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Abstract: Most of the existing data center allocation mechanisms are either user-centric or service-provider-centric, not
for both ends but in reality, both have different objectives. For example, the objective of a user is minimization of cost,
response time as well as processing time whereas the objective of service provider is to maximize the profit and
processing time and minimization of response time, bandwidth, energy consumption and computing overhead subject to
effective resource utilization and load balancing. To address this challenge, this paper introduces a Cost Denigration-
Based Data Center Allocation Policy (CD-BDAP) utilizing Particle Swarm Optimization (PSO), which simultaneously
considers economic cost, response time, and energy consumption in the selection of data centers. In contrast to
conventional PSO-based broker policies, CD-BDAP integrates a workload similarity-aware allocation strategy by
calculating a dissimilarity index among user requests, thereby facilitating enhanced consolidation and energy efficiency.
A weighted objective function is developed to balance user-centric metrics (cost and response time) with provider-
centric metrics (profit and energy consumption), explicitly capturing their trade-offs. The proposed mechanism is
assessed utilizing CloudAnalyst, which is constructed on CloudSim. The experimental results indicate that CD-BDAP
achieves a reduction in VM cost, a decrease in response time, and an enhancement in energy efficiency, while
simultaneously increasing the overall profit for service providers. The findings suggest that the integration of energy-
aware cost modeling and workload similarity into PSO-based allocation can enhance both economic and performance
efficiency in the selection of cloud data centers. The outcomes of CD-BDAP are compared with the existing PSO-based
mechanisms and found to exhibit enhanced performance.

Index Terms: Data Center (DC), Response Time, Optimization, PSO, Energy, Cost.

1. Introduction

Due to the rapidly increasing use of cloud resources, resource management has become a critical challenge in
hybrid and multi-cloud environments. Typically, resource allocation follows either a client-centric or a service provider-
centric approach. An effective resource allocation and scheduling mechanism can significantly enhance resource
utilization and enable efficient load balancing [1]. Each cloud service comes with its own on-demand resource
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requirements. Key constraints that differentiate these services include time, cost, bandwidth, resource utilization, energy
consumption, and the number of instances required. Given the variability in service size across requests, an automatic
prediction and identification model is essential to select the most appropriate data center (DC) for optimized resource
allocation [2]. Several service-based models have been proposed to enhance data center utilization [3, 4]. Selecting the
most optimal data center (DC) has become increasingly challenging and complex due to the growing number of services
and user demands [5]. The primary goal of resource allocation techniques is to assign resources on demand to meet user
requirements while maximizing overall resource utilization [6].

In recent years, various heuristic approaches have been explored for resource allocation in cloud environments.
Among these, swarm intelligence has emerged as a promising method, demonstrating significant results, particularly in
task scheduling [7]. Among the available swarm-based methods, Particle Swarm Optimization (PSO) has shown the
most substantial contributions in delivering optimized solutions. It outperforms several conventional cloud-based
optimization techniques, including Simulated Annealing, Min—Min, Max—Min, and Genetic Algorithms [8, 9]. In this
work, we propose a novel mechanism named CD-BDAP using PSO to identify suitable data centers (DCs) by
optimizing user requests with the objective of maximizing profit for the service provider. Our approach computes an
optimized list of DCs by considering multiple parameters that influence profitability. Finally, we introduce a resource
allocation mechanism that ensures a balanced benefit for both cloud users and service providers. Our model is different
from the conventional PSO-based models in various aspects that are listed in Table 1. Specifically, the novelty of CD-
BDAP includes:

« Energy-aware VM cost optimization, where VM cost is indirectly optimized through energy consumption
rather than treated as a fixed parameter.

« Integration of a similarity (dissimilarity) index among user requests into the data center allocation decision,
which is not present in existing PSO-based broker policies.

« A cost denigration mechanism that prioritizes data centers with lower marginal energy-to-cost ratios, linking
infrastructure efficiency to economic outcomes.

Table 1. Highlights of the Proposed CD-BDAP with conventional PSO based models

Aspect Conventional PSO-Based DC Selection Proposed CD-BDAP
Optimization technique PSO PSO
Focus of optimization Single or limited objectives (cost or time) Joint economic—energy optimization
User-centric metrics VM cost, response time VM cost, response time, processing time
Provider-centric metrics Often ignored or implicit Explicit profit and energy efficiency
Energy awareness Indirect or absent Explicit energy-aware VM cost optimization
Wozl;iloseilgesri;ggirity Not considered Similarity/dissirnri;ecllﬁgtisndex among user
Allocation decision basis Fitness value only Cost denigration + fitness + similarity
PSO parameter analysis Fixed from prior work Parameter sensitivity and convergence analysis

The rest of the paper is organized as follows: The existing related works on optimization techniques in CC are
studied with the summary in Section 2. The system design model and definitions of the proposed CD-BDAP are
discussed in Section 3. The detailed design mechanism of our CD-BDAP is presented with the algorithm and flowchart
in Section 4. The simulation of the proposed algorithm and its performances are studied and discussed in Section 5. The
comparison performance of the CD-BDAP with the benchmark techniques is analyzed and noted in Section 6. Finally,
in Section 7 the conclusions with observations and the future directions are presented.

