
Vol.:(0123456789)

The Journal of Supercomputing
https://doi.org/10.1007/s11227-021-04248-8

1 3

Selecting services in the cloud: a decision support 
methodology focused on infrastructure‑as‑a‑service 
context

Cássio L. M. Belusso1  · Sandro Sawicki2 · Vitor Basto‑Fernandes3 · 
Rafael Z. Frantz2 · Fabricia Roos‑Frantz2

Accepted: 27 October 2021 
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 
2021

Abstract
Growing demand for reduced local hardware infrastructure is driving the adoption 
of Cloud Computing. In the Infrastructure-as-a-Service model, service providers 
offer virtualized computational resources in the form of virtual machine instances. 
The existence of a large variety of providers and instances makes the decision-
making process a difficult task for users, especially as factors such as the datacenter 
location - where the virtual machine is hosted - have a direct influence on the price 
of instances. The same instance may present price differences when hosted in dif-
ferent geographically distributed datacenters and, because of that, the datacenter 
location needs to be taken into account through the decision-making process. Given 
this problem, we propose the D-AHP, a methodology to aid decision-making based 
on Pareto Dominance and Analytic Hierarchy Process (AHP). In the D-AHP, the 
dominance concept is applied to reduce the number of instances to be compared; 
the instances selection is based on a set of objectives, while AHP ranks the selected 
ones from a set of criteria and sub-criteria, among them the datacenter location. The 
results from case studies show that differences may arise in the results, regarding 
which instance is more suitable for the user, when considering the datacenter loca-
tion as a criterion to choose an instance. This fact highlights the need to consider 
this factor during the process of migrating applications to the Cloud. In addition, 
Pareto Dominance applied early over the set of total instances has proved to be 
efficient, once it significantly reduces the number of instances to be compared and 
ordered by the AHP by excluding instances with less computational resources and 
higher cost in the decision-making process, mainly for larger application workloads.
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1 Introduction

Cloud Computing has emerged as one of the most significant advancements in the 
field of Information Technology (IT) because of its advantages over local hardware 
infrastructures for aspects such as agility, elasticity [1], flexibility, and cost. Because 
of these attractive features, the International Data Corporation (IDC) estimates that 
spending on public cloud services is expected to reach US$ 370 billion in 2022 [2].

In Cloud Computing, providers offer computing services on a pay-per-use basis 
[3], providing significant savings in resources related to investment, management, 
and maintenance of local infrastructure. Software-as-a-Service (SaaS), Platform-
as-a-Service (PaaS), and Infrastructure-as-a-Service (IaaS) are among the services 
offered by the providers [4].

Cloud Computing has been attracting interest from the scientific community. 
One of the identified gaps which still persists is lack of transparency on the part of 
providers regarding the pricing of Virtual Machine (VM) instances, and the variety 
(and constraints) of corresponding services when it comes to using these models in 
the decision-making process [5]. Thus, the decision to migrate is still considered 
complex due to the immaturity and dynamics of this environment. Even so, in the 
business field, migration is a strategic decision that can improve performance, pro-
ductivity and growth, and increase competitiveness [6, 7].

In the IaaS model, the prices of VM instances are based on a set of numerical var-
iables (such as the CPU, memory, and storage amounts) and non-numeric variables 
(such as the VM operating system (OS) and the geographic datacenter location).

To gain a better understanding of the problems associated with selection of ser-
vices, researchers have followed different approaches. The studies of Li et  al. [8], 
Kihal et  al. [9], Menzel and Ranjan [10], Murthy et  al. [11], Menzel et  al. [12], 
Emeras et  al. [13], López-Pires and Barán [14], Mitropoulou et  al. [15], Al-Faifi 
et al. [16], Nagarajan and Thirunavukarasu [17], and Chauhan et al. [18] used CPU, 
memory, and storage resources simultaneously as decision variables. However, they 
did not present mechanisms to reduce the dimensionality of the problem; in addi-
tion, many of these studies do not carry out a multi-provider approach, which may 
influence choice of services. Studies by Li et  al. [8], Yao et  al. [19], Malekimajd 
et al. [20], Souidi et al. [21], Menzel et al. [12], and Ziafat and Babamir [22] have 
considered the datacenter location as a decision variable, although they analyzed it 
in relation to the performance of the network. Mitropoulou et al. [15] have analyzed 
it in relation to cost, presenting regression models with low significance.

Datacenter location is one of the factors that most affects the price of instances. 
In addition, the lack of transparency regarding the variables which affect price dif-
ferences of instances from different datacenters, plus the wide variety of geographic 
locations distributed around the world, turn the decision-making process difficult.

As a result, a user who wants to change datacenter for some reason without 
increasing the cost (for example, to improve latency) may be forced to select another 
instance with fewer computational resources in order to maintain a financial bal-
ance. In such cases, the ideal scenario would be to select an instance that does not 
have significant price variations in different datacenter locations.
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Some important issues may arise while selecting a VM instance. When pri-
oritizing cost, users tend to select lower-priced instances, which may compro-
mise the performance of the application to be migrated, since the instance may 
not have enough computational resources to guarantee good performance of 
the application. When prioritizing computational resources, users tend to select 
instances with large capacity in terms of resources such as the CPU, memory, 
and storage. However, if the application does not need all the capacity available, 
the VM tends to become idle, making the migration process expensive. In both 
cases, in order to make the best decision and optimize the resources involved 
in the decision-making process, it is important to be aware of the requirements 
of the application to be migrated, in order for the cost-benefit ratio to be opti-
mized. Therefore, users must have a methodology that facilitates choice of a VM 
instance by reducing the number of available instances and which allows selec-
tion based on their preferences.

The lack of tool support to automate migration tasks is highlighted by Jam-
shidi et al. [23], whose work consists in the systematic analysis of studies about the 
migration of legacy applications from local infrastructures to the Cloud. In addition, 
the authors identify a need for both architectural adaptation and self-adaptive Cloud-
enabled systems.

In this sense, how can users be assisted during the decision-making process when 
choosing a provider and a VM instance when they are migrating their applications to 
an IaaS in the Cloud? Are the computational resources of the VM sufficient for the 
execution of such applications, considering the lowest price? Furthermore, how can 
the number of instances be reduced so that users have a smaller set of VM instances 
to compare, thereby reducing the resources involved in the decision-making process?

In order to assist with this process, we present the D-AHP, a methodology to help 
the decision-making of a VM instance be more suitable for migration of applica-
tions, using the Pareto Dominance concept and the multicriteria approach of the 
Analytic Hierarchy Process (AHP). For this, we define decision criteria as the price 
and amount of computational resources that comprise the VM instance. In addition, 
as a differential, we define different datacenter locations as sub-criteria due to the 
large influence of this variable on the price criterion.

In summary, we can cite the following contributions:

– To propose an easy-to-understand decision-making methodology, allowing an 
analysis based on the importance level of the decision criteria for the selection 
of VM instances, assuming as a premise that the prioritization of one criterion in 
relation to others tends to accommodate the needs of users better;

– To analyze the influence of datacenter location on the price of VM instances 
imposed by providers, proving its importance in decision-making processes;

– To reduce the dimensionality of the VM instances selection problem, by reduc-
ing the number of comparable instances, thus providing greater agility to the 
decision-making process.

The remainder of this paper is organized as follows: Sect.  2 highlights related 
studies; in Sect. 3, the problem modeling is done; Sect. 4 presents details of the 
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D-AHP methodology; Sect. 5 presents different case studies for the validation of 
the proposed methodology; Sect. 6 presents the conclusions.

2  Related work

A great number of researchers have focused their efforts on solving problems that 
involve IaaS selection to assist in the migration of applications to the Cloud by 
analyzing performance-related variables such as CPU, memory, storage, and cost, 
from the point of view of both the provider and user [24]. For this, they use dif-
ferent approaches; among them, the use of heuristics [25] and the use of classifi-
cation and ordering methods.

In this section, the related and described studies were divided into two groups, 
both in the IaaS context. In the first one, we present studies that cover the selec-
tion of services and modeling of prices; in the second group, we present stud-
ies that use optimization techniques for the selection of services. Based on the 
related works shown in Tables 1 and 2, we detail only of those that addresses the 
datacenter location in its proposals.

Generally, studies that deal with IaaS selection processes in the Cloud admit, 
as the main hypothesis, the reduction of costs, directing more attention to the 
analysis of the policies adopted by the providers to define the prices of the VM 
instances. Thus, researchers seek to detect the variables that most influence 
prices, among which are the computational resources and the datacenter location.

