire in the best experience from earlier.
XLbest,2 = (1_U )* 2% Ran(l, Dimen)* (Z Lbest — Z) (18)

Here, Z represent the current sheep position, X .. denotes best fitness discovered by current goat,

Ran(l, Dimen) denotes the random array between 0 & 1and Xipest 2 denotes the sheep interest in moving

towards.

Step 5: Exploitation

SFOA's exploitation phase involves looking for superior solutions around the one that is currently in place.
There is some competition between these two phases since if this method focuses too much on one; this method
won't have enough time for the other. These functions enable assessing the algorithm's potential for exploitation.
Equation (19) computes the movement resulting from shepherd's order to the optimal position.

Xenz.2 = (L—U)* 2% Ran(l, Dimen)* Z gpe — Z (19)

Here, Z represent current sheep position, Z g, represent best fit until now and X, , denotes the shepherd’s

order speed. Equation (20) states that the computed speed is gathered from the present position to determine the
position of the following sheep.

Z(1ter+1) = Z(iter) + X 0,2 (20)
Here, Z 1rer) EPrESsEnt the position of each member in iteration and XO‘2 denotes the speed. The proposed

REMT-MCNN-CCMCE approach uses the SFOA optimization strategy to choose appropriate containers for
workloads in the dynamic cloud. With assured QoS, this approach enhances effectual execution of business
processes in containerized multi-cloud environment.

Step 6: Termination

In the MACNN, the weight parameters for generators are optimized using the SFOA, dynamically adjusting
weights inspired by celestial mechanics. The iterative refinement, guided by halting criteriaVMax =VMax +1,
ensures optimal weight convergence, maximizing MACNN’s generator performance. Then flowchart of SFOA
for optimizing the weight parameters of MACNN for enhances effective implementation of BP's in
containerized multi cloud environment by guaranteed QoS.Figure 2 showsflowchart of SFOA for optimizing the
weight parameters of MACNN for enhances effective implementation of BP's in containerized multi cloud
environment with guaranteed QosS.
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Figure 2: flowchart of SFOA for optimizing the weight parameters of MACNN for enhances effective implementation of BP's in
containerized multi cloud environment with guaranteed QoS.

IV. RESULT AND DISCUSSION

In this paper, Resource management using Multi-Scale Attention Convolutional Neural Networks in
containerized Cross-cloud multi-cloud environment is discussed. The proposed REMT-MCNN-CCMCE
technique is executed in Container Cloudsim platform,assessed by utilizing several performance metrics SLA
violation rate, CPU utilization, response time, execution cost, energy consumption, make -span, throughput. The
result of REMT-MCNN-CCMCE approaches was compared with existing MAQ-ARP-EBPM-CMCE, MCS-
DTLR-MCTS and OCT-CC-TSFD techniques.

A. Performance measures

This is a crucial step for determining the exploration of optimization algorithm. Performance measures to
evaluate to access performance likes SLA violation rate, CPU utilization, response time, execution cost, energy
consumption, make-span, Throughput.

1) SLA violation rate

The frequency or proportion of times the service provider fails to fulfil the agreed-upon SLA commitments is
measured by the Service Level Agreement (SLA) violation rate. As may be seen in equation (21),

SLA violation rate = (g) x100% (21)

Here, N denotes number of SLA violations, T denotes total number of SLA instances.
2) CPU utilization
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The amount of CPU's processing power that is being utilized at any particular time is measured by CPU
utilization. A percentage is frequently used to express it. The definition of the CPU usage formula is given in
equation (22).

CPU utilization = (TT

)xlOO% 22)

Here, T denotes the total CPU time and | denotes the idle CPU time.

3) Response time

Response time, often known as latency, is a measurement of how long it takes system to react to request.
Equation (23), which represents the response time formula,

Re sponse time=C +N +S (23)

Here, C represent the client processing time, N represent the network transmit time and S denotes the server
processing time.