2. Related Works

Recently, various works have been proposed for DC selection for the user requirements. In our previous work, it
was described that the service broker policy is responsible for finding and routing the user request to the suitable DC
[10]. Peng et al. [11] presented a resource allocation mechanism based upon the type of user request. Syed et al. [12]
studied a different resource allocation mechanism and observed that the existing mechanisms are not considering some
important parameters, so enhancement is required. Kaur ef al[13] present a DQ-HEFT mechanism for workflow
scheduling to optimize execution time and makespan. The work proposes the deep learning technique for optimal
scheduling of the workflow in CC. Kim et al. [14] suggest a VM placement mechanism in CC and discuss that energy
consumption is more important than other parameters in allocation. Recently, another cost-based VM allocation is
suggested with respect to energy consumption. The work presents the mechanism to migrate the VM with minimum
energy consumption and reduces the cost [15].

In [16], a nature-inspired ACO-Fuzzy-based resource allocation mechanism is proposed. The work contributes to
minimize the end-user cost for allocating computing and network resources in the cloud. Chen ef al. [17] addressed the
workflow scheduling mechanism considering deadline as a constraint and minimizing the total renting cost of the
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resource.

The authors [18] proposed a hybrid discrete multi-verse optimization algorithm to allocate VMs in DC by
improving power consumption and reducing resource wastage. Different attempts are made to design hybrid
mechanisms with an amalgamation of existing techniques. Xuezhi et al. [19] introduced a greedy-based scheduling
algorithm to reduce renting cost of resources. It meets service level agreement along with other constraints. In [20],
modified PSO mechanism is proposed for task scheduling considering the QoS for better RM. Zhou et al. [5] also
suggested the modification of PSO to optimize energy consumption in task scheduling. The work has not discussed
other parameters of the task and resources in CC. Jafar et al. [21] proposed two optimization techniques for VM
placement. The work suggests the PSO and Ant colony optimization (ACO) techniques with optimum energy
consumption for VM placement. Divya et al. [8] discussed a new load balancing technique to stabilize the total cost and
the data transfer cost. The work achieves the goal by suggesting the balanced PSO (BPSO). Suchintan et al. [22]
proposed an ACO technique for cost optimization. The work optimizes the computing cost, bandwidth cost and I/O cost
for resource allocation in enterprise cloud. The work does not consider different time parameters associated with
resource allocation. Moreover, a binary PSO is discussed by Mapetu et al. [23] for load balancing in task scheduling
and claims low cost and low time. To schedule the tasks efficiently, a modified Henry gas solubility optimization is
implemented which is based on whale optimization [24]. The authors observed better performance when tested on a
synthetic dataset.

Table 2. Symbol and notation

Symbol / Notation Description
DC; i data center
U Set of user requests
u; i user request
VM Virtual Machine
VM; Virtual machine allocated to user u;
VMtotal Total VM cost paid by the user
requestcos Request cost
VMCcost VM usage cost
DTcost Data transfer cost
VMP s VM processing (CPU) cost
Meost Main memory cost
ST ecost Storage cost
(x) Number of memory units (MB)
) Number of storage units
Revenue Total income earned by the service provider
profit Net profit of the service provider
energy Energy consumption cost
Net, Network resource cost
Pow; Power consumption of the i physical server
Energyiown Total energy consumed by a data center
util; Utilization of the i server
EPT Expected processing time
ResTime Response time
ProTime Processing time
DIB Degree of load imbalance
I Index of dissimilarity
w Inertia weight in PSO
(cl, c2) Acceleration coefficients in PSO
Pres Personal best solution
Ghest Global best solution
wi, w2, w3, wd) Weights in multi-objective optimization
N Number of particles / candidate data centers
k Iteration index
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3. System Definitions and Metrics

This section highlights various parameters that are considered to outline the allocation model. We claim that there
are different parameters and constraints of the user request, network and data centre, and formulate most of them for
designing our proposed algorithm. Table 2 presents the various symbols and notations used in this work.

