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Abstract

Background: Two-phase Optimization of Virtual Machine Placement (VMP) Problem considers both the Online
Incremental VMP (iVMP) phase in which the new arrival of dynamic requests of Virtual Machines VMs are attended to
and the Offline VMP reconfiguration (VMPTr) phase that performs placement recalculation. In the two-phase scheme, the
first part of the two-phase approach is the iVMP, where virtual machines (VMs) can be built, changed, or destroyed at
runtime. While the second phase focuses on raising the standard of solutions produced by the iVMP, several studies have
been done in different literature to solve the VMP problem. However, the methods used tend to be over-forecast and have
long runs of a linear trend. This affects the prediction and produces a less optimal solution. Objective: The following four
objective functions are optimized using the proposed Extreme Learning Machine Prediction-Based Triggering Method
for Virtual Machine Placement in Cloud Computing Datacenters in Two-Phases, which combines the advantages of both
online (dynamic) and static (offline) VMP formulations: the length of the reconfiguration process, the amount of energy
used, the way resources are used, and the financial expenses. This study suggests a brand-new strategy for deciding when
to start the VMP reconfiguration phase. Results: The Method provides more accuracy to the predicted requests as well
as reduces the total economic penalties for Service Level Agreement (SLA) violations. An experimental comparison with
the existing approach is conducted utilizing 400 cases. Conclusion: The results demonstrated that, in comparison to the
benchmark approach, the proposed work obtained a minimum cost function with a 10.5% improvement.

Keywords: Virtual machine placement, Cloud computing, Incremental VMP, VMP reconfiguration

1. Introduction

A platform for network access and sharing computer resources that may be instantly distributed with little
maintenance work or service provider contact is known as cloud computing. (Paliwal). Users of cloud computing can
access hosted services under a pay-as-you-go arrangement. The following advantages have been made available to
corporations and end consumers, namely: (i) Self-service provisioning which makes it possible for end users to easily
access computer resources. (ii) Pay per usage: The user only has to pay for the services they utilize. (iii) Elasticity: the
capacity to expand or contract services as needed. (iv) Migration flexibility: Clients can relocate certain workloads to
another cloud platform as required. (v) Workload resilience: To ensure durable storage and load reliability, cloud service
providers typically use superfluous resources.

The fundamental tenet of cloud computing is virtualization. Virtualization is a technique that involves the
abstraction of physical resources from users (Angeles, 2014). According to National Institute of Standards and
Technology (NIST), "Virtualization software allows multiple operating systems and applications to run on a single server
at the same time" (Mell & Grance, 2009). However, despite the enormous benefits of cloud computing, several issues
must be fixed because they increase adoption costs and dangers. They consist of; Security: Security is one of the main
issues with cloud computing. The customer is unable to learn where, how, or by whom their data is processed.
Identification and forecasting of quantities and costs are challenging. (iii) Resources are insufficient: As more customers
use cloud services, fewer resources are available to the clients. (iv) Performance: The volume of consumers is causing a
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decline in cloud performance. (v) Scheduling: Virtual Machines (VMs) are designed to run as needed thanks to the
adaptability of cloud computing.

Optimization and resource distribution, which involves deciding where VMs should be put in PMs, are the two
most challenging scheduling problems in cloud architecture (Rochwerger, et al., 2009). A lot of material has been written
about the Virtual Machine Placement (VMP) issue. Energy efficiency, network traffic, and other objective functions are
some of the topics that are addressed in the research (Hong et al., 2013; Prevost et al., 2012; Biran, et al., 2012; Li et al.,
2013). Because of the nature of the infrastructure requirement, the online formulation is typically explored for the VMP
problem (Pires & Baran, 2014). For selecting the appropriate PMs to host VMs with a little bit of temporal management,
online formulations are crucial. An offline version of the VMP problem is being researched to provide an additional
realistic outcome (Pires, & Baran., 2015). Nevertheless, a two-phase optimization that combines offline and online
formulations can also be used to formulate the VMP issue (Pires et al., 2017).

To optimize four objective functions, a two-phase optimization technique was presented by (Pires et al., 2017),
which considers the laaS environment to be the most difficult (Ortigoza et al., 2016). (Wang et al., 2013) (ii) Economic
profit (Xu & Fortes, 2010) Use of resources (iii) (Li et al., 2013) Reconfiguration time (iv) (Chamas et al., 2017). Methods
for determining when to begin a placement reconfiguration and what to do with requested VMs during the placement
recalculation time are included in the proposed system. This is accomplished by shifting virtual machines (VMs) from
one physical machine to another (PMs). These two phases make up the two-stage optimization method: In the incremental
VMP (iVMP) phase, the lists of needed virtual machines are ordered by revenue using the First-Fit Decreasing algorithm,
and the necessary virtual machines are then assigned to the first PM with the available resources. (ii) During the VMP
reconfiguration (VMPr) phase, a crucial decision was made using the Memetic algorithm to rearrange the position of
VMs.