In Table  1, we present a list of related studies and the variables most com-
monly used by researchers within the context of the selection of services and 
price modeling.

For Al-Roomi et al. [46] and Mazrekaj et al. [57], despite the attempt to make 
the pricing policy practiced by providers more transparent through the search for 
an exact formula, the definition of these prices is made considering several fac-
tors, including commercial ones, which makes this task more complex.

Table 1  Variables analyzed in related work to the context of selecting IaaS in the Cloud

Variable Reference (by Year)

2010–2015 2016–2020

CPU [8–12, 26–29] [13–18, 30–34]
Memory [8–12, 26–28, 35] [13–15, 17, 18, 30–33, 36, 37]
Storage [8–12, 29, 38–40] [13–15, 17, 18, 32, 41, 42]
Datacenter Location [8, 10, 12, 19, 21] [15, 22, 43]
Cost [8–12, 26–29, 35, 38, 40, 44–49] [13–17, 30–33, 36, 37, 41, 42, 50–62]
Others [8, 10, 11, 21, 28, 29, 35, 39, 40, 

44, 46, 47, 49, 63]
[16–18, 30, 36, 37, 41, 42, 57–59, 61, 64]
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Thus, in the case of a problem composed of several variables that involve the 
selection of IaaS in the Cloud, optimization methods are presented as a good alter-
native to assist in the service selection process.

Due to the wide applicability of optimization methods in problems of this nature, 
Alabool et al. [65] carried out a systematic review of studies that propose the use of 
Multicriteria Decision-Making (MCDM), in order to develop Cloud Service Evalua-
tion Methods (CSEMs). The authors employed the Evaluation Theory to detect defi-
ciencies in each proposal and created an information base so that researchers can 
better develop their CSEMs.

Hosseinzadeh et  al. [66] presented an overview on a set of articles suggesting 
the use of MCDM methods to develop schemes for services selection in the Cloud. 
In order to evaluate the proposed method, the authors identified the optimization 
method, the Quality-of-Service (QoS) criteria, and the set of data and environments 
utilized.

In Table 2, we present a list of related studies and the optimization method used 
by each one. It can be noticed that, in multiobjective optimization, the most used 
method is the Genetic Algorithm, while in multicriteria optimization the most used 
method is the AHP and its variants.

In relation to the study that addresses the datacenter location in its proposals, 
Mitropoulou et al. [15] propose the construction of a price index based on a hedonic 
method of pricing. By using regression models, the authors analyzed a set of factors 
that affect the final price of VM instances, among them the datacenter location. The 
authors collected data from providers on a specific platform and analyzed in which 
regions they offer services, grouping them by continent. However, the models pre-
sented low significance.

Menzel and Ranjan [10] and Menzel et al. [12] presented CloudGenius, a frame-
work based on the principles of AHP and the Genetic Algorithm to assist in the 
migration of Web applications. CloudGenius addresses the decision-making process 
based on three main goals: lower price, better latency, and better QoS. However, 

Table 2  Optimization methods used in related work for the context of selecting IaaS in the Cloud

Method Reference (by Year)

2010–2015 2016–2020

AHP/Fuzzy AHP [10, 12, 63, 67–71] [18, 30, 52, 60, 72–76]
TOPSIS/Fuzzy TOPSIS [28, 63, 77] [33, 42, 52, 74, 75, 78]
ELECTRE [63, 79]
PROMETHEE [49, 63] [72]
Genetic Algorithm [10, 12, 80–82] [55, 56, 83–90]
Particle Swarm Optimization [82, 91] [83, 85, 92]
Ant Colony Optimization [81, 93] [94]
Simulated Annealing [56, 61]
Others [49, 63, 68, 95–97] [16–18, 30–32, 42, 54, 56, 58, 

75, 76, 84, 86, 87, 89, 90, 
98–102]



 C. L. M. Belusso et al.

1 3

the authors evaluate the effects of datacenter location only on network performance, 
regardless of costs.

Souidi et al. [21] used as a hypothesis of the selection problem the option of data-
center location based on the location of the user, aiming at a better performance 
of the network. A similar approach is adopted by Li et  al. [8], who assumed that 
the lower the distance between the datacenter location and the location of the user, 
the lower the latency of the network. Network latency in geographically distributed 
datacenters is also analyzed by Yao et al. [19] and Malekimajd et al. [20]. However, 
in none of these studies, the influence of the datacenter location on the cost of ser-
vices in the Cloud is verified.

Ziafat and Babamir [22, 43] used different multiobjective optimization algorithms 
for the selection of datacenters considering qualitative aspects such as the distance 
between datacenter and user, indices of reliability and availability, response time, 
and lower cost. However, when considering a large number of conflicting objectives, 
the selection of a datacenter that satisfies all the objectives, despite being considered 
optimal by the optimization algorithm, tends not to satisfy user needs effectively, 
since it is not possible to prioritize an objective in relation to another.

In relation to the datacenter location, Marks and Lozano [103] highlight some 
important aspects to be considered, namely cost, since the same instance which 
is hosted in datacenters from different locations may present differences in its 
final price; data transmission, once possible delays may occur (due to the distance 
between the datacenter and the user), therefore compromising a quality service; and 
confidentiality of information, as some countries have specific laws regarding data 
hosting policy within its boundaries.

In Table  3, we summarize a comparison between our proposed approach and 
other state-of-the-art approaches that analyze datacenter location.

Given this scenario, our proposal differs from those presented because, in addi-
tion to analyzing all the resources that compose the instances, simultaneously, it 
analyzes the datacenter location in relation to the cost aspect. In a complementary 
way, when comparing our proposal with those that analyze the influence of the data-
center location on the cost, the difference is that it allows the user to prioritize one 
objective over the others, making it adaptable for the user to define their preferences 
based on the requirements of their applications. In this way, we are not aware of any 
similar study in terms of adopted methodology, decision-making criteria, datacenter 
location analysis in the price of VMs, and combination of the optimization tech-
niques used related to the selection of IaaS in the Cloud.

3  Problem modeling

When decision-makers (DMs) planning, for strategic reasons, the migration of 
applications from local infrastructures to an IaaS in the Cloud (for example, due to a 
cost reduction, market trends or a large volume of data), they should initially know 
whether it is possible or not. In addition, they need to decide whether to total or par-
tial migration, which implies re-writing all the application or parts of it.
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Regardless of the type of migration, DMs need to select an IaaS provider from a set 
of providers P = {p1, p2,… , p�} capable of offering a better QoS at a low cost. These 
providers will present an extensive set of instances I = {i1, i2,… , in} which are com-
posed of various computational resources Rn , such that:

where QCPU , QMEM , and QSTO are the CPU, memory, and storage amounts of the nth 
instance, respectively.

When simulating the hiring of a VM on a provider’s website, the options to be 
selected are the amount of computational resources, the operating system, and the data-
center location. In face of that, it is understood the total cost CT of an instance in ∈ I is 
the result of a combination of the cost of computational resources CR , the cost of the 
datacenter location CL , and the cost of the OS COS , such that:

The same instance hosted in different datacenter locations can have significantly 
different prices. For example, data obtained in July 2018 showed that Amazon’s 
instance r3.2xlarge (8 vCPU, 61 GB of memory, and 160 GB of SSD storage), 
hosted in Brazil, had been priced at US$ 1.3990/hour. The same instance, hosted 
in the USA, had been priced at US$ 0.6650/hour. In comparison, the instance 
r3.4xlarge (16 vCPU, 122 GB of memory, and 320 GB of SSD storage) had been 
priced at US$ 1.3300/hour, i.e., double the resources for half the price [104].

This price difference cannot be justified just by changing the datacenter location. 
Additional factors contribute to such difference, some of them related to the VM con-
figurations, as vCPU cores, I/O rates, and older hardware. However, this information 
is not clear enough and many times difficult to be accessed by users with low techni-
cal knowledge. Thus, it is common that the first thing the user seeks is the number of 
computational resources and the price of the VM - both easy and quick information to 
access.

Therefore, services are generally selected which offer greater amounts of computa-
tional resources at the lowest price, according to the requirements of the applications in 
question, and different priorities may be assigned to the decision criteria. Thus, in this 
case, we assume that the best option is to choose the provider p� ∈ P and the instance 
in ∈ I from which one can obtain the best cost-benefit relation, characterized by maxi-
mizing instance resources Rn and minimizing the final cost CT , such that:

(1)Rn = (QCPU ,QMEM ,QSTO)

(2)CT = CR + CL + COS

(3)max
in∈I

Rn

(4)min
in∈I

CT
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4  D‑AHP methodology

In this section, we present the D-AHP, a decision-making methodology to sup-
port processes for migrating applications to computational infrastructures in Cloud 
environments.