Definition 1: (request Cost) — Concerned with the VM cost per user request based upon the resource type and duration
of resource utilization time. Assume the VM;is configured for user request U; with resource type 7; for duration ¢ and is
defined as:

requestoost = X, C(VM;) * t (1)

Definition 2: (Data Center) — A data center (DC) can be represented as a tuple DC={R,AR,OS,VMM,VMP o1, Mcosi,
STecos, DTcosr, PU} where R = the region for locating the DC, AR = architecture of the DC, OS = operating system to
compute the user application on demand, VMM = VM manager, VMP., = the cost per VM, M.o = memory cost, STcos
= storage cost, DT¢,y = data transfer cost and PU = the physical hardware units.

Definition 3: (Total VM cost) - The actual monetary cost incurred by a user for executing a request in a cloud data
center is comprised of two primary components: the virtual machine (VM) usage cost and the data transfer cost. Both
elements directly contribute to the total amount charged to the user. The data transfer cost encompasses both inter-
region and intra-region communication overhead, which significantly impacts user expenditure and the operational
efficiency of the service provider. We formulate it through Eq. (2).

c (VMtotaI) =C (VMcos t) +C (DTCOS t) 2

The formulation of VM usage cost in Eq. (3) further disaggregates the cost into VM processing cost, main memory
cost, and storage cost. This decomposition is warranted by the fact that cloud providers independently price computing,
memory, and storage resources, thereby enabling flexible provisioning and detailed billing. The VM processing cost
accounts for CPU execution charges, while memory and storage costs are represented as linear functions of allocated
memory units (x) and storage units (y), respectively.

The VMcost is derived in Eq. (3) using VMPost, Meos and ST, as:

C(VMcost) = C(VMP'cast) + Z::l C(Mcost) + Zj):l C(Sz-;:ost) (3)

Where x = number of required memory units in MB of main memory
y = storage units in X-MB [25, 26] and the said values are addressed by the service provider during the DC
configuration using a different pricing model.

Definition 4: (Expected Profit of Service Provider): 1t is the deduced cost for utilizing the resource r for a user request u
that is produced from the revenue. The revenue is the collection of charges for the service while allocating the resources

according to the user request [27]. Here, we compute the revenue as the collection of VM,y.;, Power consumption cost
C(Pow) and Network consumption resource cost C(Netr) and it is derived in Eq. (4).

profitExpected = C(VM¢otar) + C(Pow) + C(Net,) 4)

Definition 5: (Estimated Processing Time): The cost is directly influenced by the estimated processing time which

involves the resource utilization. Assume request u demanding » units of resource type r with processing speed vy, and it
is defined in Eq. (5).

EPT, =77}y (5)

Definition 6: (Power Consumption): The power consumption Pow at time ¢ for the data center containing N,;, number
of physical servers, the power consumption for the i physical server Powi of the data center is derived in Eq. (6).

Nyjy
Pow(t) = Er.j'} Pow; (t) (6)
CPU is the major power consumption component of the physical server in the data center. Every CPU has constant
power consumption Powiq. When it is in an idle state and can reach a maximum of Powmax at full virtualization with

N,» number of virtual machines [28]. Therefore, we derive the Pow;(?) for the i server through the Eq. (7).
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Pow;(t) = Powigie, + (POWiax, — Powigpe,) = util 7
Thus, the total energy consumed by the server is defined in Eq. (8).
Energy = _fot Pow (utilization(t)) (8)

Definition 7: (Utilization): We estimate the utilization (util) for the server i at time ¢ hosting N,,, number of virtual
machines with expected processing time £PT and is defined in Eq. (9).

. Nym .
util;; = E}':l EPT; = util; (t) )
Definition 8: (Network resource cost): It defines the multiplication of the amount of data transferred, the unit price of
network (P,) and the number of network units (r). The network device cost is based upon the in-bound P,./" and out-
bound P, cost. We define the cost function for network resource cost C(Net,) in Eq. (10).

CNet,) = (J;" Pt + B =7 (10)
4. Proposed CD-BDAP Model

In this section, the proposed model suggests the concept of PSO with the formulation of new fitness functions
incorporated into DC allocation. CD-BDAP defines various objective functions using different influencing parameters
related to the data center and user request.