Additionally, by examining several online algorithms, the overbooking protection factor, and objective function
secularization techniques, (Amarilla et al., 2017) provided an investigational evaluation of a two-phase optimization
technique for VMP scenarios. Results obtained suggested that the protection factor should be adjusted to 0.0 in low CPU
load scenarios and 0.75 in high load scenarios while using an offline Memetic algorithm in the VMPr phase and the BF
and BFD heuristics for the online iVMP phase. The research proposed an improved 2-phase optimization VMP technique
for both online and offline formulations of the VMP problem to obtain improved solutions based on the complex cloud
infrastructural elasticity (Breitgand & Epstein, 2011) and the overbooking of services resources (Tomas & Tordsson,
2014). This is done in consideration of the benefits of formulating the VMP challenge as a 2-phase optimization technique
(Pires & Baran, 2014). The topic demands the employment of the most direct method, even though it has been handled
by several authors (Bologlov et al., 2012; Calcavecchia et al., 2012; Chamas et al., 2017; Pires et al., 2017). Important
considerations here include selecting the proper PM for each VM in the cloud computing architecture as well as the timing
and circumstances under which the VMPr phase should be started. Energy efficiency, economic revenue, resource
utilization, and reconfiguration time are a few of these factors to take into account. In other words, how and when the
VMPr is activated determines how effective the whole optimization plan will be. As a result, several tactics have been
employed. The literature has looked at several trigger mechanisms for the VMPr phase, taking into consideration both the
offline VMPr phase and the live iVMP phase, where dynamic VM requests are handled. Even with the donation made,
there are still numerous problems that have not been resolved, including in a two-phase optimization strategy, the VMPr
Triggering approach establishes when the VMPr phase is activated (Amarilla et al., 2017; Pires, et al., 2017). The
approach, though, reveals a steadfast trend.

A previous study by Yahaya et al. (Yahaya et al., 2020) presented a novel triggering methodology based on
prediction utilizing a Triggering method called Damped Trend Exponential Smoothing (DTES) to anticipate when to
activate the VMPr phase in the 2-phase optimization technique. Nevertheless, the DTES technique has lengthy runs of a
linear trend with identical gradients, owing to this reason, only the weak linear trend will be considered (McKenzie &
Gardner, 2010). The result of the reconfiguration step is thus not optimal. The outcome of the forecast is hence less
precise. The performance of the algorithm reconfiguration phase, economic output, resource utilization, and cloud power
consumption are all impacted as a result of the reconfiguration phase producing a less ideal solution. As a result, a novel
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optimization technique for the VMP based on better prediction systems is required. In this study, a fresh prediction-based
triggering method based on an ELM is proposed. The recommended method examines and more precisely selects when
to activate the VMPr phase to recalculate and change the position. The new strategy was evaluated and compared to the
previous strategy. The technique decreases total financial penalties for SLA violations and makes requests more
predictable. 400 alternatives are considered in an experimental comparison to the earlier approach. The experimental
findings show that the suggested technique when compared to the benchmark methodology, produced a minimal cost
function of 10.5% with better overall outcomes for economic revenue, algorithm reconfiguration time, resource usage,
and power consumption.

The remainder of this article is organized as follows. The related works are provided in section 2. Section 3
discussed the proposed technique in detail. Section 4 presents an example of a performance evaluation of the proposed
solution. Section 5 summarizes the findings of the study.

2. Related Works

This section will address an earlier study on the VMP problem, which is where the problems for this research
were found.

Fang, et al., (2013) developed a VMP and Migration technique employing a fat tree topology. For IVM placement
(iVMP), they use the heuristic algorithms First Fit (FF), Best Fit (BF), and Worst Fit (WF). For the incremental phase,
they use Random Placement Mechanism and Power-efficient Placement Mechanism, where Random Placement
Mechanism looks for a functional PM that is about to be used before taking a new PM. The algorithms used by the power-
efficient placement mechanism are FF, BF, and WF. In FF, the regulator identifies the differences between them and
allocates the VM to the PM with the smallest weight in BF, while in BF and WF, the regulator finds the differences
between them and allocates the VM to the PM with the biggest weight in WF. (ii) The VM migration will halt once you
become a flow star. Although in FF the controller looks over every VM and migrates the one with sufficient resources,
BF and WF look for weight disparities and then move the VM to the PM.

Moreover, (Calcavecchia et al., 2012) created a new Backward Speculative Placement (BSP) method that
considers the type of VM requests. It has two algorithms (i) that employ the Best Fit Decreasing technique to manage the
flow of requests (iVMP). (ii) Periodic optimization that moves the busiest hosts. (VMPr). When there is a workload, the
optimization starts at a specific period and stops if a new request comes in.