We propose use of the D-AHP methodology to solve the following problem:
Select a VM instance in ∈ I associated with an IaaS provider p� ∈ P , in such a 

way as to obtain the maximum amount of computational resources Rn at the low-
est price CT , based on CPU, memory, and storage amounts, and the prices of the 
instances in different datacenter locations L.

To do this, the D-AHP analyzes a set of variables arranged in two distinct sets: 
the set of numerical variables V = {v1, v2,… , vx} and the set of non-numeric vari-
ables V̄ = {v̄1, v̄2,… , v̄y} , as shown in Tables 4 and 5.

The D-AHP basically consists of four main steps included in three major phases, 
as shown in Fig. 1.

The first step is to pre-select trusted providers that have a good range of services, 
comply with Service Level Agreement (SLA) terms and are able to quickly adapt to 
the characteristic dynamics of the Cloud environment.

Table 4  Set of numerical 
variables V 

Variable Description Metric

QMEM Memory GB
QCPU CPU Number of 

vCPUs 
(cores)

QSTO Storage GB
CT Cost US Dollars

Table 5  Set of non-numerical 
variables V̄

Variable Description Alternatives

L Datacenter location Country 1,..., Country �
OS Operating system Linux, Windows
SA Storage system HDD, SSD
IT Instance type On-demand
TN Deployment model Public Cloud

Fig. 1  Major phases of D-AHP
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The second step is to apply Pareto Dominance [105] to a set of computational 
resources and its price in order to reduce the number of instances. As a result, only 
the non-dominated instances are selected for the next step.

In the third step, the non-dominated instances are analyzed in relation to their 
availability regarding datacenter locations and the computational requirements of 
the application to be migrated. The instances resulting from this new filtering give 
rise to the set of selectable instances, arranged at the last level of the hierarchical 
structure present in the final step of the D-AHP.

The fourth and final step of the D-AHP is to use the AHP method [106] to obtain 
a final classification of the selectable instances. In this process, they are compared to 
one another from the perspective of a set of decision criteria and sub-criteria which, 
as in the second step, are related to the amount of computational resources and price.

The D-AHP is adaptable to any OS or storage system. In addition, it is possible to 
use it by considering a set of free-choice datacenter locations, or even only among 
availability zones within the same region.

Moreover, the D-AHP considers that the application workload to be migrated 
from local infrastructures is constant. If we consider a dynamic application work-
load, the QoS values can be significantly changed, and problems of over-provision-
ing or under-provisioning of computational resources can be detected [107].

In the following subsections, we detail the steps in the D-AHP and specify the 
processes performed internally in each step. Also, we represent these steps and pro-
cesses by a flowchart, as shown in Fig. 2.

4.1  Step 1: selection of IaaS providers

In this first step, we seek to select a subset of providers P+ ∈ P = {p1, p2,… , p�} so 
that the next steps in the D-AHP can be constructed.

In the D-AHP proposal, users define the set of IaaS providers using inclusion or 
exclusion criteria, according to their preferences [108]. In this study, providers are 
selected using two approaches: the first is by definition of a set of services offered to 
the DMs when migrating their applications to the Cloud; the second is reference to 
Gartner’s Magic Quadrant for updated IaaS providers [109].

Fig. 2  Decision-making process of D-AHP
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The services adopted as criteria for choosing the set of selected providers P+ to be 
analyzed (15 providers) were as follows: Any Location (by continent), Hourly Pay-As-
You-Go, Auto-Scaling, No Limit Transfer, Support 24x7, Load Balancing, Firewall, 
Operating System, GPU Instances, and SSD Storage [110].

The annual Magic Quadrant developed by Gartner uses aspects such as Ability to 
Execute and Completeness of Vision to classify IaaS providers for a given period of 
market observation. Among the ranking groups, the Leader providers are technologi-
cally more advanced. They are points of reference within the industry and they dictate 
the rules within the segment by having a better view of the market and the ability to 
carry forward the results of their research.

Thus, we aim to verify, from the providers that are members of the Leaders’ quad-
rant, which ones offer the complete set of defined services. Joint analysis of both fac-
tors will identify providers belonging to the set of selected providers P+ and the set of 
unselected providers P−.

4.2  Step 2: applying pareto dominance

According to the Pareto Dominance, if X∗ is the set of feasible solutions to a minimi-
zation problem and if x, x∗ ∈ X∗ , then solution x dominates x∗ if, and only if, f(x) is 
better than f (x∗) in at least one objective, such that fi(x) < fi(x

∗) , and it is not worse in 
any other, such that fj(x) ≤ fj(x

∗) , for i, j = 1, 2,… , k and i ≠ j , where f is the objective 
function. If both have the same level of dominance, then f (x) ≰ f (x∗) and f (x∗) ≰ f (x) , 
and x is indifferent to x∗ [105].

Thus, for a solution to be non-dominated, there must be no other solution within the 
search space better than it, whenever all objectives are simultaneously considered.

When applying Pareto Dominance in a set, we look for the best solutions belonging 
to it, with the best performance in relation to multiple objectives, which can be maxi-
mization or minimization.

In the D-AHP proposal, Pareto Dominance is applied in order to reduce the number 
of instances provided by the providers of set P+ . As a direct consequence, the number 
of pairwise comparisons is significantly reduced, which is the basis of the AHP method 
(applied in the last step of the D-AHP).

In the D-AHP, the dominance relationship is applied initially intra-provider, that is, 
in instances of the same provider. In our analysis, we only used On-demand instances 
in the Public Cloud model.

From Eq. 1, it is known that Rn =(QMEM,QCPU , QSTO ). Therefore, the maximization 
of Rn is conditioned to the maximization of its three components. Thus, the dominance 
relationship is applied considering four objectives and no prioritization among them, 
according to Eqs. 5–8.

(5)max
in∈I

QMEM

(6)max
in∈I

QCPU
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The dominance relationship is applied over the set of instances as follows: for exam-
ple, according to the data obtained in July 2018, the provider Azure was offering 
instance H8 at a price of US$ 0.796/hour; the same provider was offering instance 
L8 at a price of US$ 0.624/hour [111]. According to Table 6, pairwise comparison 
of H8 and L8 showed that the amount of computational resources of L8 were bigger 
than (Memory and Storage) or equal to (vCPU) those of H8. Besides this, L8 had 
been priced lower than H8. Therefore, L8 dominates H8; i.e., L8 is non-dominated, 
and H8 is dominated.

After this process is performed for all providers of set P+ selected in Step 1, the 
non-dominated and dominated instances of each are stored in the non-dominated 
and dominated instances sets, denoted by I+ and I− , respectively. Cases where there 
are indifferent instances, both are also added to set I+ . An instance, when included 
in the set I− , is automatically eliminated from the next steps of the process, as it has 
already been dominated by some other instance in relation to all objectives.

A new dominance relationship is applied in an inter-provider way over the 
instances of set I+ , which is composed of non-dominated instances from all pro-
viders of set P+ . Dominated instances are stored in set I− , together with the domi-
nated ones resulting from the first dominance relationship, while the non-dominated 
ones are stored in the final set of non-dominated instances I∗ , which must then pass 
through a new filtering process in the third step of the D-AHP. Until this step, the 
computational demand of the application has not been analyzed.

4.3  Step 3: instance filtering

In this step, two constraints are established, applicable to the set of non-dominated 
instances I∗.

The first constraint refers to the availability locations of the instances, which is 
necessary because of the multi-provider approach of the D-AHP. We assume that 
instances can only have their prices compared if they are hosted in datacenters 
whose locations L are common among the providers of set P+ . Thus, the selected 
and unselected locations are stored in sets L+ and L− , respectively.

(7)max
in∈I

QSTO

(8)min
in∈I

CT

Table 6  Pairwise comparison 
between instances H8 and L8 
[111]

Instance H8 L8

vCPU 8 8
Memory (GB) 56 64
Storage (GB) 1000 1388
Price (US$/hour) 0.796 0.624
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When this constraint is applied, instances that are not available in all common 
datacenter locations among providers of set P+ are omitted from selection for the 
next step; when this constraint is not applied, DMs can be prevented from expand-
ing their searches for more attractive prices in other regions, invalidating one of the 
objectives of the D-AHP, which is the search for the lowest price.

However, the adaptability of the D-AHP in relation to the number of datacenter 
locations should be noted. The D-AHP allows DMs to increase or decrease the 
number of datacenter locations when they want to analyze the prices of instances. 
In cases where the DM already has a defined provider, it is possible to apply the 
D-AHP only to this provider or even just to availability zones within the same 
region.