4.1. User—Provider Trade-off

The allocation of cloud data centers inherently involves conflicting objectives between cloud users and service
providers. Users primarily aim to minimize service costs and response times, whereas service providers seek to
maximize profit by enhancing resource utilization efficiency and reducing operational costs, such as energy
consumption and network overhead [29]. Optimizing one objective in isolation often compromises the other, rendering
it impractical to achieve simultaneous global optimality for both parties. In CD-BDAP, this conflict is addressed by
formulating the data center selection problem as a weighted multi-objective optimization rather than a single-objective
optimization. User-centric objectives, including VM usage cost and response time, and provider-centric objectives,
including profit and energy consumption, are integrated into a unified fitness function using configurable weights.
These weights enable the allocation policy to explicitly control the relative importance of user satisfaction versus
provider profitability, thereby transforming the problem into a controllable trade-off rather than an implicit assumption.

4.2. Weighted Multi-Objective Optimization Formulation

In cloud environments, the allocation of data centers entails addressing multiple conflicting objectives that cannot
be optimized simultaneously to their individual optima. Specifically, the minimization of user-centric metrics, such as
service cost and response time, often conflicts with the maximization of service-provider-centric objectives, such as
profit and energy efficiency. To address this issue, the proposed CD-BDAP mechanism conceptualizes data center
selection as a weighted multi-objective optimization problem, wherein competing objectives are explicitly integrated
into a single fitness function through the use of adjustable weights. The optimization goals can be expressed as: min
VMcosi, min EPT, , min Energy and max profitggpecea. These objectives are unified into a scalar fitness function as:

VM TOJU Erpecte EPT, E
Fitness:wl(——“’”]—i—w2 P fE_p ted —w3£ X ]*—m(&j (11)
max(VM ) max(profit pypeciea ) max(EPT,) max(Energy)

where w;, wa, w3, wy > 0 and witwotws+wy=1.

The normalization terms ensure that objectives with different units and scales contribute proportionally to the
fitness evaluation. By adjusting the weight parameters, CD-BDAP facilitates explicit control over the balance between
user satisfaction and provider profitability. Assigning higher weights to user-centric objectives results in lower costs
and reduced response times, whereas prioritizing provider-centric objectives with higher weights enhances energy
efficiency and profit maximization. This formulation permits the optimization process to explore a range of feasible
trade-off solutions, rather than imposing a singular, inflexible allocation policy.

4.3. Optimized Profit Based DC Selection

We discuss how to calculate the optimized DC list to gain maximum profit based upon the computed user request
list to prepare the optimized DC list. The position and the vector are two major computing parameters in PSO to
compute the optimized solution. The following steps of the designed model are discussed.
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Step 1: In our proposed system we formulate the Profitepeciedas position and VMeo. as speed. So, the computed fitness
function f(DC) is formulated in Eq. (11).
Step 2: The DC with minimum pow and maximum ufil is set as the position (Ppes) treated as DCiyiia using Eq. (12).

DCinitin = max f (util) subject to min f(pow) (12)

Step 3: Compute the global best (Gpesr) using the fitness function formulated in Eq. (9) as the preferred DC (DCpyefer) in
the region using Eq. (13).

DCprefer = max(f(DC)) (13)
The work aims to allocate a suitable DC for each user request. Here, every computed possible solution is treated as
the particle. Let us assume the representation of each particle as DC; that is i particle as DC for k" generation in the
population space and can be defined in Eq. (14).
={Dck, nck,...,pck) (14)
Where, N= number of candidate solutions for DC.

DC* = {DCFK,DC¥,...,DCEY and here 1<i<N

Step 4: Set the position and velocity for the DC as DC;* and Vi, subject to 1<i<N , 1</<D and 1<k< Maxy.
Where, Maxi,» = maximum number of iterations that is considered as a termination criterion.

Step 5: Compute Pbest and gbest DC for & iteration. So, after the kth iteration, the particle DC/ iteration has a personal
best as:

DCpbest - {Dcpbest 1’ Dcpbest P chbest,n}
And the global best within the population as:
chbest {D gbestyr chbest—) ---- chbestn}

Where DCgpesi*= best computed DC according to our formulated fitness function.

Step 6: The particle position needs to be changed to a new position concerning velocities in the PSO mechanism after
each iteration. So, we compute updated velocity using Eq. (16).

kK _ k-1 K
Vj=a*=V; " +ei*n [Dcpbest!-f

Ck l] +c*1y [chbelst - DC:}_I (16)

Where, @ = inertia weight which puts a constraint on uncontrolled velocity.
¢1, co= are acceleration coefficients

r1, r>=random variables ranging from 0 to 1.

Step 7: The newly updated position is derived as:
DCY =DCiH + Vi (17)

For each update, the current fitness value of the particle is calculated based on the new fitness value of the personal
best modification.