A VM dynamic consolidation approach for the distribution of resources with consideration for energy
(Baloglazov et al., 2012). The VM assignment process has two steps: Virtual machine accepts requests and assign hosts
to receive them. The virtual machines (VMs) were distributed to a host with lower power consumption after being sorted
in order of greatest to lowest CPU utilization. This was accomplished by allocating (iVMP) and (ii) Optimization of the
existing VM Allocation (VMPr). Two sections make up this optimization: the virtual machines (VMSs) that required
moving, used three double-threshold VM assignment methods to set the higher and lower thresholds for the hosts, and
recorded the total CPU consumption from all of the VMs allocated to the host.

Pires, et al., (2017) also suggested a two-phase optimization approach. (i) Incremental VMP phase: They use the
First-Fit Decreasing heuristic to quickly allocate the requested VM to the first PM with enough resources after arranging
the necessary VMs while considering revenue. (ii) The VMP reconfiguration phase: At this step, the placement of the
VMs was fundamentally reconfigured using the Memetic algorithm. The VMPr phase consists of the following elements:
use a VMPr Triggering technique to choose the appropriate time to launch the VMPr phase. The VMPr phase provided
the following to distinguish the prerequisites for beginning the phase: (i) have a method for VMPr Triggering that is
prediction-based. (ii) VMPr Recovery method outlined what to do in the event of a new request while the recalculation
time was being calculated. The VMPr Recovery approach proposed update-based progress for recovery by updating the
calculations from the VMPr phase. VMPr Triggering and VMPr Recovery consume resources while using less energy as
a consequence.
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Similarly, (Lopez-Pires et al., 2019) investigated 36 potential optimization algorithms for 2-phase virtual machine
placement algorithms in green cloud data centers to determine the best technique for decreasing power usage. 400
situations and four dynamic factors were considered. The two-phase method with prediction-based triggering and update-
based recovery procedures is most effective in lowering power consumption, according to experimental findings.

According to a recent suggestion, the VMPr phase employs a Memetic algorithm to make a unified decision to
reposition VMs globally (Yahaya et al., 2020). In this method, the VMP phase is further divided into two strategies: The
VMPr recovery strategy specifies how to handle new incoming VM requests while the VMPr is being recalculated. The
iVMP triggering mechanism indicates when the VMPr phase should be initiated. The suggested VMPr triggering model
estimates values of the global objective functions F(x,t) using a statistical method known as damped trend exponential
smoothing (DTES) to decide when to activate the VMPr phase in the two-phase optimization scheme. When activated,
the VMPr recalculates the placement of VMs at a discrete-time t over discrete time slots (i.e., recalculation time). Because
the VMPr phase is static, the position may not be correct after recalculation. Before performing a full reconfiguration, the
recalculated position must be precisely obtained using a VMPr recovery procedure since, while the VMPr is computing,
the iVMP may still accept and handle incoming requests, making the VIMPr computed solution irrelevant.
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Figure 1. Two-Phase Allocation Scheme (Yahaya & Ambursa, 2019)
3. Proposed Two-Phase Optimization Scheme VM Placement

The first step is to research the available literature. The current study towards the online (dynamic) formulation
of the VMP problem involves selecting the best PMs to host VMs in real-time. (Pires & Baran, 2014), and offline (static)
formulations that concentrate on a static environment where there is no altering when choosing appropriate PMs to host
VMs. (Pires & Baran, 2015). The goal of this effort is to create a reliable technique for starting the VMPr phase. The two
phases' algorithms were taken from earlier works. As a result, before introducing our suggested approach for starting the
VMPr phase from the iVMP phase, we briefly discuss the iVMP and VMPr phases and their specifics.
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The solution obtained offline must be in a static environment (when the system is at rest), which is not applicable
when solving a dynamic laaS environment. For these reasons, VMP problems can use two-phase formulations that
combine both online and offline approaches. Additionally, there is no guarantee that online placement will result in an
optimal solution. (Pires et al., 2017).

The two-phase formulation has an iVMP phase (Dynamic) that stores VM placement requests and a VMPr phase
(Static) that performs recalculation and replacement. The research question and the parameters of the study were
established at this point. Details of the traits mentioned are provided in Section 1. The research project considers
structuring the VMP problem as a two-phase optimization to optimize the four main objective functions as follows: (i)
power consumption, (ii) economic revenue, (iii) resource usage, and (iv) reconfiguration time. This is similar to the work
suggested by Yahaya et al., (2020).