The second constraint refers to the demand for computational resources con-
sumed by the workload of the application to be migrated. Instances whose com-
putational resources are lower than the demand of the application are not selected 
because it is assumed that there will not be enough resources to execute the applica-
tion if one of these instances is selected during the process.

Application of both constraints creates set I‡ , which is composed of the selectable 
instances to be arranged at the last level of the hierarchical structure of the final step 
of the D-AHP, whose number of instances tends to be smaller than the number of 
instances of set I∗ . This provides a smaller number of pairwise comparisons, and, 
as a result, there is a lower possibility of inconsistencies occurring during the DMs’ 
judgment.

4.4  Step 4: elements of the AHP method

The AHP method allows to structure a problem in the form of a hierarchy of criteria, 
which has at least three levels: at the top, the main objective O of the problem; in the 
middle, the set of decision criteria C = {Cj|j = 1, 2,… ,m} that define the alterna-
tives; and at the bottom, the set of competing alternatives A = {Ai|i = 1, 2,… , n}.

The basis of the AHP consists of a pairwise comparison between the elements of 
each hierarchical level. For such, the Saaty scale is used, whose values vary from 
1 to 9 to represent the importance level between two criteria, in which 1 means the 
equal importance level; 3, 5, 7, and 9 mean the moderate, strong, very strong, and 
extreme importance level of one criterion over another, respectively; and 1/3, 1/5, 
1/7, and 1/9 represent reciprocal importance levels [112].

The elements resulting from the pairwise comparison are arranged in a compari-
son matrix M, whose elements represent the dominance level between two criteria. 
Based on the elements of M, the weight vector of the criteria �j can be obtained 
through the geometric mean method [106].

To obtain the final classification of the set of alternatives, an aggregation process 
is carried out, that is, the global valuation of Ai in relation to the main objective fol-
lowing the weighted sum model.

Let V(Ai) be the global value of Ai in relation to O, �j the preference level (weight) 
of the jth criterion in relation to O, and D the decision matrix whose elements xij 
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represent the preference level of Ai in relation to the criterion Cj . Therefore, V(Ai) is 
calculated by Eq. 9.

where �T
j
 is the transpose of �j.

The alternatives are classified according to their respective global values. The best 
alternative Abest is the one with the highest global value, according to Eq. 10.

The verification of possible inconsistencies of judgments from contradictory com-
parisons can be calculated by the Consistency Index (CI) and the Consistency Ratio 
(CR), according to Eqs. 11 and 12. If CI, CR < 0.1 , then there is consistency in the 
judgments; if not consistent, judgments must be redone.

where λmax is largest eigenvalue of the matrix M, m is the number of criteria and RI 
is the Random Consistency Index, whose values are shown in Table 7.

The hierarchy proposed in the D-AHP methodology is represented in Fig. 3. It is 
composed of a main objective, two criteria, � sub-criteria, and a set of n instances as 
decision alternatives whose number may vary depending on the result of the filtering in 
Steps 2 and 3.

Below, we describe each of the elements of the hierarchy of the D-AHP shown in 
Fig. 3. These include the following:

– Objective: Select VM Instance - The aim is to select an instance with enough 
computational resources for execution of the application to be migrated, at the low-
est price, optimizing the cost-benefit ratio;

– Criterion 1: Computational Resources - This refers to the amounts of computa-
tional resources of VM instances, specifically CPU, memory, and storage;

– Criterion 2: Price - This refers to the price of instances in common countries 
where providers have datacenters;

– Sub-criterion 1: CPU - This compares instances in relation to the amount of CPU;
– Sub-criterion 2: Memory - This compares instances in relation to the amount of 

memory;

(9)V(Ai) =

m∑

j=1

xij ⋅ �
T
j
; i = 1, 2,… , n

(10)Abest = max[V(Ai)]; i = 1, 2,… , n

(11)CI =
λmax − m

m − 1

(12)CR =
CI

RI

Table 7  Random consistency 
index [106]

n 1 2 3 4 5 6 7 8 9 10

RI 0 0 0.58 0.9 1.12 1.24 1.32 1.41 1.45 1.49
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– Sub-criterion 3: Storage - This compares instances in relation to the amount of 
storage;

– Sub-criteria 4-�: Datacenter Location - This compares instances in relation to 
prices in the � countries in which providers have hosted datacenters;

– Alternatives: Instances - This refers to the set of selectable instances I‡ , com-
pared to one another and valued in relation to each decision criterion and sub-
criterion.

At the end of this step, the selectable instances are classified, from best to worst, 
according to their respective performance in relation to each criterion and sub-crite-
rion of the hierarchy, considering the weight defined by the DM for each of them in 
the decision-making process.

In relation to the sub-criteria of the Price criterion, in countries where a given 
provider has more than one available datacenter, we chose the region within the 
same country with the minimum value of CT , which is not necessarily the same for 
all instances.

5  Application of the methodology

For application of the D-AHP, we defined new application profiles based on actual 
Cloud usage data contained in the dataset called Google Cluster Trace [113]. 
This contains, among other information, data relating to computational resources 

Fig. 3  Hierarchy of D-AHP
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consumed by applications distributed in the form of jobs and tasks. To match the 
resource metrics of instances, we used GB as a measure of memory and storage 
resources in the dataset, and CPU resources were measured by cores.

The information in the dataset refers to actual data on the consumption of com-
putational resources by applications running in Google datacenters in the Cloud. 
Nonetheless, the data are considered sensitive and for this reason they are obfus-
cated through a rescaling value before becoming public; the reasons range from eco-
nomic aspects to data security [114].

According to Reiss et  al. [115], not knowing such factor, by which data were 
rescaled, makes researchers propose different ways of treating data. In face of this 
uncertainty, and since a standard is adopted, data can be manipulated in different 
ways depending on the purpose of use.

5.1  Workload characterization

Zhang et al. [116], in seeking workload models to accurately reproduce the perfor-
mance characteristics of real workloads, found that simply capturing the average 
usage of each task would be sufficient to generate synthetic workload with high 
accuracy, when it comes to the resource usage and task waiting time. Thus, the 
authors assume that it is possible to realistically estimate the total waiting time and 
the use of resources for real or imaginary workloads. They came to these conclu-
sions for two reasons: the low variability in the use of resources in the workload 
by tasks, and the characteristics from evaluation metrics (the use of resources, for 
instance) under different workload conditions.

In order to generate a realistic and compatible workload with the amounts of 
computational resources offered by the instances, we propose a rescaling value to 
be applied to the values related to the total of resources consumed by applications in 
the dataset, with the aim of turning such values comparable to the resources offered 
by VM instances. For doing so, we used the second instance with more computa-
tional resources among the instances of set I∗ as the maximum value for the rescal-
ing so that there are at least two in each decision-making process. In this way, MCPU , 
MMEM , and MSTO refer to the values set for rescaling the CPU, memory, and storage 
amounts, respectively.

This then gives us a set of jobs T = {T1, T2,… , T�} , composed of a set of indi-
vidual tasks TK ={tk1,tk2,… …,tk� }. RT =(DCT , DMT , DST ) and Rtk =(DCtk , DMtk , 
DStk ) are ordered triples whose components are the CPU, memory, and storage 
resources consumed by a job and by a task, respectively.

The values of the components of Rtk can be obtained from the dataset. To obtain 
the overall values of the components of RT , we assume that it is calculated by the 
sum of the values of the resources consumed by the tasks that make up the � th job.

According to Reiss et al. [113], applications that need to perform different types 
of tasks with different resource requirements usually run as multiple jobs. Therefore, 
let RA = (DCA,DMA,DSA) denote the amount of computational resources consumed 
by the workload of the application Ā . The components of RA can be obtained from 
the dataset through the sum of resource consumption of the jobs, which, in turn, 
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is obtained through the sum of the consumption of the tasks that compose them. 
Thus, an estimate of computational resources R�

A
= (DC

�

A
,DM

�

A
,DS

�

A
) consumed 

by the workload of Ā can be calculated by multiplying the resource consumption 
RA = (DCA,DMA,DSA) by its respective rescaling values MCPU , MMEM , and MSTO , 
such that (DCA,DMA,DSA) ≤ 1.

Therefore, considering the task-job-application relation, we estimate that the 
computational resource consumption of an application workload from the dataset 
data is calculated by Eqs. 13–15, as follows:

5.2  Defining application profiles

Based on dataset values, we propose a set of usage levels based on the interval 
before rescaling (between 0 and 1). For this, we assume that the usage level of each 
computational resource (CPU, memory, and storage) by an application Ā can be 
Low Usage, Medium Usage or High Usage, as shown in Table 8.