. [DCEIf f(DC) < f(DChse)
DCppest, = . (18)
DCpbest otherwise
Then the global best is also modified as follows.
DC pbest Lf f(DCpbest ) < f(D best)
DCgpest = . (19)
DCjyest, otherwise
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Hence, each particle dimension is similar to the DC specifications and the positions of DCs are initialized
randomly from the DC list. The proposed Optimize DC algorithm gives the mapped index of the DC in the list which is
optimized.

Algorithm: Optimize DC()

Inputs: Data Center List D, Maxi. (terminating criteria)

Outputs: Optimized DC List D

1 Begin

2 Initialize the particles data centers with random positions and velocities
3 Set DC={DC,, DC,, . .., DCy}

4. Set the Data Center Matrix DC/i][j ] where 1<j<D

5. Set C(VMcost) and C(DTeosy)
o

7

8

9

Set DCinitiaI = min((C (VMCOS t)- C (D Tcos t))
ASSigIl DCgbestk =D Cpbestk =D Cinitial

Calculate initial f{{DCppes) and f{DClgpes)

while (k<Max;,) do

10. for j=1to D do
11. Compute inertia parameter o
12. for i=0 to N do
13. Update Particle velocity
VE = ax VIt oy 21y [DCpess, — DCETY 4+ w1 [ DO, — DCE?
14. Update particle position using i.e DCF, = DCE™1 + V%
15. if f(DCY) < f(DChpese,) then
16. chbest,- = DCIR
17. if U(chbest,-) < f(DC;best)) then
18. chbest = chbest,-
19. end if
20. end if
21. Increment k++
22. end for
23. end for
24.  end while
25.  Stop
4.4. DC Allocation Mechanism
Let us consider C={cy, ¢5, . . ., cN} as the set of DC clusters and D < C where D is the optimized DC list

computed using PSO optimization technique. The proposed allocation mechanism computes degree of load imbalance
(DIB) and index of dissimilarity (/) [30] which presents the unevenness in the allocation among the user requests.

Workload and load imbalance
max (Exepime) ~MI(EXerimo)

Avg(Exeqimea)

DIB = (20)

Index of Dissimilarity: For DC allocation, we compute the index of dissimilarity to compute the overall extent of
uneven distribution of two lists (DCs and user requests). The index score is interpreted as the percentage of one of the
two groups and finds the matches of the user request and DC. It can be applied to the distribution of more than two
groups and it is necessary to compare each group with every other.

Assuming N as the number of DC clusters in region R, Uil is the number of users of group G1 in the ith cluster,
Ui2 as the number of users of group G2 in the ith cluster and Ul and U2: the total number of users in each group. We
can define index of dissimilarity (/) as:

1=33Y, 1)

Ui U
U i

The above computation of I provides ease of calculation and interpretation, but the redistribution is not possible at
all. So, it can be redefined as:

— l ) N |Ua' ['_U[' | (22)

2 NU;(1-U})
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N. - N
where U;; = E‘iand U; = ]}L
:

The denominator is the maximum value for the numerator term, which gives a condition of maximum segregation

. . . . . N;N;
in each area. The areas with excess in one group can be combined, so the numerator can be rewritten as: |NI- ;= ;Ni‘
N;N;
Let’s assume Ej; = ’—Ni
The excess number of users can be moved from one group to another group with the expected frequencies in each
group when maximum segregation exists. The index is the ratio of the number that moves to achieve even distribution

to the maximum possible. The index of dissimilarity for each group can be calculated in Eq. (23).

— lzi|Na'['_Ei['| (23)

T 2NU;(1-Up)
We can compute generalized index for all the groups by substituting Eq. (23) as in Eq. (24).

_ 1Z.Z!.|N!.._E!..| (24)

c=-
2% NU;(1-U))

Population Initialization of
DCs with position (Expected
profit) and speed (cost)

\
y

Compute the fitness value
for each DC

Compare the computed fitness value
with Ppest (local with min(pow) and
max(util)

Calculate gpesrand No
compare with local P,

A4

Update expected profit and
cost DC wise

|

Iterate by one

maximum iteration

Yes

Save optimal profit and
cost of DC index-wise

.