3.1 Incremental VMP (iVMP) Phase

The iVMP discusses in previous work accepts a dynamic request for placement at runtime (pires, Baran, Benitez,
Zalinmben, & Amarilla, 2017). They use FFD heuristic to address the VMP problem at every discrete time t where VM
requests change from time to time. According to the FFD heuristic, to destroy cloud services, more virtual machines are
created and their resources are increased first (steps 1-3 of Algorithm 1). VMs resources and number are handled earlier
(steps 5-8), and elastic cloud service is more essential than non-elastic at step 4, where requests from V(t) are arranged

with the criterion of revenue (Rj (t))from highest to lowest. Next, requests that are merely cloud service creations and

are not handled by V;(t)are ranked from highest to lowest (steps 7-18). The first Hi with appropriate resources gets the
assignment from a V;. If none of the Hi have enough resources to host V; , it will choose a different federated provider.
The location x(t + 1)is then changed and returned (steps 19-20).

3.2 VMP Reconfiguration (VMPr) Phase
Researchers, like Yahaya et al., (2020), developed an offline Memetic algorithm (MA), the method is centralized
when taking a choice. The placement recalculation was done here based on the static environment. This is how it functions:

Because it will be used in the following stage, step 1 will involve creating the population. The method uses local
search to try to enhance the third-step result. The best option will be chosen after comparison. Initialization occurs at step
5, evolution begins (steps 6-12), and then crossover and mutation happen. (Step 8), and the hidden remedy is fixed in
(step 9). Using local search will then enhance the solution at step 10. The procedure will continue till the completion
condition is satisfied using the best practicable at step 11, the counter will update at step 12, and so on.

It must be stressed that this work's primary addition to the two-phase optimization strategy is the triggering
mechanism of VMPr, which decides when to start the VMPr phase. This is covered in the subsection that follows.

3.3 Proposed VMPr Triggering Method

The specifics of the prior VMP problem solution scheme, how it was split into two phases, and the technique used
to solve this problem is discussed in detail. It also details how the proposed algorithm for the VMP problem works. the
cutting-edge two-optimization with its two stages, iVMP and VMPr.

3.3.1. Previous VMPr Triggering Method
The prior VMPr triggering solution is described in this subsection, along with a discussion of its disadvantages.

The earlier method makes use of the Damped Trend Exponential Smoothing (DTES) technique (Venigella, 2010).
After assessing the optimized objective function F (x,t), the technique decides when to initiate the VMPr phase for
recalculation and position reconfiguration

In a 2-phase optimization approach for VMP issues, the VMPr triggering mechanism determines when to start
the VMPr phase. Nevertheless, the Damped Trend Exponential Smoothing (DTES) VMPr triggering strategy was put out
in earlier research articles. Moreover, the long-term tendency in the projections generated by statistical approaches
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suggests that they over predict (Hyndman & Athanasopoulos, 2018). As a result, the prediction's outcomes are less
accurate.

DTES has smoothing parameters o and 3, and both values are in the range of 0 and 1 just like Holt’s method with
another parameter for damping ¢. Therefore, it is in the equation below. (Eg. 1 to 3).

Ft+h/t = E+ "T, (1)
Ei= aNe+ (1 — a)(Epoq + ¢T¢—q) 2)
T = B(Es — Ec—1)(A — B)PT;_4 3)

where:

E;: represent the expected value of f(x,t) attime t

T;: represent the trend of f(x,t) attimet

Ftin /,: represent the value of f(x,t + 1) predicted at time t.

a: smoothing parameter for level, 0 < a <1
B: smoothing parameter fortrend, 0 < <1
¢: denotes the damping parameter, 0 < ¢ <1

The previous triggering method first determines whether there are values of x(t) (placement currently received from
iIVMP phase); if so, the values are then obtained, used to compute the expected value (E;) and trend value (T;) of the
global objective function F (x, t) using damped trend exponential smoothing (DTES), and finally used to compute the
forecast of N values f(x, t + 1). A reconfiguration is initiated and the VMPr phase is returned if the predicted values of
Fi(x) < F,(x)< ... < F,(x) are true; otherwise, the algorithm quits and the placement in the iVMP phase continues.

Listening 1: Damped Trend Triggering Algorithm
INPUT: values of x(t)

OUTPUT: reconfiguration phase (VMPr phase)
Begin:

Step 1: Check values of x(t)

Step 2: If x(t) exits then

Step 3: Get n values of x(t)

Step 4: Compute E; using DTES technique

Step 5: Estimate Ft+h/tfor nvalues of F(x, t + 1)

Step 6: If values of F;(x) < F,(x) ... <E,(x)
Step 7: Activate reconfiguration then

Step 8: Return VMPr phase

Step 9: End

Step 10: Else, return the iVMP phase

Step 11: End

Step 12: End

However, it was noted that over the long term, the statistical method's forecasts had a consistent pattern, and it
was found that the method looked to over-predict (Hyndman & Athanasopoulos, 2018). As a result, the prediction's
outcomes are less accurate.