Using the values of RA , we can classify usage levels for the workload of Ā . By 
combining different usage levels for each of the three computational resources, we 
can generate a workload profile for Ā , which can be categorized in different ways, as 
shown in Table 9.

5.3  Case studies

Next, we present three case studies to better understand the proposal to estimate the 
computational resources consumed by applications from the dataset. From these 
input data, we apply the D-AHP methodology as a way of proving its effectiveness 

(13)

DC
�

A
= MCPU ⋅

�∑

T=1

�∑

tk=1

(DC)
tk,T

= MCPU ⋅ [(DC)1,1 + (DC)2,1 +…+ (DC)�,1

+ (DC)1,2 + (DC)2,2 +…+ (DC)�,2 +…+ (DC)�,� ]

(14)

DM
�

A
= MMEM ⋅

�∑

T=1

�∑

tk=1

(DM)
tk,T

= MMEM ⋅ [(DM)1,1 + (DM)2,1 +…+ (DM)�,1

+ (DM)1,2 + (DM)2,2 +…+ (DM)�,2 +…+ (DM)�,� ]

(15)

DS
�

A
= MSTO ⋅

�∑

T=1

�∑

tk=1

(DS)
tk,T

= MSTO ⋅ [(DS)1,1 + (DS)2,1 +…+ (DS)�,1

+ (DS)1,2 + (DS)2,2 +…+ (DS)�,2 +…+ (DS)�,� ]



 C. L. M. Belusso et al.

1 3

in solving problems that involve selection of VM instances for the migration of 
applications to the Cloud.

In Case Study 1, we verified the effectiveness of the D-AHP over a reduced set 
of selectable instances, resulting from an application profile equal to or greater than 
that classified as Medium. In Case Study 2, we applied the D-AHP to a larger set of 
selectable instances, obtained through an application profile lower than that classi-
fied as Medium. In Case Study 3, we verified the influence of the datacenter location 
from the results obtained in Case Studies 1 and 2.

5.3.1  Case Study 1

In the first case study, we intended to migrate an application Ā comprising five jobs 
T = {T1, T2, T3, T4, T5} , each composed of a different number of tasks.

In Table 10, jobs are identified by their JobID. Each of them is composed of a 
certain number of tasks, according to the dataset. The consumption of resources for 
each job was obtained through the sum of the consumption of their respective tasks.

Table  10 shows that the application has resource usage levels classified as 
Medium Usage for the CPU, High Usage for Memory, and Low Usage for Storage 
(see Table 8), according to the values of DCA , DMA , and DSA , respectively. In this 
way, the workload profile of Ā is classified as Medium (see Table 9).

Using these input data, one can then apply the D-AHP.
Application of Step 1: Step 1 consists of selecting a subset of IaaS providers P+ 

belonging to set P by combining the service set offer and Gartner’s Magic Quadrant, 
as described in Subsection 4.1.

Table 8  Categorization of the 
usage level of computational 
resources by applications

Usage level (UL) Value (min–max)

Low usage 0 ≤ UL ≤ 0.3
Medium usage 0.3 < UL < 0.7
High usage 0.7 ≤ UL ≤ 1

Table 9  Categorization of the application workload profile

Profile Description

Very Low All three resources feature Low Usage
Low Two resources feature Low Usage, and the third features Medium Usage
Low-to-Medium One resource features Low Usage, and the rest feature Medium Usage
Low-to-High One resource features Low Usage, and the rest feature High Usage
Medium All three resources feature Medium Usage, or all resources feature different usages
High-to-Low One resource features High Usage, and the rest feature Low Usage
High-to-Medium One resource features High Usage, and the rest feature Medium Usage
High Two resources feature High Usage, and the third features Medium Usage
Very High All three resources feature High Usage
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Currently, the Leaders’ quadrant of Gartner’s Magic Quadrant for IaaS provid-
ers in 2019 is composed of Amazon (A) [104], Azure (Z) [111], and Google (G) 
[117]. In a complementary way, by analyzing the set of established services, it is 
evident that such providers are the only ones that offer the complete set of ser-
vices. Thus, the set of selected providers P+ is composed of three providers, such 
that P+ = {A, Z,G}.

Thus, we can define the set of VM instances of the elements of P+ , such that 
IA = {ia,1, ia,2,… , ia,q} , IZ = {iz,1, iz,2,… , iz,r} , and IG = {ig,1, ig,2,… , ig,s} are the 
sets of all VM instances offered by providers A, Z, and G, respectively.

Among the datacenter location options for providers of set P+ , provider 
A has datacenters spread across the set of locations LA = {la,1, la,2,… , la,�} , 
while providers Z and G have set of locations LZ = {lz,1 , lz,2,… , lz,�} and 
LG = {lg,1, lg,2,… , lg,�} , respectively.

Application of Step 2: In Step 2, Pareto Dominance is applied over the set of 
instances IA , IZ , and IG for the selected providers. Thus, the intra-provider anal-
ysis facilitates comparison of the instances ia,q ∈ IA , iz,r ∈ IZ , and ig,s ∈ IG in a 
pairwise way, within their respective sets, in relation to the objectives defined in 
Eqs. 5–8.

The set of non-dominated instances I+ resulting from the first phase of domi-
nance application is composed of instances i+

a,q
 , i+

z,r
 , and i+

g,s
 , which refer to provid-

ers A, Z, and G, respectively. The number of elements of set I+ can be changed 
according to the number of providers selected in Step 1.

After executing the first dominance relationship for each provider’s instances, a 
second dominance relationship is applied to the instances of set I+ . As result, the 
non-dominated instances selected for the next step of the D-AHP are obtained, 
which make up the final set of non-dominated instances I∗.

Application of Step 3: In Step 3, the set of datacenter locations is conditioned 
to the providers selected in Step 1, in order that only instances hosted in all com-
mon locations between them are selected.

The elements of sets LA , LZ , and LG are not common to all providers of set 
P+ ; i.e., one provider may have a datacenter in a location where the others do not 
have a datacenter. However, when we conducted a country-by-country approach, 
common countries were identified through the intersection of sets LA , LZ , and LG . 
Thus, when only considering the elements resulting from this operation, the set of 

Table 10  Consumption of computational resources for the jobs that comprise Ā

Job JobID Number of tasks CPU Memory Storage

T1 3418329 3 0.06582 0.27306 0.0010728
T2 3418368 3 0.12811 0.23804 0.0007467
T3 28185708 11 0.083154 0.071779 0
T4 501114088 10 0.0057395 0.004691 0
T5 5987136072 4 0.33236 0.17517 0.0000391098
� 0.6151835 0.76274 0.001858598
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selected locations L+ is composed of the following countries: the USA, Canada, 
Brazil, England and Ireland, Japan, Australia, Germany, and India.

Regarding definition of the workload application, the values used to rescale each 
computational resource were as follows: MCPU = 96 vCPU, MMEM = 624 GB, and 
MSTO = 6 × 375 = 2250 GB. These values correspond to the resources of Google’s 
instance n1-highmem-96, which has the second largest amount of resources among 
all non-dominated instances in set I∗.

To estimate the workload of Ā , we multiply the sum of the resource consump-
tion of the jobs obtained in Table  10 by the respective rescaling values. Thus, 
DC

�

A
= 0.6151835 × 96 , DM�

A
= 0.76274 × 624 , and DS�

A
= 0.001858598 × 2250 . 

Thus, R�

A
= (59.06;475.95;4.18).

After calculating R′

A
 , the set of non-dominated instances I∗ is analyzed in order to 

identify the set of selectable instances I‡ , which must have enough resources to sup-
port this workload. Based on the R′

A
 values, the instances in Table 11 were selected, 

along with their corresponding resources.
Application of Step 4: In Step 4 of the D-AHP, we try to identify the instance that 

has the best performance in relation to a set of criteria and sub-criteria defined in the 
hierarchy shown in Fig. 3. For this, weights must be assigned to decision criteria and 
sub-criteria.

In order to define the weights of the criteria, group decision-making was used. 
Multiple DMs can contribute a variety of experience, knowledge, and perspectives, 
and a group can deal with the complexity of the problem better than a single DM. 
A questionnaire was presented to a group of professionals ( � ) in the areas of Com-
puting and Software Engineering, whose judgments were grouped using Aggre-
gating Individual Priorities (AIP). In total, 11 DMs obtained consistency in their 
judgments based on the Consistency Index (CI) and Consistency Ratio (CR) values 
and, because of this, had their preferences considered. Therefore, � ={DM1 , DM2,…
,DM11}.