4) Execution cost

The difference between a security's execution price and the price that would have existed in the absence of a
trade; this difference can be further broken down into expenses related to market timing and effect.

5) Energy consumption

Energy consumption is the process of using a system's supply of power or energy. Watts, Giga Joules, and
kilograms of oil equivalent annually (kg/a) are used to measure consumption. Equation (24) illustrates it.

C =Qxh/1000 (24)

Here, C represent the energy, Q represent the power and h denotes the hours.

6) Make-span

"Make-span” is a term used in computer science and parallel computing to describe overall time required to
finish group of activities when they are run concurrently on several processors or resources.

7) Throughput

The number of units of work finished or processed in a certain amount of time is called throughput. It is
frequently used to quantify the rate of data transfer, processing speed, or production output in a variety of
applications, including networking, computing, and manufacturing. Equation (25) illustrates it.

Throughput = VTV (25)

Here, W represent the total work completed and t represent the time taken for work.

B. Performance analysis

Figure (3 to 9) portrays the simulation outcomes of REMT-MCNN-CCMCE method proposed. Proposed
REMT-MCNN-CCMCE method is compared with existing as MAQ-ARP-EBPM-CMCE, MCS-DTLR-MCTS
and OCT-CC-TSFD methods.
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Figure 3: SLA violation rate analysis
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Figure 3 depicts the analysis of SLA violation rate. Here; proposed REMT-MCNN-CCMCE technique attains
33.89%, 28.43% and 25.32% lower SLA violation rate for execution of BP's in a containerized multi cloud
environment as analyzed with existing MAQ-ARP-EBPM-CMCE, MCS-DTLR-MCTS and OCT-CC-TSFD
methods respectively.
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Figure 4: Performance analysis of CPU utilization
Figure 4 depicts the analysis of CPU utilization. Here; proposed REMT-MCNN-CCMCE technique attains
34.97%, 28.13% and 18.89% lower CPU utilization for execution of BP's in a containerized multi cloud
environment as analyzed with existing MAQ-ARP-EBPM-CMCE, MCS-DTLR-MCTS and OCT-CC-TSFD
methods respectively.
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Figure 5: Performance analysis of Response time
Figure 5 depicts the analysis of Response time. Here; proposed REMT-MCNN-CCMCE technique attains
19.77%, 23.56% and 28.42% lower response time for execution of BP's in a containerized multi cloud
environment as analyzed with existing MAQ-ARP-EBPM-CMCE, MCS-DTLR-MCTS and OCT-CC-TSFD
methods respectively.
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Figure 6 depicts the analysis of Execution cost
Figure 6 depicts the analysis of Execution cost. Here; proposed REMT-MCNN-CCMCE technique attains
34.75%, 17.41% and 19.63% lower execution cost for execution of BP's in a containerized multi cloud
environment as analyzed with existing MAQ-ARP-EBPM-CMCE, MCS-DTLR-MCTS and OCT-CC-TSFD
methods respectively.
160

(=
N
o

(=)
(=}

=
o

—o— MAQ-ARP-EBPM-CMCE
MCS-DTLR-MCTS

—4— OCT-CC-TSFD

—+— REMT-MCNN-CCMCE(Proposed)

Energy consumption(Kwh)

0 1000 2000 3000 4000 5000
Workloads

Figure 7: Performance analysis of Energy consumption
Figure 7 depicts the analysis of energy consumption. Here, proposed REMT-MCNN-CCMCE technique attains
34.75%, 26.41% and 20.63% lower energy consumption for execution of BP's in a containerized multi cloud
environment as analyzed with existing MAQ-ARP-EBPM-CMCE, MCS-DTLR-MCTS and OCT-CC-TSFD
methods respectively.
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Figure 8: Performance analysis of Make-span
Figure 8 depicts the analysis of Make-span. Here, proposed REMT-MCNN-CCMCE technique attains 34.68%,
29.84% and 24.76% lower make-span for execution of BP's in a containerized multi cloud environment as
analyzed with existing MAQ-ARP-EBPM-CMCE, MCS-DTLR-MCTS and OCT-CC-TSFD methods
respectively.
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Figure 9: Performance analysis of throughput
Figure 9 depicts the analysis of throughput. Here; proposed REMT-MCNN-CCMCE technique attains 32.82%,
23.91% and 16.78% higher throughput for execution of BP's in a containerized multi cloud environment as
analyzed with existing MAQ-ARP-EBPM-CMCE, MCS-DTLR-MCTS and OCT-CC-TSFD methods
respectively.