Prepare final DC list

Fig. 1. Flow of the proposed DC optimization model

Algorithm: DC_Allocation ()

1. Begin

2. Process Request O, where Q#{®}

3. if (L={®} and D={D})

4 Call Optimize_DC( ), generate Optimized Data Center List D
5. for i=1ton
6.
7.
8

Select user L; and D;
Compute index of dissimilarity /¢ in D;
if(lc<1)
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9. Evaluate Profitespected

10. Assign L; to D;

11. Compute DIB

12. if(DIB<1)

13. Select next user from L
14. Compute Costrow, Restime, and Proime
15. Update L

16. Else

17. Update L and D

18. end if else

19. Else

20. Select next DC from D

21. end of if else

22. end for

23. end if

24. Repeat until L is empty

25. Stop

5. Simulation and Performance Evaluation

We develop two Java-based applications: one for processing the user request and another to process the DCs.
These two applications are running in GuiMain.java class. The proposed CD-BDAP is studied for three different sets of
tasks 100, 200 and 300 with various requirements. During simulation, we configure the network bandwidth and delay.
The bandwidth varies from 500 to 2000 Mbps and the network delay varies from 25 to 250 milliseconds. We have
configured 3 sets of data centers during simulation; the tasks and DCs are shown in Table 3. To implement the proposed
Optimize DC (), we set the variable ¢; and ¢, as 0.2 and w as 0.6 [31] for better performance.

Table 3. Tasks and DCs used in simulation

Set Tasks No. of VMs No. of DCs
1 100 32 5
2 200 54 7
3 300 80 10

Cost Optimization: We compute the cost as per our discussion, the optimized cost for 100, 200 and 300 tasks is shown
in Figures 2 to 4. In Figure 2, the initial cost is initiated from 0.823$ which is high in the 1st round of iteration.
Progressively the cost is updated and the new cost is computed in each iteration as per our proposed member function.
For a few of the initial tasks there is a deviation in cost. After the number of iterations increases, the cost deviation is
marginal and reaches a point where the cost is constant and does not change even if increasing the number of iterations.
For 100 tasks, it is optimized with a minimum cost of 0.3931$ as shown in Figure 2. Similarly for 200 tasks the cost is
optimized from 0.8797$ which is more than the initial cost of our 1% experiment for 100 tasks but the optimized cost is
0.375$, which is less than 0.3931$, as shown in Figure 3. In our 3™ experiment we examine 300 tasks and find that the
initial cost is the highest among all our experiments, which is 0.9006$ but the optimized cost is the best among all,
which is 0.36158.

0.8 1
0.7 1
w
£
& 0.6
o
s
05 1
04 4
0 20 40 60 80 100
No. of Tasks

Fig. 2. Computing optimized cost for 100 tasks

It is observed that the initial cost is high when there are more tasks. As the iteration progresses, the initial cost is
updated and reaches a level where it is not minimized even after increasing the number of iterations. When the proposed
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system computes a greater number of tasks, it requires some computing cost, for which the initial cost is high and drops
slowly. The comparison of the computed cost in our experiments is shown in Figure 5.

0.9 4

0.8 1

0.7 A

++++"'+ +

costing

0.6 1

0.5 1

0.4

0 25 s 75 100 125 150 175 200
No. of Tasks

Fig. 3. Computing optimized cost for 200 tasks

09 \‘

I B

Costinn &

c,_
z

T T T T
100 150 200 250 300
No. of Tasks

Fig. 4. Computing optimized cost for 300 tasks

0.9 1 _"_\

05 | i

07 A

T
——a

06

Costing

0.5 A

04 A

T T T T T
100 150 200 250 300
No. of Tasks

D_
&

Fig. 5. Comparison of optimized cost for 100, 200 and 300 tasks

Table 4. Observation of various cost in $

Test Broker policy Cost with CD-BDAP model
VM Cost $ Data Transfer Cost $ Total Cost $

CDP 1.67 2.20 3.87

1 ORT 1.53 2.11 3.64
RDLB 1.86 2.32 4.18

CDP 1.55 1.72 3.27

2 ORT 1.27 1.79 3.06
RDLB 1.43 2.08 3.51

CDP 0.92 0.77 1.69

3 ORT 0.83 0.60 1.43
RDLB 1.07 0.85 1.92
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Here, we find the total cost, response time and the data center processing time. These three computing parameters
are evaluated using three existing broker policies such as: Optimised Response Time (ORT), Closest Data center Policy
(CDP) and Dynamic Load Balancing (DLB). We notice that the computed cost of the proposed model performs better
in ORT than in the other two broker policies, as depicted in Table 4. Similarly, it also computes better overall response
time in our simulation as compared to others as shown in Table 5. Meanwhile the proposed CD-BDAP mechanism
shows better DC processing time than the CDP broker policy, as shown in Table 6. It happens due to the optimization
computing mechanism which computes the optimized DC.