Tables 19 and 20 in Appendix A present the judgments of the 11 DMs in rela-
tion to the criteria and sub-criteria of the Computational Resources criterion. These 
judgments were made according to the Saaty scale.

Note that there was no unanimity in the judgments of all DMs, which may lead, 
at the end of the process, to selection of different instances. For datacenter loca-
tions, equal weights were defined without the influence of DMs to avoid prioritizing 
instances with a great deal of discrepancy between locations, or those priced more 

Table 11  Set of selectable instances with resources equal to or greater than the demand of the applica-
tion workload

Provider Instance vCPU (cores) Memory (GB) Storage (GB)

Google n1-highmem-96 96 624 2250
Amazon i3.16xlarge 64 488 15.2

x1.16xlarge 64 976 1920
x1.32xlarge 128 1952 3840
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highly than others. Thus, each of the eight locations has a priority equal to 0.125 (or 
12.5%).

In relation to decision alternatives, the selectable instances of set I‡ are compared 
to one another according to the actual values of the resources that they have in the 
form of direct attributes for the sub-criteria linked to the Computational Resources 
criterion (or benefit criterion); that is, the bigger the better. For sub-criteria linked 
to the Price criterion, instances are compared with one another again according to 
the actual prices applicable in each of the countries represented by the sub-criteria, 
although in the form of indirect attributes (or cost criterion); that is, the smaller the 
better.

From the data shown in Table 11, the selectable instances are evaluated consid-
ering the DMs’ preferences in relation to the decision criteria and sub-criteria, as 
shown in Tables 19 and 20 in Appendix A, in addition to the datacenter location 
weights (without DMs’ preferences).

In the phase prior to applying the weights of the criteria on the selectable 
instances, the valuation of each one of them is directly related to the amounts of 
each resource they have. For example, the instance x1.32xlarge is the one that has 
the most CPU, memory, and storage, and is therefore ranked the best. Instance 
i3.16xlarge, on the other hand, has little storage, which makes its value very low 
when compared to the others. In relation to the price, because it is an indirect crite-
rion, the instances with the highest price have a lower valuation.

In Table 21 in Appendix A, instance values are shown in relation to the decision 
criteria, which already account for the values obtained in relation to their respective 
sub-criteria. In this step, distinct values are noted for different DMs, as per their 
individual judgments for Computational Resources criterion. With the Price crite-
rion, due to definition of equal weights for all locations, the values obtained were the 
same for all DMs.

The final classification of the instances, considering the individual judgments 
of the DMs and after aggregation of their judgments by the AIP, is presented in 
Table 12. In this case, it is evident that differences in prioritization of criteria and 
sub-criteria by different DMs result in different classifications of the instances.

For DMs who prioritized the Price criterion over Computational Resources (as in 
the case of DM3 ), the instance with the highest price was the one ranked last, with 
a value well below the others, considering the maximum importance level (9 on the 
Saaty scale) attributed by this DM. As a consequence, the lowest-priced instance 

Table 12  Final classification of instances for each DM

Instance Normalized score Ranking

DM1,2,6,7,10,11 DM3 DM4 DM5 DM8 DM9 AIP

n1-highmem-96 0.262 0.282 0.254 0.253 0.252 0.263 0.257 1
i3.16xlarge 0.229 0.334 0.213 0.247 0.250 0.255 0.253 2
x1.16xlarge 0.229 0.235 0.237 0.226 0.225 0.220 0.239 4
x1.32xlarge 0.280 0.149 0.296 0.274 0.273 0.262 0.251 3
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had the highest score. For the other DMs who did not prioritize any of the crite-
ria, the score for the instances remained close. Such differences may be justified by 
the different weights assigned to the sub-criteria of the Computational Resources 
criterion.

Thus, the Google’s instance n1-highmem-96 obtained the highest global value 
among the set of selectable instances I‡ . When analyzing the data in Table 12, it was 
noted that this instance was only classified as the best by one DM ( DM9 ), and it was 
given the second highest classification by all the others. Furthermore, it can be seen 
that DM3 judgments significantly influenced the decision of the group because of the 
larger differences between the evaluations of the instances for this DM in particular.

Although some DMs have equal judgments at all levels of the D-AHP hierarchy 
(in this case, DM1 , DM2 , DM6 , DM7 , DM10 , and DM11) , the aggregation process 
using the geometric mean method (recommended by Saaty [106]) considers each 
DM as a member of the group, totaling 11 individual judgments.

5.3.2  Case study 2

In this second case study, we intend to migrate a new application Ā composed of 
three jobs T = {T1, T2, T3} , whose resource consumption values are shown in 
Table 13.

According to Table  13, the application has a resource usage level rated Low 
Usage for CPU, memory, and storage (see Table 8). In this way, the workload profile 
of Ā is classified as Very Low (see Table 9).

By applying the rescaling values on DCA , DMA , and DSA , we obtain 
DC

�

A
= 0.1606273 × 96 , DM�

A
= 0.090343 × 624 , and DS�

A
= 0.0005655354 × 2250 . 

Thus, R�

A
= (15.42;56.37;1.27).

Considering that the applications of Steps 1 and 2 are analogous to Case Study 
1 (described in Subsection  5.3.1), that is, the providers {A,Z,G} ∈ P+ and set of 
non-dominated instances I∗ are the same, we can directly define the set of selectable 
instances I‡ on the basis of the R′

A
 values, as stated in Table 14.

As in Case Study 1, by using the data shown in Table 14, the instances are evalu-
ated considering DMs’ preferences (see Tables 19 and 20 in Appendix A). Again, 
equal weights were defined for all countries for all DMs.

In Table 22 in Appendix A, instances are valued in relation to the decision crite-
ria while already considering the values obtained in relation to their respective sub-
criteria. Regarding the sub-criteria of the Computational Resources criterion, once 

Table 13  Consumption of computational resources of the jobs that comprise Ā

Job JobID Number of tasks CPU Memory Storage

T1 5977491124 8 0.0026293 0.006508 0.0000181014
T2 6238987856 10 0.078815 0.0126 0.000045774
T3 6239450692 20 0.079183 0.071235 0.00050166
� 0.1606273 0.090343 0.0005655354



1 3

Selecting services in the cloud: a decision support methodology…

again, the instance x1.32xlarge is the one classified as the best since the amount of 
resources that it possesses is far superior to the majority of other instances. How-
ever, due to its higher price, this instance has the worst ranking in relation to the 
Price criterion.

As can be seen from the data in Table 15, most instances have similar classifica-
tions due to similar judgments, except for DM3 , whose judgments prioritize the low-
est price.

For DMs who define equal weights of importance for all criteria and sub-criteria 
( DM1 , DM2 , DM6 , DM7 , DM10 , and DM11 ), the final classification is characterized 
by the ratio of the values. This can be verified using the results obtained for the 
instances x1.16xlarge and x1.32xlarge. Because x1.32xlarge has exactly twice as 
many computational resources as x1.16xlarge, in order for x1.16xlarge to be a bet-
ter option, its price must be less than half the price of x1.32xlarge, which was not 
the case in two of the eight countries analyzed. In addition, just as x1.32xlarge has 
practically double the valuation of x1.16xlarge in relation to the Computational 
Resources criterion, it scores half for the Price criterion.

Regarding the final classification after AIP, Amazon’s instance x1.32xlarge 
obtained the highest global value among the set of selectable instances I‡ . When 
analyzing the values in Table  15 for each DM, we noted that it was ranked the 
best by 10 of a total of 11 DMs (i.e., not by DM3 , who ascribed a higher level of 

Table 14  Set of selectable instances with resources equal to or greater than the demand of the applica-
tion workload

Provider Instance vCPU (cores) Memory (GB) Storage (GB)

Azure D16 v3 16 64 400
E16 v3 16 128 400
D14 v2 16 112 800
D15 v2 20 140 1000
D32 v3 32 128 800
E32 v3 32 256 800
D64 v3 64 256 1600
E64 v3 64 432 1600

Google n1-standard-16 16 60 1125
n1-highmem-16 16 104 375
n1-highmem-32 32 208 375
n1-highcpu-64 64 57.6 375
n1-highcpu-96 96 86.4 375
n1-highmem-64 64 416 375
n1-standard-96 96 360 375
n1-highmem-96 96 624 2250

Amazon i3.16xlarge 64 488 15.2
x1.16xlarge 64 976 1920
x1.32xlarge 128 1952 3840
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importance to the Price criterion in his judgment. Because of this, instance D16 v3 
was ranked second best.