An innovative prediction-based triggering strategy based on Extreme Learning Machine (ELM) techniques is
suggested as a solution to the issue. (See Equations (4) and (5)). This method has been demonstrated to be extremely
effective for many predictions (Huang et al., 2010).
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The ELM is a learning technique that uses feed-forward in artificial neural networks and is used for classification
and regression. It was first proposed by (Huang et al., 2006). The algorithm is simpler than other neural network techniques
because it just has one hidden layer. In general, neural network algorithms outperform most other methods, including the
DTES utilized in the benchmark work, in terms of prediction. The suggested approach determines when to initiate the
VMPr phase by evaluating the optimized objective function f(x, t).

How it works: the ELM starts with training data, inputs are multiplied by a weight, added with bias, and then the
activation function is applied. The phases will be repeated a certain number of times to obtain the outcome.

The model of ELM is given in equation (4)

FL(x) = ¥k, Bigi(x) = Y, Bigi(wi*xj + bi),j=1,..,N (4)

(xi, ti) € Rn X Rm (l =1,2, ,N) (5)
where:
L: represent the number of hidden units
N represent the number of training samples
B represent the weight vector between the hidden layer and output
w: represent a weight vector between the input and hidden layer
g: represent an activation function
b: represent a bias vector
X: represent an input vector
m: represent the number of outputs
H: represent hidden layer output matrix
T represent a training data target matrix

(1) In accordance with g, the method can achieve the lowest training error; (2) it can achieve the best generalization
performance of the output connection weights and network; and (3) it is special. The local optimum solution may not be
produced as a result. In conclusion, given a hidden node number N, an activation function f(x), and a training set
(xl-, ti) € Rn XRm (l =1,2, ,N)

The three stages that make up the ELM algorithm are as follows:

In step 1, input weights ai and hidden layer biases bi is assigned at random (where i = 1,2, ..., N).
Step 2: Determine the H matrix for the hidden layer output.

Step 3: Determine the output weight based on the aforementioned equation

The Extreme Learning Machine (ELM) is used to compute the expected values E; of the f (x, t) global objective
function before computing the forecast of N values f(x, t + 1). This is the proposed triggering technique in Algorithm
2. It first checks to see if there are values of x(t) (placement currently received from iVMP phase); if the value of x(t)
exists; otherwise, it gets the values. The method ultimately determines if the forecast values of F; (x), F,(x),..., E,(x) are
accurate; if so, reconfiguration is triggered and the VMPr phase is returned; otherwise, the algorithm leaves and the
placement in the iVMP phase continues.

Listening 2: Proposed Extreme Learning Machine Triggering Algorithm
INPUT: values of x(t)

OUTPUT: reconfiguration phase (VMPr phase)

Begin:

Step 1: Check values of x(t)

Step 2: If x (t) exits then

Step 3: Get n values of x(t)

Step 4: Compute E; using ELM technique
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Step 5: Estimate Fr4n /tfor nvalues of f(x, t +1)

Step 6: If values of F;(x) < Fy(x) ... <E,(x)
Step 7: Activate reconfiguration then

Step 8: Return VMPr phase

Step 9: End

Step 10: Else, return the iVMP phase

Step 11: End

Step 12: End

4. Performance Evaluation

This section provides the experimental setting for this study, including computing resources. These tools are used
to assess the success of the research effort. Windows 10 Pro, an Intel(R) Core TM 15-4300U processor operating at 2.50
GHz, and 8 GB of Memory were used to complete the experiments. Python programming language was used to implement
the algorithms that were evaluated.

4.1 Experimental Settings

The experimental setup's specifications were modified from those in a benchmark publication (Yahaya et al.,
2020). For the proposed virtual machines, the Elastic Compute Cloud (EC2) that will be utilized was adopted from
Amazon EC2 described in (Yahaya et al., 2019) It's critical to remember that the following hazy criteria would be
considered: (1) the horizontal elasticity of the number of VMs that make up cloud services, (I1) the vertical elasticity of
virtual resource capabilities, (111) the usage of CPU and RAM virtual resources, (1V) the utilization of networking virtual
resources (both relevant for overbooking). Thus, it would be considered that each parameter's behavior is represented by
two different Probability Distribution Functions (PDFs) (i.e., Uniform and Poisson). To build workload traces of cloud
service requests for provider-focused VMP problems, a Cloud Workload Trace Generator (CWTG) was employed
(Ortigoza et al., 2016).

Table 1: PM types considered for simulations

PM type Pri,i Pr2,i Pr3,i P Ci
[ECU] [GB] [Mbps] maxi

H_small 32 128 1000 800 1

H_medium 64 256 1000 1000 1

H_large 256 512 1000 3000 1

H_xlarge 512 1024 20000 5000 1

Table 2: Number of PMs per each considered laaS data center

PM type DC1 DC2 DC3 DC4 DC5
H_small 50 30 20 15 10
H_medium 50 30 20 10 10
H_large 50 30 15 10 9
H_xlarge 50 10 8 10 8
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Table 3: VM types from Amazon EC2 are considered for cloud service requests in simulations.