Table 5. Generation of overall response time in avg, max and min in milliseconds (ms)

Opverall response time with CD-BDAP model
Test Broker policy -

Avg Min Max

CDP 53.33 32.38 74.29

1 ORT 4722 34.14 64.30
RDLB 63.03 39.63 86.43

CDP 58.48 38.75 78.22

2 ORT 54.36 36.91 71.82
RDLB 88.08 44.72 98.74
CDP 84.04 49.35 118.73
3 ORT 77.87 46.29 109.46
RDLB 100.06 62.83 137.29

Table 6. Evaluation of required dc processing

time in milliseconds (ms)

. DC processing time with CD-BDAP model
Test Broker policy -
Avg Min Max
CDP 1.95 0.74 3.17
3 ORT 2.63 0.81 4.46
RDLB 17.44 7.28 27.61
CDP 2.72 0.76 4.68
4 ORT 3.11 0.84 5.39
RDLB 25.85 12.68 39.03
CDP 5.35 1.21 9.49
5 ORT 6.06 1.86 10.27
RDLB 36.88 17.38 56.39

Power Consumption: We compute the power consumption cost using Eq. 6 through the simulation for the above task
sets. To evaluate the power consumption, we refer to the existing model of power consumption and utilization model
for VM [32] as shown in Table 7. We consider three levels of the VM except the idle level. In the idle level, the power
consumption is 78.5 watts and the utilization is from 1 to 20%, and similarly for other levels.

Table 7. Utilization and power consumption [32]

Level Utilization Power Consumption (in watts (38 approx.))(pi)
Idle 1~20 78.5

21~30 P30=83

1 31~40 P40=385
41~50 P50=88
51~60 P60=93

: 61~70 P70=102
71~80 P80=109

3 81~90 P90=122
91~100 P100=136
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Fig. 6. Computation of energy consumption

We compute the actual power consumption for our set of VMs with reference to Table 7 without the optimization
and also compute the power consumption using our proposed mechanism with the same reference. It is observed that
the actual power consumption is higher and increases as the number of VMs increases. The computed energy
consumption in the proposed mechanism is also increased but the deviation is smooth as shown in Figure 6. The
proposed mechanism does not allow drastic changes in energy consumption with the increase of the number of VMs.
We evaluate the mean values of both the energy and study that the proposed mechanism consumes 15.196% less energy
as compared to the actual energy consumption referenced in the above table.
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Fig. 7. Sensitivity analysis of CD-BDAP

Figure 7 illustrates the sensitivity of CD-BDAP to variations in the objective weights of the fitness function. As the
weight assigned to user-centric objectives increases, there is a consistent reduction in both the average VM cost and
response time, indicating an enhancement in user-level performance. Conversely, energy consumption and service
provider profit exhibit a gradual increase and decrease, respectively, due to the reduced emphasis on provider-centric
efficiency [33]. Notably, the observed variations across all performance metrics are smooth and monotonic, suggesting
that CD-BDAP does not rely on fragile parameter tuning. Instead, the allocation decisions adapt predictably to changes
in optimization priorities. This confirms that the weighted fitness formulation provides stable and interpretable trade-
offs between user satisfaction and provider profitability, thereby validating the heuristic design of the proposed
objective function. The sensitivity plots are based on controlled simulation experiments using CloudAnalyst under
identical workload and configuration settings.

We perform parameter tuning experiments by examining the convergence behavior under varying inertia weights
and acceleration coefficients. Figure 8 demonstrates the effect of altering the inertia weight (w) on the convergence of
the fitness function. Among the tested values, (w = 0.5) achieved more rapid convergence and a lower final fitness

Volume 18 (2026), Issue 3 — Page 39



Cost Denigration Based Data Center Allocation Policy Using Modified Parallel PSO
Optimization Technique for Multi-cloud Framework

value. Similarly, the impact of acceleration coefficients on convergence behaviour is illustrated. The configuration (c1 =
c2 = 2.2) consistently outperformed other settings by achieving stable and faster convergence.
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Fig. 8. Parameter tuning analysis
6. Performance Analysis with PSO-based Techniques

This section compares the performance of the proposed CD-BDAP with the benchmark PSO based mechanisms.
Researchers have proposed various mechanisms with different objectives. In this paper, we compare the existing works
related that aim to optimize the cost and processing time. We have created new Java classes in the existing cloudsim.ext
package of Cloud Analyst. These packages are imported to the existing package cloudsim.ext.gui.

In Section 3 we have defined the VM., using Eq. (3) which computed the total VM cost VM, defined in Eq. (2).
We compared the computed VM of the proposed mechanism with the existing cost-aware PSO (CA-PSO) [34],
Modified PSO (MPSO) [35] and hybrid PSO (HPSO) [36] for 100, 200 and 300 tasks, as shown in Figure 9. It is noted
that the proposed mechanism provides better outcomes as compared with others in terms of cost. In the existing
mechanisms it is observed that as the number of tasks increases, the total costs also increase in the same ratio, whereas
in CD-BDAP the total cost increases slightly.