5.3.3  Case study 3

In this case study, we intend to analyze the influence of the datacenter location in the 
selection of VM instances. For this, the same information contained in the Tables 
used in Case Studies 1 and 2 are used, except for the values referring to the weights 
of the datacenter locations, which will be modified in order to identify possible clas-
sification changes for the instances when defining countries in which providers have 
datacenters.

To do this, of the eight countries analyzed, different importance levels were 
defined for three of them: the USA, Brazil, and Japan. The option for the USA is 
due to the fact that this country has the lowest prices among all the other countries 
analyzed; Brazil was admitted because it is the same country as the DM group and, 
consequently, had better latency [8, 21]; Japan was also chosen because of the time 
zone in relation to Brazil, and applications can always be performed outside peak 
hours, which usually occur during the day.

The importance levels of these three countries in relation to the rest and to one 
another, following the Saaty scale, are represented in Table 16.

Table 15  Final classification of instances for each DM

Instance Normalized score Ranking

DM1,2,6,7,10,11 DM3 DM4 DM5 DM8 DM9 AIP

D16 v3 0.074 0.120 0.074 0.073 0.073 0.073 0.067 2
E16 v3 0.059 0.091 0.060 0.059 0.059 0.058 0.059 5
D14 v2 0.052 0.074 0.054 0.049 0.049 0.049 0.054 6
D15 v2 0.048 0.060 0.050 0.044 0.043 0.043 0.051 10
D32 v3 0.049 0.062 0.048 0.047 0.046 0.047 0.0521 9
E32 v3 0.044 0.048 0.045 0.043 0.042 0.042 0.04873 11
D64 v3 0.048 0.035 0.047 0.043 0.043 0.045 0.0483 13
E64 v3 0.049 0.030 0.050 0.046 0.046 0.046 0.04870 12
n1-standard-16 0.071 0.105 0.074 0.066 0.065 0.065 0.064 3
n1-highmem-16 0.060 0.094 0.060 0.059 0.059 0.059 0.060 4
n1-highmem-32 0.040 0.050 0.039 0.041 0.041 0.042 0.0476 14
n1-highcpu-64 0.037 0.043 0.031 0.039 0.040 0.045 0.0456 16
n1-highcpu-96 0.036 0.032 0.025 0.040 0.041 0.049 0.044 18
n1-highmem-64 0.037 0.030 0.034 0.043 0.043 0.044 0.045 17
n1-standard-96 0.039 0.027 0.031 0.046 0.047 0.051 0.0458 15
n1-highmem-96 0.060 0.025 0.061 0.057 0.056 0.057 0.0526 7
i3.16xlarge 0.033 0.025 0.030 0.041 0.043 0.042 0.043 19
x1.16xlarge 0.059 0.023 0.066 0.059 0.059 0.052 0.0524 8
x1.32xlarge 0.107 0.026 0.122 0.107 0.107 0.093 0.070 1
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From the data shown in Table  23 in Appendix A, in a comparison with Case 
Study 1 (see Table 12), we verified that the valuation of instances n1-highmem-96 
and i3.16xlarge were the ones that underwent the most changes, while the others 
had less notable changes. However, no instance classifications changed for any of 
the DMs.

Table 17 shows the final classification of the instances after aggregation of the 
DMs’ judgments. For comparison purposes, two new columns were added to iden-
tify the changes in values and, consequently, in the ranking of the instances, when 
comparing such results with those obtained in Table 12.

By analyzing Table 17, we concluded that the instance n1-highmem-96 is still 
classified as the best, although with a greater difference of values over the others. 
However, it was noted that prioritization of some datacenter locations in relation to 
others resulted in some changes in the final classification of instances, such as the 
inversion of classification between instances i3.16xlarge and x1.32xlarge.

From the data shown in Table 24 in Appendix A, differences were also detected 
in relation to the results obtained in Table  15, mainly for instances with have an 
intermediate amount of computational resources, over which the DMs’ judgments 
that did not define equal weights for all elements of the hierarchy in all steps of 
the pairwise comparisons (i.e., DM3 , DM4 , DM5 , DM8 , and DM9 ) had a greater 
influence.

Table  18 presents the final classification of the instances after aggregation of 
the DMs’ judgments, together with additional columns, to compare the results with 

Table 16  Results of pairwise comparison between sub-criteria of the Price criterion for all DMs

Subcritérios CR=0.04

USA Canada Brazil UK Japan Australia Germany India Weight

USA 1 5 1/5 5 3 5 5 5 0.201
Canada 1/5 1 1/9 1 1/3 1 1 1 0.042
Brazil 5 9 1 9 7 9 9 9 0.481
UK 1/5 1 1/9 1 1/3 1 1 1 0.042
Japan 1/3 3 1/7 3 1 3 3 3 0.106
Australia 1/5 1 1/9 1 1/3 1 1 1 0.042
Germany 1/5 1 1/9 1 1/3 1 1 1 0.042
India 1/5 1 1/9 1 1/3 1 1 1 0.042

Table 17  Final classification of instances after AIP

Instance Score Normalized score Ranking Ranking of case 
study 1

Difference

n1-highmem-96 0.575 0.262 1 1 –
i3.16xlarge 0.546 0.248 3 2 −1

x1.16xlarge 0.526 0.239 4 4 –
x1.32xlarge 0.552 0.251 2 3 +1
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those obtained in Table 15 (see Case Study 2). Based on the values of both tables, 
we can conclude that, for most instances, despite the final valuation not being the 
same in both simulations, the classification is maintained.

However, we noticed that, once again, prioritization of some datacenter loca-
tions in relation to others caused changes in the final classification of the instances, 
which can be characterized by a simple inversion of the classification between two 
instances (as for D15 v2 and D32 v3) or by a more pronounced change (such as E32 
v3), which was classified three positions below its classification in Case Study 2.

6  Conclusions

The dynamic pace with which Cloud Computing has been evolving in recent years, 
providing reliable, affordable, and low-cost computational resources, is driving 
adoption of the IaaS model. However, there are still many uncertainties surround-
ing this new paradigm of distributed computing, making a migration process a 
very complex task. In a market characterized by the presence of multiple providers 
and the variety of VM instances that each one offers, decisions about the best pro-
vider/instance set make decision-making difficult. In order to help with this prob-
lem, we are proposing the D-AHP, a methodology for selecting VM instances in 

Table 18  Final classification of instances after AIP

Instance Score Normalized score Ranking Ranking of case 
study 2

Difference

D16 v3 0.294 0.067 2 2 –
E16 v3 0.254 0.058 5 5 –
D14 v2 0.245 0.056 6 6 –
D15 v2 0.2281 0.051991 9 10 +1

D32 v3 0.228 0.05193 10 9 −1

E32 v3 0.2095 0.0477 14 11 −3

D64 v3 0.212 0.0483 11 13 +2

E64 v3 0.211 0.0481 12 12 –
n1-standard-16 0.285 0.065 3 3 –
n1-highmem-16 0.265 0.060 4 4 –
n1-highmem-32 0.2099 0.0478 13 14 +1

n1-highcpu-64 0.2014 0.0459 15 16 +1

n1-highcpu-96 0.194 0.044 18 18 –
n1-highmem-64 0.199 0.045 17 17 –
n1-standard-96 0.201 0.0458 16 15 −1

n1-highmem-96 0.231 0.053 7 7 –
i3.16xlarge 0.187 0.043 19 19 –
x1.16xlarge 0.2282 0.051992 8 8 –
x1.32xlarge 0.305 0.070 1 1 –
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the Cloud, based on Pareto Dominance and the AHP multicriteria optimization 
method. For this, the D-AHP uses the amount of computational resources and the 
price of instances in different datacenter locations as decision criteria and sub-
criteria. A set of new application workload profiles based on the Google Clus-
ter Trace dataset were defined for the case studies presented here, to validate the 
D-AHP, and these were admitted as migrating to the Cloud. By using the D-AHP, 
we observed that execution of the Pareto Dominance between instances and filter 
steps significantly reduces the dimensionality of the problem, as they eliminate 
instances with less computational resources and have a higher cost if hosted in 
datacenters from different geographic locations, making the number of pairwise 
comparisons reduce considerably. The D-AHP method has proved to be efficient 
because it significantly reduced the number of alternatives to be compared in its 
last phase, considering that the AHP method is not as efficient when many alter-
natives are available in the hierarchy, and because with this type of problem it is 
essential to have the possibility of prioritizing one objective in relation to another 
in order to meet user needs better. This fact can be verified through different clas-
sifications within a set of selectable instances, which are the result of the individ-
ual preferences of a set of DMs responsible for the decision process.