ID Instance Type Vrl, j [ECU] Vr2, j [GB] Vr3, j [Mbps] Rj [$]
0 m4_large 6.5 8 450 0.12
1 c4_large 8 3.75 500 0.105
2 m4_xlarge 12 16 750 0.239
3 c4_xlarge 16 7.5 750 0.209
4 m4_2xlarge 26 32 1000 0.479
5 c4 2xlarge 31 15 1000 0.419
6 m4_4xlarge 53.5 64 2000 0.958
7 c4_4xlarge 62 30 2000 0.838
8 m4_10xlarge 124.5 160 4000 2.394
9 c4_8xlarge 132 60 4000 1.675
10 x1_32xlarge 349 1952 10000 13.338

4.2 Objective Functions

The four primary objective functions provided by Pires and Baran (2015) in their study, A Virtual Machine
Placement Taxonomy, will be taken into consideration in this work: power consumption, economic revenue, resource
utilization, and reconfiguration time. The four-goal functions were integrated into a single optimization context while
accounting for the cost of each objective function. This section outlines the processes that were followed to arrive at the
goal function. These acts are modified versions of prior work.

4.2.1 Power Consumption

The total power consumption of each Physical Machine (PM) H; (i.e., resources not given to any Virtual Machine
(VM) V; that makes up the complex IaaS environment, as indicated in equation (6), may be used to illustrate the power
consumption minimization proposed by (Baloglazov et al., 2012).

freey = Zino ((omax; — pming) x Ury i(8) + pmin;) x Y;(t) (6)
where;
x: Evaluated solution of the problem;
fi (x,t): Total power consumption of PMs at instant t;
pmax;: Maximum power consumption of a PMH;.
pmin;: Minimum power consumption of a PM H;.
Ury ;(t): Utilization ratio of resource 1 (in this case CPU) by H;at instant t;
Y; (t) € {0, 1}: Indicates if H; is turned on (Y;(t) = 1) or not (Y;(t) = 0) at instant t.

4.2.2 Economical revenue

By reducing the total expenses of renting resources from other cloud federation data centers as well as the total
economical fines for SLA breaches, as shown in equation 7, the goal of this effort is to maximize the entire economic
income that an laaS provider obtains.

f2 e = LC() + EP(Y) (7)

where:
f2 (x,r)" Total economical expenditure of the main laaS provider at instant ¢
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4.2.3 Resource Utilization
By reducing the average ratio of resources spent on each Physical Machine (PM) H; (i.e., resources not given to
any Virtual Machine (VM) V;), as stated in equation 8, the process of maximizing resource usage was carried out.

z?ﬂ[l—(—ml T""'(t))]m(t)

where:

f3(x, t): Average ratio of wasted resources at instant t;

Ury i (t): Utilization ratio of resource k of PM H; at instant ¢;

r: Number of considered resources, in this work r= 3: CPU, RAM, and network capacity.

4.2.4 Reconfiguration Time
By reducing the maximum amount of RAM that may be transferred from one PM H | to another H i as specified
in equation 9, the maximum reconfiguration time can be reduced.

falx, t) = max(MTm) vi,i €{1,..,n} (€)]
where:
fa(x, t): Network traffic overhead for VM migrations at instant ¢;
MT;;: Total amount of RAM to be migrated from PM H; to H;.

4.2.5 Aggregate Cost Function (ACF)

Every objective function that is taken into consideration must be expressed in a separate optimization context,
and the costs of each objective function must be normalized to be comparable and integrated as one goal. This work
normalizes each objective function cost by computing F; (x, t)R, i.e., F; (x, t) for each original objective function f; (¢,
to merge the metric functions according to equation (10)

A Fit) - f; O min
(x,t) = 10
fl( ) fi D) max—fi () min ( )

Where:

f:(x,t): Normalized cost of the objective function f; (x,p) atinstant t.
fi &ty Cost of the original objective function f; (1)

fi (%, )min: Minimum possible cost for f; .. 1

fi (%, ) max: Maximum possible cost forf; . 1).

A single objective is created by combining the supplied normalized objective functions with a minimal Euclidean
distance to the origin as specified in equation (11)

F(x,t) = /Z?=1ﬁ(x, t)? (11)
Where:

F(x,t) denotes a single objective function that combines all of the f;(x,t) values at instant t; f;(x, t) represents the
normalized cost of the f; () values at instant t; and g denotes the number of f; . ) values (in this example, g=4).

Also, much as in earlier studies, the number of virtual machines (VMs) that make up cloud services as well as the
uncertainty of the evaluation parameters are taken into account in this study. Due to the erratic nature of client demands
and the overall maturity of dynamic cloud settings, (iii) CPU and RAM virtual resources consumption as well as (iv)
utilizing virtual networking resources.