C. Discussion

The information gathered for the proposed REMT-MCNN-CCMCE approach using GWA-T-12 bitbrains.
Therefore, before assessing the workloads for further processing, pre-processing is required. Here, an ensemble
Kalman filter that is aware of bias and regularizes it (r-EnKF) is used to filter the workloads for anomalous and
noisy interruptions. Self-Adaptative Multi-Kernel Clustering (SAMKC) received this pre-processed data in
order to schedule cloud workloads more effectively. In this research, Multi-scale Attention Convolutional
Neural Networks (MACNN) are used to manage resources. With assured QoS, the MACNN facilitates effectual
execution of BPs in containerized multi-cloud context. For dynamic cloud workloads, the SFOA is utilized to
pick containers that are appropriate. Through parameter optimization, MACNN's performance is improved,
leading to more effective BP execution in containerized multi-cloud environment by assured QoS. In instance of
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result, the average highest outcomes of the approach were compared to average highest results in existing
methods like MAQ-ARP-EBPM-CMCE, MCS-DTLR-MCTS and OCT-CC-TSFD respectively. The accuracy
values of REMT-MCNN-CCMCE MAQ-ARP-EBPM-CMCE, MCS-DTLR-MCTS and OCT-CC-TSFD are
lower than proposed technique. The proposed framework an average throughput of 99.94% analysed with
throughput of 92.82% for the comparison approaches. Reduced execution cost of 97.91% and reduced energy
usage of 96.53% as comparison to the existing approaches. The proposed method REMT-MCNN-CCMCE has
high throughput and lower response time evaluation metrics than existing methods. As a result, the suggested
methodology is less expensive than the compared techniques. Consequently, the proposed approach executes
BPs more effectively and efficiently in containerized multi-cloud environment by assured QoS.

V. CONCLUSION

In this section, Resource management using Multi-Scale Attention Convolutional Neural Networks in
containerized Cross-cloud multi-cloud environment was successfully implemented. The QoS needs of cloud
users are impacted by dynamic nature of multi-cloud environment and dynamic submission of complicated,
changing workloads from business partners at varying intervals. To meet needs of cloud users, providers while
preventing under- and over provisioning of resources in multi-cloud environments, an effective and elastic
resource provisioning system is required. This proposed REMT-MCNN-CCMCE method proposes an effective
MACNN resource management paradigm that takes QoS restrictions into account when allocating resources to
incoming BP workloads. The global agent repeatedly runs the SFOA algorithm resource provisioning
framework to provide dynamic workloads into containers according to resource needs. In this step, key
parameters are tuned to guarantee that workloads on the provided containers are scheduled as efficiently as
possible. With average improvement rate of 57.3% for SLA violation rate, 24.67% for CPU utilization, 11.40%
for response time, 15.49% for execution cost, 20.56% for energy consumption, 32.47% for make span, 54.52%
for throughput, simulation, investigational analysis demonstrated that proposed method outperformed existing
methods in each considered metrics. This method concludes that the presented architecture is a viable solution
for managing diverse BP workloads in a multi-cloud context, as well as varying resource needs. The goal is to
use this methodology in the future by utilizing dynamic and real-time workload traces from various cloud
platforms. In order to provide elastic resource provisioning, it is also beneficial to take big data from the data
warehouse into account due to the enormous rise in data rates.
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