10 -
8 = CA-PSO B MPSO ® HPSO m CO-BDAP
8
"
i 7
i 6
s
=
s 4
[}
E 3
(=]
F 2
1
0
1 2 3
TaskSet ———— >

Fig. 9. Total cost compared with other pso based techniques

Processing time is one of the major parameters in task allocation which specifies the efficiency of the allocation
technique. Researchers have proposed various mechanisms to minimize processing time in cloud computing. The idea is
to accept a number of tasks and provide better resource utilization. Most of the existing works implement the PSO
mechanism to optimize the processing time. In this paper, we consider the existing works: Improved PSO (IPSO) [37],
hybrid improved PSO (H-IPSO) [38], PSO-ACO [39] and PSO-DS [40]. We implement and compare these mechanisms
with the performance of our proposed mechanism CD-BDAP for processing time. The comparative performance is
studied for 100, 200 and 300 tasks, as shown in Figure 10.

Finally, we observe that the total cost is optimized as compared to the existing mechanisms. It is slightly increased
with an increase in tasks for which the processing time is also optimized. The proposed mechanism requires less
processing time to complete the tasks we have considered in our simulation. As our mechanism requires less processing
time, it also reduces the total cost, which means that the proposed CD-BDAP mechanism provides better resource
allocation and achieves effective resource utilization as compared to other existing techniques.

To ascertain the statistical significance of the performance enhancements achieved by the proposed CD-BDAP
mechanism, a paired t-test is conducted in comparison to the baseline PSO-based mechanism. Each experiment is
executed in 10 independent runs under identical CloudAnalyst configurations, encompassing the same workload size,
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data center configuration, network delay, and bandwidth parameters. For each run, performance metrics are documented
for both CD-BDAP and the corresponding baseline policy. The paired t-test is deemed appropriate in this context as the
same experimental instances are used, resulting in dependent observations. A significance level of o = 0.05 is employed.
The hypotheses are stated as follows:

«  Null hypothesis (Ho): There is no statistically significant difference between CD-BDAP and the baseline PSO-
based method.
« Alternative hypothesis (Hi): CD-BDAP performs significantly better than the baseline method.

2.5

® PS50 FH-IPSO = PSO-ACO mP50-D5 = CD-BDAP

Processing Timein ms------

Task Set———— >

Fig. 10. Average processing time comparing with other pso based techniques

Table 8. Paired t-test results

Metric t-Statistic p-Value Significance

Total VM Cost -17.62 <0.002 Significant
Average Response Time -13.65 <0.001 Significant
DC Processing Time -20.24 <0.002 Significant
Energy Consumption —12.64 <0.001 Significant

The results of the paired t-test indicate that the enhancements achieved by CD-BDAP over existing PSO-based
mechanisms are statistically significant across all assessed metrics, as shown in Table 8. Specifically, CD-BDAP results
in a notable reduction in VM cost, response time, processing time, and energy consumption. Given that all p-values are
substantially below the 0.05 threshold, the null hypothesis is rejected for each metric. These findings confirm that the
observed performance improvements are not attributable to random variation in simulation runs but are instead due to
the proposed energy-aware cost denigration mechanism and workload similarity-based allocation strategy.

7. Conclusion and Future Works

Resource allocation and data center selection continue to pose significant challenges in cloud computing, primarily
due to the conflicting objectives of cloud users and service providers. This study introduces CD-BDAP, a PSO-based
data center allocation policy that effectively balances user-centric performance requirements with provider-centric
economic objectives through an energy-aware cost optimization framework. Unlike traditional policies that consider
VM cost as a static parameter, the proposed approach indirectly optimizes VM cost by minimizing energy consumption
and operational overhead. Furthermore, CD-BDAP incorporates a workload similarity-aware allocation strategy
utilizing a dissimilarity index, which facilitates enhanced consolidation and more efficient resource utilization. The
allocation problem is formulated using a weighted objective function, allowing explicit control over the trade-offs
between user cost, response time, energy consumption, and service provider profit, rather than relying on implicit
assumptions. Simulation results obtained using CloudAnalyst demonstrate that CD-BDAP consistently reduces VM
cost and response time while enhancing energy efficiency and overall provider profit, compared to existing broker
policies and PSO-based allocation techniques under identical experimental conditions. Future research will extend CD-
BDAP by incorporating real cloud workload traces, dynamic energy models, and multi-objective optimization
techniques to further investigate the trade-offs between economic efficiency and quality of service in large-scale cloud
environments.
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