In future research, we will endeavor to solve the problem of manual collection 
of instance details by integrating the D-AHP with existing databases, from which 
it is possible to obtain information about the prices and computational resource 
amounts of VM instances belonging to a wide range of providers and, as a result, 
make the D-AHP an automated tool. In addition, when applying the D-AHP in 
this study, it was found that, for applications with lower computational demands, 
the number of selectable instances increases, which can make it difficult to apply 
the last step of the D-AHP. In order to deal with such situations, we intend, in 
future research, to seek new alternatives to reduce the dimensionality of the prob-
lem, e.g., by adding new criteria to the hierarchy of the D-AHP so that they can 
be considered in the migration processes of applications with specific demands, 
such as web applications and integration solutions.

Appendix A: additional tables referring to the case studies

See Tables 19, 20, 21, 22, 23, and 24.
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Table 19  Results of pairwise comparison between the criteria for each DM

DM1,2,4,5,6,7,8,9,10,11 CI = 0 DM3 CI = 0
Resources Price Weight Resources Price Weight

Resources 1 1 0.50 Resources 1 1/9 0.10
Price 1 1 0.50 Price 9 1 0.90

Table 20  Results of the pairwise comparison between sub-criteria of the Computational Resources crite-
rion for each DM

DM1,2,6,7,10,11 CR=0 DM3 CR=0.07
CPU Mem. Sto. Weight CPU Mem. Sto. Weight

CPU 1 1 1 0.333 CPU 1 1 7 0.515
Mem. 1 1 1 0.333 Mem. 1 1 3 0.388
Sto. 1 1 1 0.333 Sto. 1/7 1/3 1 0.097

DM4 CR=0 DM5 CR=0.00
CPU Mem. Sto. Weight CPU Mem. Sto. Weight

CPU 1 1/7 1/7 0.066 CPU 1 1 5 0.455
Mem. 7 1 1 0.466 Mem. 1 1 5 0.455
Sto. 7 1 1 0.466 Sto. 1/5 1/5 1 0.091

DM8 CR=0 DM9 CR=0.07
CPU Mem. Sto. Weight CPU Mem. Sto. Weight

CPU 1 1 9 0.474 CPU 1 3 9 0.655
Mem. 1 1 9 0.474 Mem. 1/3 1 7 0.290
Sto. 1/9 1/9 1 0.053 Sto. 1/9 1/7 1 0.055

Table 21  Valuation of instances in relation to the decision criteria

Instance DM1,2,6,7,10,11 DM3 DM4

Resources Price Resources Price Resources Price

n1-highmem-96 0.236 0.287 0.227 0.287 0.221 0.287
i3.16xlarge 0.101 0.356 0.141 0.356 0.069 0.356
x1.16xlarge 0.221 0.238 0.211 0.238 0.237 0.238
x1.32xlarge 0.442 0.119 0.421 0.119 0.473 0.119

Instance DM5 DM8 DM9

Resources Price Resources Price Resources Price

n1-highmem-96 0.220 0.287 0.217 0.287 0.239 0.287
i3.16xlarge 0.138 0.356 0.143 0.356 0.154 0.356
x1.16xlarge 0.214 0.238 0.213 0.238 0.202 0.238
x1.32xlarge 0.428 0.119 0.426 0.119 0.405 0.119
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Table 22  Valuation of instances in relation to the decision criteria

Instance DM1,2,6,7,10,11 DM3 DM4

Resources Price Resources Price Resources Price

D16 v3 0.016 0.132 0.014 0.132 0.015 0.132
E16 v3 0.019 0.099 0.018 0.099 0.020 0.099
D14 v2 0.025 0.080 0.019 0.080 0.029 0.080
D15 v2 0.031 0.064 0.023 0.064 0.036 0.064
D32 v3 0.031 0.066 0.028 0.066 0.031 0.066
E32 v3 0.037 0.050 0.035 0.050 0.039 0.050
D64 v3 0.062 0.033 0.056 0.033 0.061 0.033
E64 v3 0.071 0.026 0.066 0.026 0.073 0.026
n1-standard-16 0.028 0.115 0.017 0.115 0.033 0.115
n1-highmem-16 0.017 0.102 0.016 0.102 0.017 0.102
n1-highmem-32 0.027 0.052 0.030 0.052 0.026 0.052
n1-highcpu-64 0.031 0.044 0.038 0.044 0.018 0.044
n1-highcpu-96 0.043 0.029 0.056 0.029 0.022 0.029
n1-highmem-64 0.048 0.026 0.059 0.026 0.042 0.026
n1-standard-96 0.056 0.022 0.072 0.022 0.040 0.022
n1-highmem-96 0.102 0.017 0.097 0.017 0.105 0.017
i3.16xlarge 0.045 0.021 0.061 0.021 0.038 0.021
x1.16xlarge 0.103 0.014 0.098 0.014 0.118 0.014
x1.32xlarge 0.206 0.007 0.197 0.007 0.237 0.007

Instance DM5 DM8 DM9

Resources Price Resources Price Resources Price

D16 v3 0.013 0.132 0.013 0.132 0.014 0.132
E16 v3 0.018 0.099 0.018 0.099 0.017 0.099
D14 v2 0.019 0.080 0.018 0.080 0.018 0.080
D15 v2 0.023 0.064 0.022 0.064 0.022 0.064
D32 v3 0.027 0.066 0.026 0.066 0.029 0.066
E32 v3 0.035 0.050 0.035 0.050 0.034 0.050
D64 v3 0.054 0.033 0.053 0.033 0.058 0.033
E64 v3 0.066 0.026 0.065 0.026 0.065 0.026
n1-standard-16 0.018 0.115 0.015 0.115 0.016 0.115
n1-highmem-16 0.016 0.102 0.016 0.102 0.016 0.102
n1-highmem-32 0.030 0.052 0.031 0.052 0.031 0.052
n1-highcpu-64 0.035 0.044 0.035 0.044 0.046 0.044
n1-highcpu-96 0.051 0.029 0.053 0.029 0.068 0.029
n1-highmem-64 0.059 0.026 0.060 0.026 0.061 0.026
n1-standard-96 0.070 0.022 0.072 0.022 0.079 0.022
n1-highmem-96 0.096 0.017 0.095 0.017 0.096 0.017
i3.16xlarge 0.062 0.021 0.064 0.021 0.063 0.021
x1.16xlarge 0.103 0.014 0.103 0.014 0.089 0.014
x1.32xlarge 0.207 0.007 0.207 0.007 0.178 0.007
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Table 23  Final classification of 
instances for each DM

Instance Normalized score

DM1,2,6,7,10,11 DM3 DM4 DM5 DM8 DM9

n1-highmem-96 0.269 0.295 0.262 0.261 0.260 0.271
i3.16xlarge 0.222 0.322 0.206 0.240 0.243 0.248
x1.16xlarge 0.229 0.234 0.236 0.226 0.225 0.220
x1.32xlarge 0.280 0.149 0.296 0.273 0.272 0.261

Table 24  Final classification of instances for each DM

Instance Normalized score

DM1,2,6,7,10,11 DM3 DM4 DM5 DM8 DM9

D16 v3 0.073 0.119 0.073 0.072 0.072 0.073
E16 v3 0.056 0.086 0.057 0.056 0.056 0.055
D14 v2 0.055 0.078 0.056 0.051 0.051 0.051
D15 v2 0.049 0.063 0.052 0.045 0.045 0.045
D32 v3 0.048 0.062 0.048 0.046 0.046 0.047
E32 v3 0.042 0.046 0.043 0.041 0.041 0.041
D64 v3 0.047 0.035 0.047 0.043 0.043 0.045
E64 v3 0.048 0.029 0.049 0.045 0.045 0.045
n1-standard-16 0.072 0.107 0.075 0.067 0.066 0.066
n1-highmem-16 0.061 0.095 0.061 0.060 0.060 0.060
n1-highmem-32 0.040 0.051 0.039 0.042 0.042 0.042
n1-highcpu-64 0.038 0.044 0.031 0.040 0.040 0.045
n1-highcpu-96 0.036 0.032 0.026 0.041 0.041 0.049
n1-highmem-64 0.038 0.030 0.034 0.043 0.044 0.044
n1-standard-96 0.039 0.027 0.031 0.046 0.047 0.051
n1-highmem-96 0.060 0.025 0.061 0.057 0.056 0.057
i3.16xlarge 0.033 0.024 0.029 0.0407 0.042 0.041
x1.16xlarge 0.058 0.022 0.066 0.058 0.058 0.051
x1.32xlarge 0.106 0.026 0.122 0.107 0.107 0.092
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