Typically, uncertainty is modeled using a collection of scenarios S that take into account the unknown parameters.
Equation 12 defines the temporal average value of the objective function F(x, t) for each scenario s €S.

© The Author(s), under exclusive license to SLUJST 2023 122
Special Issue on Computing & Advances in Information Technology



Online ISSN: 2736-0903

Sule Lamido University Journal of Science & Technology Vol. 6 No. 1&2 [March, 2023], pp. 113-130  |Print ISSN: 2736-089X

https://doi.org/10.56471/slujst.v6i.359 |www.slujst.edung
tmax gy ¢
fs(x: t) — t=1—(x’) (12)
tmax
Where:

fs(x, t) : Temporal average of the combined objective function for all discrete time instant ¢ in scenarios € S;
tmax - Duration of a scenario in discrete time instants.

The average criteria (Aloulou & Croce, 2008), which is defined as the average F;(x, t) for all situations s € S as
given in equation 13, is used in this study to choose a solution from a group of candidate solutions.

YN AT
Acriteria = F (x,8) = T (13)

Where:
Acriteria: denotes the average cost function criteria.
The optimization's overarching goal is to reduce the average cost function.

4.3 Experimental Results
This section offers the experimental findings and a discussion of the experiment results with a comparison to the

benchmark study for the suggested triggering technique.

4.3.1 Results Presentation

The outcomes of the simulation experiment are presented in this subsection. The simulation took into account 80
distinct workloads in addition to five laaS data centers (DC1, DC2, DC3, DC4 & DC5). 400 different possibilities were
therefore taken into account. Figures 4 to 8 for the executed experiments indicate the average values of the simulation's
outcomes.

Table 4 provides a numerical breakdown of the simulation's average findings from the five data centers (DC1
through DC5). The figures in the table show how much each of the assessment factors that were taken into consideration
as defined in equation (13).

The picture displays the values of the time-based average cost of DC1 to DC5, or the F;(x,t) in DC1 to DC5 for
each scenario s € S, to analyze the findings in Table 4. Equation 12 was used to acquire the values.

Table 4. Average values of results obtained in the performed experiment.

Algorithms DC1 DC2 DC3 |DC4 |DC5 | Ranking
This Work 0.677 0.690 0.682 | 0.684 | 0.692 1
Bench work (Rahina et al, 2020) 0.711 0.780 0.820 |0.798 |0.841 |2

© The Author(s), under exclusive license to SLUJST 2023 123

Special Issue on Computing & Advances in Information Technology



Online ISSN: 2736-0903

Sule Lamido University Journal of Science & Technology Vol. 6 No. 1&2 [March, 2023], pp. 113-130  |Print ISSN: 2736-089X

https://doi.org/10.56471/slujst.v6i.359 www.slujst.edung
‘o Temporal Average CostinDC 1to DC 5
081 My ,a ‘n M“Wm‘ M‘
- *Q"gw T “ﬂ"' ook,
Z 06
G
2
2 04 1
=
0.2 A *
Simulated Result DC1 to DC 5
A Benchmark
0.0

0 10 20 30 40 50 60 70 80
Workloads

Figure 2. Average values of F; (x,t) in DC 1 to DC 5 per each Scenarios € S

The performance behavior of the comparative works with regard to the various data centers is shown in Figures

31to 7. Itis clear that in each of the five data centers' trials, the work based on the suggested strategy performed better than
the benchmark work.

Comparisgn betwween Prediction with ELM (100 hidden nodes) and Benchmark for DC 1
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Figure 3. Average values of F; (x,t) in DC 1 per each Scenarios € S
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Figure 4. Average values of F; (x,t) in DC 2 per each Scenarios € S

Comparifgn betwween Prediction with ELM (100 hidden nodes) and Benchmark for DC 3

0.8 1
_ 4 “**:"' n«..m M#
% 061 *i*"n
5
£
§0.4-

0.2 1
* Simulated Result

4 Benchmark
00 1 ) T 1 ) T T

AA‘AA ‘l‘.&.‘l“‘ A‘;‘A‘uﬁ.

Workloads

Figure 5. Average values of F; (x,t) in DC 3 per each Scenario s € S
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Figure 7. Average values of F; (x,t) in DC 5 per each Scenarios € S

4.3.2 Result Discussion

Workloads

This study investigated the impact of VMPr triggering approaches on the 2-phase virtual machine placement
difficulties. The combined power usage, economic revenue, resource usage, and reconfiguration period functions make
up the mean evaluation metric used, F (x, t) minimization cost function.

The average numerical values of the A.,;+0riq attained by each strategy at the end of each trial serve as a summary
of the assessment outcomes in Table 4. The table's analysis of the benchmark work's performance from DC1 to DC5
shows that while the number of PMs dropped from 50 to 10, the aggregate cost climbed dramatically, from 0.711 to 0.841.
On the other side, the total cost of this activity across the five data centers climbed somewhat, from 0.67 to 0.69.
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The results of Figure 2 clearly show the consequences of Table 4 scenario by scenario. For each scenario, the
results from the five data centers were averaged. Figure 2 also illustrates the behavior and performance of the F;(x, t)
Temporal Average Cost on the Extreme Learning Machine (ELM) and Damped Trend Exponential Smoothing (DTES)
in each experiment. As shown in Figure 2, the suggested work outperformed the benchmark work as the workload grew,
although both techniques performed equally when the workload was between 0 and 30. This performance behavior of the
benchmark work is a result of the prediction model's flaw, which is that over the long term, statistical forecasts exhibit a
consistent tendency, and it has been found that these approaches overpredict. During times of light workloads, this
behavior did not show, but as the load mounted, the constraint became clear. As a result, the optimization's start at the
VMPr phase was impacted, which led to the placement of VMs outside of optimum conditions. On the other hand, the
proposed system's successful performance was a result of the influence of its ELM prediction model. Since the ELM
model has a higher prediction accuracy than the DTES, optimization during the VMPr phase was effectively triggered,
leading to better placement VMs.

Figures 3 to 7 give the breakdown of the result presented in Figure 2 to more clearly understand and study the
statistics displayed in Table 4. Even though the benchmark work initially displays competitive behavior in each of the
five data centers, it is clear from the numbers that the suggested technique ultimately recorded greater performance in
each of the five data centers.

Results from this study are presented in Table 4 above, which shows that the suggested Extreme Learning
Machine model for Triggering the VMPr phase outperforms the existing benchmark technique in the experiment and that
the results attain a minimal cost function in the circumstances considered. This study result is consequently superior to
the benchmark research findings, as determined by the Extreme Learning Machine Approach.

The study effort also yielded improved results (i.e., Minimum Cost) for the average values F;(x, t) in the overall
scenario considered for the five data centers, taking into consideration the results displayed in Figure 2. (DC 1 to DC 5).
In conclusion, our work achieves a better result (Minimum cost) with an average value of 0.685, or 68.5%, compared to
the benchmark task, which receives an average value of 0.79, or 79%.

The four different objective functions of power use, economic revenue, resource usage, and reconfiguration period
were integrated into a single composite objective function to simplify the optimization process and gain better trade-offs
between the four separate objective functions. In terms of power consumption, economic income, resource utilization,
and reconfiguration time, this implies that the proposed technique may optimize VM location to achieve better tare-offs
than the benchmark.

This work outperforms the benchmark work using the minimization approach by 10.5% due to the suggested
Extreme Learning Machine Techniques, which provide a better and more accurate Prediction Outcome and lead to a more
effective solution during the reconfiguration phase of the two-phase optimization scheme.

A unique technique to begin the VMPr phase of the 2-phase optimization scheme for the uncertain VMP Problem
is using the suggested prediction-based VMPr triggering approach on extreme learning machines. It is founded on an
analysis of the tests that were carried out.

Overall, the findings demonstrate that, in the instances considered, the strategy proposed in this study to initiate
the VMPr phase beats the benchmark method by achieving a minimum cost function. The ELM-based VMPr triggering
technique, therefore, outperforms Damped Trend Exponential Smoothing for the two-phase optimization of VMP
(DTES).

5. Conclusion

This study proposed a novel two-phase triggering mechanism for the Virtual Machine Placement problem,
comparing an offline (VMPr) phase that is a static environment for placement recalculation and reconfiguration with an
online (iVMP) phase that takes dynamic requests from the client at runtime. Also, the study effort suggested a way for
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activating the VMPr phase of the two-phase optimization approach based on an Extreme Learning Machine. As a result,
the VMPr phase's performance is improved, which also improved the performance metrics under consideration.

This research paper presented an Extreme Learning Machine Prediction Basis Triggering approach for virtual
machine placement in cloud computing data centers to address the difficult VMP challenges in the laaS environment. As
a consequence, resource overbooking (server and network) and service flexibility (vertical and horizontal) are taken into
account. It combines the benefits of offline (static) and online (dynamic) VMP formulations. Additionally, some novel
prediction-based triggering algorithms were presented to specify the optimum time to start the placement recalculation
phase. It is therefore the most complicated.

400 different circumstances were used in an experimental evaluation of a benchmark study. By generating a
minimal cost function with an improvement of more than 10.5%, the findings show that the recommended VMPr
triggering approach surpasses the benchmark work. The suggested prediction-based triggering techniques based on
Extreme Learning Machine, as shown in table 4, offer a superior optimal solution from the reconfiguration phase of the
two-phase optimization strategy. Further work includes formulating the VMP problem with a more intricate Cloud
Federation that can account for more than five data centers, putting the suggested work into practice, and formulating the
VMP problem with the dynamic PM that accounts for both maintenance and the deployment of new generation hardware.
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